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Summary 

 

Modern maintenance methods are dependent upon understanding and monitoring component 

degradation; however, many industrial situations exist where monitoring is impossible, and component 

degradation mechanisms are not well understood. This research explored the hypothesis that data to 

support maintenance operations may be extracted within industrial situations where pre-existing data 

on component degradation is scarce and understanding of the physics of the degradation process is low. 

In order to investigate this hypothesis, a case-study in the biopharmaceutical industry was followed 

which attempted to discover the significant variables leading to component degradation. In such 

industrial scenarios, data fusion techniques, where multiple data sources are pooled together, are 

necessary to adequately model complex manufacturing systems. In addition, the interaction between 

humans and the system is an important consideration that should be taken into account. In order to 

develop models that will predict component lifetime, a beneficial modelling framework is: 1) data 

inspection, 2) selection of appropriate historical data, and 3) data pre-processing. However a knowledge 

gap remains to guide the elicitation of the appropriate data required for such models in many real world 

industrial scenarios. To help bridge this gap a methodology is proposed here to aid in significant data 

identification and measurement in complex industrial environments where data is both scarce and siloed. 

The case study followed in this work was that of valve diaphragms used in the biopharmaceutical 

industry, manufactured from the polymer Ethylene Propylene Diene Monomer (EPDM). The central 

question in this work was therefore, what data, both machine and human related, are useful to predict 

the lifetime of EPDM diaphragms? In order to answer this question, data from the process level, the 

system level, the equipment level, and the component level were required. These disparate data sources, 

including data from both diaphragm supplier and end-user, each contain valuable information which 

needs to be extracted. The significance of that data can then be determined, and if significant, this 

information can be then used within appropriate models. 

The first step in this work was the modelling of the degradation of the component as a stepwise 

process, known as a Markov chain. The stepwise nature of the Markov-chain approach allowed the use 

of bespoke statistical techniques to determine the significant degradation data, a significant step given 

the scarcity of data. To enable the multi-state approach, a qualitative assessment method was created 

which categorised the components into different health states for the first time. 

Once the initial list of significant data had been filtered using the developed method, four key 

chemical interactions were investigated further using multiple material characterisation techniques. This 

acted as an additional aid to the selection of the set of significant process variables contributing to 

component degradation. It was necessary to perform these analyses as the statistical techniques employed 

could not identify, with a sufficient level of confidence, which data should be taken into account when 

developing models of component lifetime. The material characterisation afforded, for the first time, an 

understanding of the chemical and physical mechanisms responsible for EPDM degradation that occur 

during exposure to the chemicals commonly used in biopharmaceutical production. An understanding of 

the physics of failure of the components also acts as a first step in potentially developing condition based 

monitoring solutions for this application. 

To fully encapsulate all possible root causes of component degradation, it was critical to assess if 

human interaction during maintenance activities played a role in the sudden failure of the components 

in-situ. To accomplish this, a methodology was developed enabling the integration of human factors as 

quantitative data within component degradation models, utilising human knowledge of the maintenance 

process. The case study investigation suggested that incorrect installation has a significant impact on 

component lifetime, and that correct procedures were not always being following in the valve installation 

process. Modelling the factors which influence technician performance in this way allows individual 
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components to have their own local hazard rates, a first for human-system interaction effects due to 

maintenance intervention. 

In conclusion, the central hypothesis of this work was substantiated, as useable quantitative data 

was extracted from scarce and siloed data sources via a multi-disciplinary approach which unified several 

sources of information. The gathered data would enable the development of predictive lifetime models. 

It is important to note that the approach of this work is not intended to provide an exact data elicitation 

solution for all industrial scenarios, as this will change depending on a multitude of factors related to 

the case study in question, such as data availability, required resources, time constraints etc. Rather, 

this work should be interpreted as a template to guide the identification and quantification of appropriate 

data for inclusion in reliability models which can be adapted as required for different systems. 
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Chapter 1 

Introduction 

1.1 The role of maintenance in system reliability 

Maintenance is the major engineering service required within organisations where there exists the 

need to maximise component or system availability based on continued expected component or system 

performance [1,2]. The entire maintenance effort involves a combination of technical, administrative and 

managerial actions during the life cycle of a component or system with the aim of either retaining it in, 

or restoring it to, a state in which the required industrial function can be executed [3]. Maintenance can 

thus be described as any activity carried out on an asset in order to ensure that the asset continues to 

perform its intended functions by restoring it to a favourable operational condition [4]. Manufacturers 

continuously aim to increase the useable life of components, reduce maintenance costs and subsequently 

help maximise net profit. Through-life engineering services (TES) are the myriad of technical services 

and decision making processes that are necessary to guarantee this required and predictable performance 

of complex engineering systems throughout their operational life [5]. TES are therefore essential to the 

support of complex manufactured products. Within TES, maintenance decision making ability is the 

combination of managerial, supervisory, technical and corresponding administrative activities facilitated 

by the ability to predict the Remaining Useful Life (RUL) of components or systems [1]. 

 

 

 
Figure 1.1: Data, Information, Knowledge, Wisdom. Adapted from [6] 

 

The ultimate aim of TES in industry is to achieve a state of ‘wisdom’, where there exists an equal 

or greater actionable benefit returned for the reliability activity undertaken to achieve production 

sustainability. The process of converting data to actionable wisdom is shown in figure 1.1. When data is 

collected, the data together with the industrial context creates relations, turning it into information. 

When this information is combined with an understanding of the underlying principles, it becomes 

knowledge. Patterns are formed at this level, and when these patterns are further enriched, they become 

actionable wisdom [6].  
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The mission of the maintenance department in a world-class organisation is to achieve and sustain 

optimum equipment life and system operating conditions, to react quickly, and to maximise maintenance 

resource utilisation while minimising spares inventory [4]. Different sub-divisions within TES tie into 

these mission in numerous ways, as depicted in figure 1.2. 

 

 
Figure 1.2: Relationship between TES and maintenance department mission goals. Adapted from [4,5] 

 

Reliability is critical in the assessment of industrial products and systems. While good product design 

is essential to enable high reliability, all products inevitably deteriorate over time whilst operating under 

environmental stresses and loads, which can often be random. To combat this deterioration, different 

types of maintenance approaches have been introduced and refined over generations in order to efficiently 

achieve reliability during the useful life of a physical asset [7]. Given its criticality to mission success, 

between 15-40% of production costs and up to 30% of the total manpower of an organisation can be 

attributed to maintenance, the largest part of any operational budget next to energy [4,8,9]. Without 

well maintained equipment, a plant will be at a disadvantage in a market that requires low cost products 

of high quality to be delivered quickly [10–12]. These maintenance costs can be divided into direct costs, 

indirect costs, and non-realised revenue. Direct costs consist of labour costs, spare parts, and other costs 

directly linked to maintenance activities. Indirect costs include the cost of lost production due to 

equipment failure and the cost of insufficient product quality. Non-realised revenue refers to the income 

loss due to reduced sales volumes, missed delivery dates etc., attributed to poor production system 

maintenance [13]. As maintenance plays such a critical role in the availability of industrial equipment, 

optimising maintenance strategies and equipment intervention schedules has a significant impact on the 

ability of a system or asset to contribute to revenue generation. The role of maintenance within industry 

therefore can be described as preventing all losses that are caused by component or system related 

problems, rather than simply repairing breakdowns as quickly as possible. 

The relationship between maintenance and the availability of industrial equipment is demonstrated 

in figure 1.3. The quantity of units produced, the total potential profits from those units, and the impact 

that an efficient and effective maintenance strategy can have on those is shown. Assuming product 

quality and unit selling cost as constants, it is shown how the total cost of manufacturing a single unit 
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decreases with the number of units produced / sold. It can be seen how increasing system capacity via 

more efficient and effective maintenance strategies by increasing system availability can then increase 

potential profit margins.  

 

 
Figure 1.3: Quantity of units manufactured and total unit profits. Adapted from [14] 

 

To achieve optimum system availability, three types of maintenance programs are typically adopted 

in industrial applications; corrective maintenance, preventive maintenance, and condition based 

maintenance [15]. The advantage of preventive maintenance over corrective maintenance is that 

preventive maintenance reduces maintenance costs by minimising unscheduled downtime, however 

preventive maintenance is conducted without considering the condition of the equipment or component 

[16]. Therefore, equipment useful life is not fully exploited and the possibility of human errors occurring 

during maintenance interventions is increased due to increased human system interactions. Condition 

based maintenance differs from preventive maintenance in that maintenance decisions are made based 

on observations of the system degradation condition rather than a priori planning of the intervention 

times [16]. This requires that the equipment is monitored and that there is the possibility of determining 

the component degradation state. 

Along with TES, Prognostics and Health Management (PHM) is an approach to system life-cycle 

support that seeks to reduce/eliminate inspections and time-based maintenance through accurate 

monitoring, incipient fault detection, and prediction of impending faults [17]. Both PHM and TES 

represent paradigm shifts from legacy condition based maintenance frameworks by expanding the 

potentials to accurately and robustly detect and diagnose incipient system faults. The goal of PHM and 

TES within reliability analysis is to accurately predict the RUL of systems and components to allow for 

efficient maintenance scheduling either autonomously or by human decision makers. To do so, different 

information and data sets relating to the past, present and future behaviour of the equipment in question 

are required. Traditionally, accurate reliability models required the availability of sufficient and relevant 

equipment failure data. Typical industrial case studies however often involve failure events where little 

failure data is available and where the component degradation process is not well characterised or 

understood. The problem for maintenance decision makers in establishing maintenance plans in these 
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circumstances is exacerbated for components which cannot be assessed by condition based maintenance 

methods, meaning the actual degradation state of the system at any time 𝑡 is not known [18].  

One sector where the role of maintenance plays a crucial role is the biopharmaceutical industry. This 

is due to the high value creation of biological medicinal products, which equates to significant financial 

losses as a result of unexpected equipment failures. Classically, the term pharmaceutical concerns 

medicinal products, technologies, related R&D, and companies, with two major subsets: 

biopharmaceutical and active pharmaceutical ingredient. The basic distinction is that 

biopharmaceuticals pertain to biological products containing active agents intrinsically biological in 

nature and manufactured using biotechnology and biological sources and processes, whereas active 

pharmaceutical ingredient production involves chemical, non-biological, manufacturing sources and 

processes [19].  

1.2 Maintenance in the biopharmaceutical industry 

Biopharmaceutical products are clinical reagents, vaccines, and drugs produced using modern 

biotechnology methods for in vivo diagnostic, preventive, and therapeutic uses. Essentially, biologics are 

medicines in which the clinically active ingredient is made in or isolated from a living system [20,21]. 

Ireland is the largest net exporter of pharmaceuticals in the world. Ireland is also the number one 

European location for international pharmaceutical investment, with over one hundred and twenty 

pharmaceutical companies operating within Ireland, thirty-three of which are approved by the U.S. 

Federal Drug Administration (FDA). Nine of the top ten global pharmaceutical and biopharmaceutical 

companies have integrated manufacturing operations in Ireland, and six out of ten of the world’s top 

selling drugs are produced in Ireland. In 2014, exports of pharmaceutical and medicinal products 

exceeded €58bn, accounting for over 50% of total Irish exports [22]. Within biopharmaceutical production 

operations, seal maintenance is the most cost intensive part of all maintenance activities next to 

calibrations. Unexpected failure of just one seal, static or dynamic, can result in a serious good 

manufacturing practice (GMP) issue and high financial losses due to production batch loss. 

Corrective maintenance typically cannot be applied to safety critical equipment often found in 

biopharmaceutical operations, with preventive maintenance schemes the most commonly used. Condition 

based maintenance is feasible only when the components are fully accessible to inspections or when 

sensors or other suitable monitoring devices are available for the particular application. The maintenance 

intervention is then performed when some indicators of the degradation state of the component overtake 

a fixed threshold or exit from a predetermined range [23]. With respect to preventive maintenance, 

condition based maintenance allows the exploitation of a longer duration of the equipment useful life, 

increasing availability and reducing the risk of failures. Despite these additional benefits, in several 

industrial applications either the technology or the ability to continuously or periodically monitor 

component degradation is not available. For example, condition based maintenance is rarely used for 

static mission critical equipment in the biopharmaceutical industry due to regulatory concerns around 

embedded sensors within product streams. In these cases the equipment degradation process remains 

unobserved during its working life and inspections are possible only when corrective or preventive 

maintenance interventions are applied. For these reasons convenient periodic maintenance frequencies 

must be decided. 

Given the lack of available and/or suitable sensor hardware for particular industrial applications 

within CBM, soft/virtual sensors have become an active area of research as proxy measurement systems 

which have a functional relationship with target process variables that can be measured online [24]. A 

virtual sensor or soft sensor is an algorithm that estimates the value of a variable based on related 

measurements and a model of the process where the variable participates [25]. Soft sensors are essentially 

inferential estimators which draw conclusions from process observations regarding the non-linear 
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behaviour exhibited by many industrial processes [26]. The range of tasks fulfilled by soft sensors is 

broad, however the original and still most dominant application area of soft sensors is the prediction of 

critical processes which can be determined either at low sampling rates or through off-line analysis only 

[27]. 

Despite their industrial applicability there exists an underutilisation of soft sensor approaches for 

the characterisation and prediction of component and system lifetimes. There is scope for the novel 

exploitation and fusion of multiple sources of data to develop and adapt virtual sensors using hybrid 

modelling frameworks. However, in order to develop such models, appropriate and requisite data 

pertaining to component or system degradation must first be elucidated, before it can be transformed 

into actionable wisdom. However, despite the importance of identifying the critical variables and 

parameters required for model developemnt, research in this area is scant and has been overlooked in 

the published literature [28]. As such, this work explores how such information can be elucidated in 

order to enable modern, novel, ‘Industry 4.0’ type modelling solutions. This work is based on an industrial 

case study and encompases the typical difficulties encountered in such real world scenarios. 

1.3 Research aims and objectives 

Following from this, the goal of this research is the elicitation of the significant variables leading to 

component degradation, which would enable the development of degradation models for components 

which cannot be assessed by traditional CBM methods, where little failure data is available and where 

the component degradation process is not well characterised or understood. The hypothesis of this 

research is that pertinent data which could be transformed into actionable wisdom may be extracted 

within industrial situations where available data is scarce, and context independence and subject matter 

understanding is low. In these scenarios, data from the process level, the system level, the equipment 

level, and the component level become valuable sources of information. In spite of the fact that these 

situations are quite common in industrial practice, for example with innovative and/or very highly 

reliable components, recently introduced technologies, bespoke manufacturing environments etc., a 

knowledge gap exists to guide the elicitation of the significant variables responsible for component 

degradation under these conditions. To help bridge this gap a holistic methodology is proposed which 

addresses several issues: 

 

1. Component degradation is effected by the operational environment, but appears to have no affect 

on the environment itself. Therefore there is a lack of known monitorable phenomenon with which 

to make direct inferences on the health state of the components. This necessitates, in the first 

instance, a soft sensor prognostics approach. To develop soft sensor driven degradation models 

however, it is necessary to include therein the environmental process conditions experienced by the 

components which have an impact on their degradation. It is also necessary to effectively correlate 

the effect of those conditions to the progression of the component degradation. However, these 

significant conditions and their effects are not known. 

2. The physics of the degradation processes of the components, initiated by certain process variables, 

are not well characterised or understood. This lack of knowledge adds to the uncertainty pertaining 

to the significant process variables which contribute to component degradation, and makes physics 

based model development impossible. A data-driven prognostics approach would therefore be 

required. To elucidate potential monitorable phenomenon for CBM solutions, characterisation of the 

component degradation mechanisms from a first-principles perspective is necessary. 

3. It is suspected that installation issues are also a contributory factor in the early failure of the 

components. However this has never been empirically investigated or confirmed. If significant, to 
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develop accurate component level data-driven degradation models it is necessary to capture this 

information in order to reduce prognostic lifetime variability. 

 

The research objectives of this work are therefore: 

 

1. Identification of significant process variables contributing to component degradation utilising 

disparate data sources.  

2. Characterisation of the industrial components via material analysis techniques in order to understand 

the physics of the degradation process, i.e. the mechanisms by which degradation occurs and the 

chemical and physical changes that occur in the material.  

3. Definition of a methodological framework to integrate human and organisational factors (HOFs) as 

quantitative metrics within parametric degradation models. 

 

This methodology is demonstrated using a case study of an elastomer component, an ethylene 

propylene diene monomer (EPDM), used as the sealing diaphragm element in flow control valves in the 

biopharmaceutical sector. EDPM diaphragms are a product contact material, and maintain the integrity 

of the hermetically sealed production environment, defining the sterile boundary of the process 

preventing environmental contamination. Critically, elastomers can be described as the weakest link in 

the integrity chain, as failures are exceedingly rare at all other potential points of failure in the system, 

for e.g. welded pipe joints [29]. As such there is a significant production risk associated with the failure 

of the diaphragms in situ. This risk is mitigated via frequent elastomer change outs (ECOs) implemented 

as part of a planned maintenance strategy. To date, there exists little EPDM diaphragm reliability data 

available from OEMs, forcing industrial end-users to make best guess lifetime estimates based on data 

made available through direct industrial usage of the components over time. The frequency of the ECOs, 

the time-based planned valve maintenance strategy involving replacing the elastomer diaphragm, are 

therefore based on scarce industrial data and rough OEM recommendations, resulting in reduced system 

availability. This has significant financial implications due to lost production revenue, spare-parts costs, 

and labour costs. Traditionally in the biopharmaceutical industry, it has proven impossible to a-priori 

accurately predict the usable life of a diaphragm. A-posteriori lifetime assessments can only be made 

when a diaphragm has been fully utilised in the user’s full-size commercial system, an expensive and 

risky process. This has also meant that suppliers are often distanced from the end user’s real-world 

application and reliability experiences. Meanwhile, replacement parts are often supplied through 

distributors, further distancing suppliers from end-user’s performance issues [30]. 

1.4 Thesis layout 

The developed approach in this work utilises a combination of quantitative and qualitative 

information in the form of industrial process data, material characterisation data, human knowledge, 

and human factors analysis, the combination of which is unique in the literature. Ease of industrial 

applicability is important in this context due to the low interest in structured maintenance improvement 

work cited in manufacturing industries, as these industries find many available maintenance tools too 

complicated to use [13]. 

For clarity, this scope of this work did not factor in flaws that may be inherent in the manufacturing 

process of the EPDM diaphragm components, as this work provides a framework for component end-

users only. End-users are presumed to have little or no impact over the component production process, 

and so including these factors was not deemed pertinent. Likewise, residual stresses and crack 

propagation mechanisms were out of scope, as the goal was to develop an approach on how to elicit data 

in such a way that it can be utilised in maintenance prognostic models, and neither of these data sources 
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are measureable in real time. Finally, this work is not intended to provide an optimal or definitive 

mathematical treatise for the determination of the statistical significance of the derived variables or their 

parameters, machine or human related. Nor is it intended to provide a comprehensive mathematical 

treatment of component lifetime prognostics. The literature on covariate significance determination and 

RUL prediction is vast, and the method of choice for both depends on a number of factors related to the 

context of the case study being investigated, in particular data type, format, and abundance. This work 

aims to overcome the stated challenges by adopting the methodology outlined in figure 1.4.  

 

 
Figure 1.4: Thesis chapter layout and methodology
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Chapter 2 

Literature review 

Given the multidisciplinary nature of this work, the following chapter contains several distinct areas 

of knowledge, each of which is critical in the solution of the overall problem. Both the fundamentals and 

the current state of the art in each of these areas is reviewed. Where appropriate, overlap between the 

disciplines is called out. The connections of each of the disciplines and the layout of the rest of this 

chapter will follow that described in figure 2.1.  

 

 
Figure 2.1: Literature review overview 

 

Firstly, a general overview of maintenance is given, followed by a review of the state of the art in 

maintenance methodologies, known as prognostics and health management (PHM). The knowledge from 

PHM then feeds into a section on elastomer reliability, which focuses in part on EPDM and its 

degradation mechanisms. The PHM section also contains an overview of fault prognosis, which feeds 

directly into the statistical techniques used in reliability model development. The knowledge of both the 

PHM and statistical technique sections feeds into the review of soft sensor technology. This in turn feeds 

into the knowledge of integrating human factors metrics in PHM systems, which is supplemented by a 

review of the state of the art in the human factors discipline. 

2.1 Traditional maintenance policies 

Maintenance is an essential element in ensuring the performance and profitability of world class 

manufacturing organisations. Accordingly maintenance costs represent between 10 to 40 percent of total 

production costs and up to 30 percent of the total manpower of an organisation [8,9]. Next to energy, 

these maintenance costs can be the largest part of any operational budget [9]. As an example of this, 

estimates suggest that U.S. industry, per annum, spends more than $200 billion on maintenance of plant 

equipment and facilities, with the result of ineffective maintenance management contributing to losses 

of more than $60 billion [4]. Maintenance costs can be divided into direct costs, indirect costs, and non-

realised revenue. Direct costs consist of labour costs, spare parts, and other costs directly linked to 

maintenance activities. Indirect costs include the cost of lost production due to equipment failure and 
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the cost of insufficient product quality. Non-realised revenue refers to the income loss due to reduced 

sales volumes, missed delivery dates etc., attributed to low equipment availability due to poor production 

system maintenance [13]. As maintenance plays such a critical role in the availability of industrial 

equipment, one of the most important questions faced by maintenance management is whether the 

maintenance output contributes effectively to company profits [9]. The importance of optimising 

maintenance strategies and equipment intervention schedules, in order to have a significant impact on 

the ability of a system or asset to contribute to revenue generation, is illustrated in figure 2.2.  

 

 

 
Figure 2.2: Maintenance strategy optimisation effects on industrial revenue. Adapted from [4,31] 

 

Figure 2.2 outlines the cost-benefit balance that must be achieved in order to have an effective 

maintenance strategy within an organisation. The main balance to be achieved is that between corrective 

maintenance and preventive maintenance costs, the two most prevalently applied maintenance schemes. 

Corrective maintenance is carried out on an unscheduled basis when components fail or if faults are 

detected during routine inspection [32]. It is an expensive strategy due to the high risk of prolonged 

machine downtime, potentially exacerbated by unavailable spare parts or conditions that inhibit 

maintenance activities, all contributing to potential revenue loss. By contrast preventive maintenance 

aims to repair or replace components before they fail, most commonly by scheduled maintenance 

activities at regular time intervals regardless of component condition. Time based maintenance minimises 

downtime when the maintenance intervention times are appropriately set. If not appropriately set 

however, then unnecessarily frequent maintenance tasks increase the maintenance cost, because 

component lifespan is not entirely utilised [33]. In this scenario, costs associated with lost production 

rise again contributing to losses in revenue.  

While the implementation of an efficient maintenance strategy within a manufacturing organisation 

can help improve the productivity, competiveness and profitability of an organisation, a considerable 

number of manufacturing organisations still fail to develop, maintain or improve their current 

maintenance strategy to improve their overall performance. For example, Alsyouf [34] produced an 

empirical study on the maintenance strategies of over 300 Swedish manufacturing organisations and 
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reported that more than half of the organisations did not have any written maintenance strategy. Similar 

results were reported previously by Jonsson [35]. Cholasuke and Bhardwa [10] carried out a pilot survey 

on the maintenance management strategies of 18 UK manufacturing organisations and reported that 

40% still do not realise the importance of effective maintenance management. A report of the 

maintenance strategies implemented by 300 multinational companies in various manufacturing sectors 

found that although 87% of organisations report that maintenance is very or extremely important to 

their organisations overall financial performance, only 7% of companies were satisfied with their 

maintenance performance [36]. Mobley [4] suggests that the dominant reason for this ineffective 

maintenance management is the lack of factual data to quantify the need for repair or maintenance of 

plant equipment and systems. 

An example of a maintenance management performance improvement strategy is the implementation 

of condition monitoring. Until recently, the concept of CBM has been primarily fault diagnosis, involving 

fault detection, identification, and isolation [37]. The basic philosophy behind CBM is to compare data 

from a monitored source with baseline data with the purpose of observing significant operating differences 

indicating the presence of a developing failure. The inherent disadvantage of this approach is its typically 

limited coverage to preselected known failure modes only [37]. In recent years, the relative affordability 

of online monitoring technology has led to a growing interest in CBM, and its successor predictive 

maintenance. Predictive maintenance is founded on the possibility of monitoring a system to obtain 

information on its conditions, and then using that information to both identify problems at an early 

stage and predict their evolution in the future. On this basis, a decision is taken on the next maintenance 

action. This allows a dynamic approach to maintenance based on failure anticipation, aimed at 

optimising the equipment lifetime usage, also known as remaining useful life (RUL) [32]. A synopsis of 

the effect of corrective, preventive, and predictive maintenance strategies on system availability is shown 

in figure 2.3. As shown, with a corrective maintenance approach, equipment is allowed to run to failure 

before being repaired. This results in large downtime of equipment due partly to the inability to pre-

plan maintenance activities. Preventive maintenance instead attempts to periodically intervene before 

the system fails, resulting in decreased downtime during maintenance and increased uptime overall. The 

system is still not immune to unexpected failure events however. Predictive maintenance builds upon 

scheduled maintenance and attempts to detect faults in real time and intervene before the system fails. 

This results in further increased system uptime in comparison to scheduled maintenance. Again however, 

the system is not immune to undetected failures, although these events are considered rare. Predictive 

maintenance allows for a more dynamic systems intervention approach. 
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Figure 2.3: Maintenance policy synopsis. Adapted from [32] 

 

There are numerous maintenance optimisation techniques which exist, which can be classified as 

qualitative or quantitative in nature [9]. One common qualitative approach is reliability centred 

maintenance, developed within the aircraft industry and later adapted by several other industries [9,38]. 

Reliability centred maintenance is a systematic approach for establishing priority based preventive 

maintenance programs considering personnel safety and organisational economics with a focus on system 

function rather than on system hardware. Its primary objective is to determine the combination of 

maintenance tasks which will significantly reduce the major contributors to unreliability and 

maintenance cost in light of the consequences of failures [38]. Developing a reliability centred 

maintenance methodology involves a structured approach, outlined comprehensively by Rausand [38]. 

Two of the critical steps in this approach include the determination of maintenance intervals and the 

in-service collection of data and updating of same. While traditionally within reliability centred 

maintenance schemes static preventive maintenance intervention times have been used, there have been 

calls to integrate modern quantitative approaches such as CBM alongside traditional qualitative ones 

[9]. Reliability centred maintenance also emphasises identification of the root cause of failures [38]. 

Garg and Deshmukh [9] have extensively reviewed the literature on maintenance management 

research and suggest possible research gaps within traditional maintenance schemes from the point of 

view of both researchers and practitioners. Among their conclusions, they opine that while many 

researchers are pursuing the development of various mathematical maintenance models to estimate 

system reliability measures, these models may only be useful to maintenance engineers if they are also 

capable of incorporating numerous other sources of information. These include information about an 

organisations repair and maintenance strategies, the methods of failure detection, equipment failure 

mechanisms, etc. that justify the applicability of a particular model in a given system environment, 
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thereby giving greater confidence in reliability estimates based on small amounts of data. Other relevant 

gaps identified between maintenance theory and practice can be summarised as follows [9]: 

 

 Complex quantitative maintenance models have flourished in recent years, but only as a 

mathematical discipline. Few attempts have been made to integrate these quantitative 

approaches with qualitative ones, like reliability centred maintenance 

 The industrial application of quantitative models has been very limited as very few case 

studies have been published 

 The impact of quantitative maintenance modelling research on decision making within 

maintenance organisations has been limited 

 More industrial application will be seen if models are developed in conjunction with the 

problem owners 

 

Rausand [38] agrees with these conclusions, citing the earlier work of Malik [39] in stating “…there 

is more isolation between practitioners of maintenance and the researchers than in any other professional 

activity”. Rausand [38] goes on to conclude that many of the articles on maintenance optimisation are 

written by statisticians and scientists in operations research with limited knowledge about the practical 

context in which the quantitative models are supposed to be used, and in a language that is more or less 

inaccessible to maintenance practitioners. Maintenance models need to be both tractable and accessible 

to practitioners which is often not the case as modelling work has predominantly been undertaken by 

mathematicians rather than problem solvers. Unfortunately, it seems that little has changed in the last 

decade [40]. As well, a general problem with most quantitative models is that the necessary input data 

is seldom available in real industrial applications, or at least not in the format required by the models. 

Many practitioners have found these problems so overwhelming that they do not attempt to use 

quantitative models to optimise maintenance intervals, relying solely instead on qualitative assessments 

such as manufacturers’ recommendations and past experience, resulting in maintenance intervals that 

are too frequent and consequentially in asset lifetime that is not fully exploited [38]. Smith [41] remarks 

“...it is the author’s experience that any introduction of quantitative reliability data or models into the 

reliability centred maintenance process only clouds the preventive maintenance issue and raises 

credibility questions that are of no constructive value”. There is a clear need to better integrate modern 

quantitative knowledge within the needs, abilities and context of industrial maintenance organisations, 

and to root reliability recommendations not only on the outputs of complex models, but also by taking 

in to consideration the physics of failure mechanisms and utilising human knowledge, i.e. expert 

judgment, about both the relevant failure mechanisms of equipment and the industrial context in which 

maintenance models are to be applied [38].  

2.2 Prognostics and Health Management 

2.2.1 PHM overview 

With time based preventive maintenance schemes, maintenance actions are performed at pre-

determined time intervals to restore a system to an ‘as good as new’ state. When the system condition 

can be monitored however, a condition based maintenance (CBM) strategy can be implemented where 

maintenance actions are dependent on the dynamic state of the system, determined typically from sensors 

embedded within the production process, through which health inferences are made about the system 

[42,43]. Within condition monitoring, sensors and sensing strategies constitute the foundational basis for 

fault detection [44]. Although sometimes described as an indirect measurement methodology, measured 
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auxiliary quantities such as dynamic and static forces, vibrations, noise, temperatures etc. are in fact 

directly influenced by the phenomena under investigation. For example, in the machining operations 

domain, several such process variables can be measured online simultaneously and directly correlated to 

known conditions of a cutting tool [45]. This is because these process variables are affected as the cutting 

tool degrades. In this regard sensor suites can be described as being specific to the application domain, 

and are designed to measure quantities directly related to the equipment fault modes identified [44]. 

However, there exist many industrial situations where effective measurement methodologies do not exist 

for specific applications. One area where this is particularly true is in the condition monitoring of 

elastomers. This is discussed further in section 2.3. For further information on condition based 

maintenance see appendix A. 

Prognostics and Health Management (PHM) expands the potentials of CBM by facilitating the 

prediction of equipment RUL. PHM has been defined as an approach to system life-cycle support that 

seeks to reduce/eliminate inspections and time-based maintenance through accurate monitoring, 

incipient fault detection, and prediction of impending faults [17]. The ultimate goal of PHM is reliably 

predicting system failure times to allow for efficient maintenance scheduling either autonomously or by 

human decision makers. To do so, different information and data sets relating to the past, present and 

future behaviour of the equipment in question are required. An accurate PHM system requires the 

availability of sufficient and relevant equipment failure data. However, the common scarcity of such data 

has led to the development of numerous approaches based on different sources of information and data, 

modelling and computational schemes, and data processing algorithms [18].  A typical PHM scheme 

consists of three main facets, fault detection, fault diagnosis, and fault prediction. Fault detection 

normally includes fault isolation, which is a task to locate the specific component that is faulty. Fault 

detection in a broader sense indicates whether standard operating conditions are changing/deteriorating 

in the monitored system, and fault diagnosis determines the nature of the fault after it has been detected. 

Fault detection and diagnosis fall under the CBM archetype. Building on this, prognostics deals with 

fault prediction, and is a task to determine whether a fault is impending and to estimate how soon and 

how likely that fault is to occur. Diagnostics therefore can be defined as posterior event analysis and 

prognostics as prior event analysis. Prognostics is much more efficient than diagnostics in achieving zero-

downtime performance. Diagnostics is still required however when fault prognostics fails and a fault 

occurs, and is important from a root cause analysis perspective to avoid future failures of a similar nature 

[7]. 

Fault prognosis 

Fault prognosis is a fundamental task of a PHM system, aiming to reliably and accurately forecast 

the RUL of the equipment/system so that it may function for as long as its design intended [17,18].  

RUL is typically a time, cycle, or some other specific context driven expression. The RUL is the 

prediction of a component or systems functional/operational usage expectancy based on measured, 

detected, modelled, and/or predicted health state. The RUL is dependent on the intended set of 

operating conditions or mission to be performed [17]. An overview of the different RUL modelling 

approaches is outlined in figure 2.4. More information on these modelling approaches illustrated can be 

seen in appendix A. 
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Figure 2.4: Main model categories for prediction of remaining useful life. Adapted from [40] 

 

Engineering prognostics is used by industry to manage business risks that result from equipment 

failing unexpectedly. In practice, it is still predominantly intuitive and based on the experience of 

personnel familiar with the equipment. However, due to improved asset reliability and an ageing 

engineering workforce, experience is becoming increasingly hard to accumulate [40]. Sikorska et al [40] 

discussed a number of literature reviews covering prognostic models which have been presented by 

various authors. The authors opine however that although useful in appreciating the state of the art in 

the field, they do little to help typical industry users select an appropriate model for their specific needs, 

as they tend to concentrate on the technical and often theoretical merits and deficiencies of each 

approach, rather than practical implementation issues. In fact, Sikorska et al [40] suggest that most 

prognostic research work to date has been theoretical, disparate, and restricted to a small number of 

models and failure modes. Unfortunately, there are few published examples of prognostic models being 

applied in the field, on complex systems, exposed to a range of operating and business conditions. 

Furthermore, these reviews rarely contain a comprehensive examination of each model’s practical and 

theoretical limitations in sufficient detail to understand exactly when and where each model should and 

should not be applied [40]. 

2.3 Elastomer Reliability 

In the field of reliability engineering there is little literature on the condition monitoring of elastomers 

in industrial applications. However, within the polymer science domain, much work has been done on so 

called ‘smart’ elastomers, which have the potential to be used as sensors which detect their external 

environment and their own degradation. Such materials could be utilised readily in ‘Industry 4.0’ smart 

factory solutions. However, a concerted multidisciplinary effort is required if such devices are to be 

further employed and continually adapted as standard solutions in applications of high criticality. 

Smart materials are defined as materials that can sense the environment and/or their own state, 

make a judgment and then change their functions according to a predetermined purpose. Such smart 

functions provided by smart materials are distinct from smart systems or facilities because they do not 



Literature Review 

15 

 

rely on a sense-response structure of a feedback system. Instead, they can be intrinsically sensitive to 

changes in their ambient environment, such as temperature, optical wavelength, absorbed gas molecules 

and pH values [46]. Smart materials are solid-state transducers that have piezoelectric, pyroelectric, 

electrostrictive, magnetostrictive, piezoresistive, electroactive, or other sensing and actuating properties. 

Existing smart materials such as electroactive polymers have various limitations preventing them from 

practical applications. These limitations centre on the requirement for high voltage or high current. 

Material may be too brittle, too heavy, or have a small range of strain or force actuation. Smart nanoscale 

materials may reduce these limitations and represent a new way to generate and measure motion in 

devices and structures [47]. 

Among the various nanoscale materials, carbon nanotubes have been described as the strongest and 

most flexible molecular material known due to the unique C–C covalent bonding and seamless hexagonal 

network. Carbon nanotubes also have electrical conductivity or semi-conductivity, and high thermal 

conductivity in the axial direction [48,49]. Multi-wall carbon nanotubes and single wall carbon nanotubes 

have opened the possibility for a new class of smart materials based on nanoscale materials [47,50,51]. 

Many potential applications have been proposed for carbon nanotubes, including as conductive and high-

strength composites, for energy and hydrogen storage, as energy conversion devices, as sensors, field 

emission displays and radiation sources, and nanometre-sized semiconductor devices and probes. 

Nanotube sensors exhibit a fast response and a substantially higher sensitivity than that of existing 

solid-state sensors at room temperature [52]. Some of these applications are already utilised in products, 

while others are demonstrated in early to advanced devices [53]. However, Despite their promising 

potential, carbon nanotube production cost and limitations in processing and assembly methods are 

significant barriers for some applications [53]. 

 

 
Figure 2.5: Carbon nanotube structure. Adapted from [54]. 

 

Carbon nanotubes derive their name from their long hollow structure, with the walls formed by one-

atom-thick sheets of carbon, otherwise known as graphene. Graphene is the name given to a one-atom-

thick two-dimensional layer of hybridised carbon [55,56]. Graphene has a range of unusual properties, 

for example its thermal conductivity and mechanical stiffness may rival graphite, its fracture fracture 

strength is comparable to that of carbon nanotubes for similar types of defects, and studies have shown 

that individual graphene sheets have excellent electronic transport properties. To harness these 

properties for applications would be to incorporate graphene sheets in a composite material [56]. 

However, although single-molecule detection from mechanically exfoliated graphene was an exciting 

proof-of-principle, the difficulty of producing thin specimens and the requirement of ultrahigh vacuum 

limits the practicality of these devices [55]. Despite this, Boland et al [57] recently described the 

production of ‘G-band’ strain sensors whereby liquid exfoliated graphene was infused into natural rubber 

to create conducting composites. The authors report that the strain sensors display a number of 

advantages over other nanocomposite strain sensors prepared using fillers such as carbon black, carbon 

nanotubes, carbon nanofibers or nanographite. Some of the cited advantages include the fact that while 

carbon nanotubes have large aspect ratios and have been used to produce composites with low 

percolation thresholds, they are expensive, making most composite applications economically unviable. 
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Also, due to their relatively large dimensions, carbon fibre-filled elastomers tend to have very low 

extensibility, making them unsuitable for high-strain applications. The authors claim that their strain 

sensors combine high sensitivity and high rate capability with the potential to work at high strain, and 

perform very well compared to the literature. They opine on the potential applications for such strain 

sensors, from vibration monitoring in the automotive or aerospace industry to kinaesthetic sensing in 

the medical devices industry. However, the instability and non-linear responses of graphene and carbon-

nanotube infused polymer matrices poses a major drawback to using them as sensors in the short term. 

Significant bench testing is required before this technology can be used in many industries. Another 

drawback is that this bench testing will likely have to be adapted for each specific application.  

In addition to carbon nanotubes, applications for stimulus-responsive shape memory polymers have 

been rapidly developed in the past few decades[46]. Such materials respond to stimulus such as, heat, 

chemical, and light, and change their shape at the presence of the right stimulus. Stimulus-responsive 

shape memory materials are able to recover their original shape after being quasi-plastically distorted, 

and are ideal for integrated intelligent systems, whereby the material itself can sense and then generate 

reactive motion [58]. As smart materials, the applications of stimulus-responsive shape memory polymers 

and their composites are vast. For example, current research efforts are focused on utilising them for 

automatic chemical sensing and water cleaning, as built-in temperature sensors for temperature 

monitoring, as implants for minimally invasive surgery, and as vascular stents where the shape-memory 

polymer is used as the drug delivery system. Future potential uses include space deployable structures, 

such as hinges, trusses, mirrors and reflectors, for morphing aircraft wings, smart textiles and fabrics, 

self-disassembling mobile phones, and shape-memory toys [59]. 

Included in the potentials for shape memory polymers is for self-healing purposes [59,60]. Smart 

materials are able to achieve healing, either intrinsically via reversible bonds present in the material 

itself, or extrinsically via a pre-added healing agent, in response to some external stimulus. A downside 

to this however is that fact that the mode of damage must be taken into consideration, as repair strategies 

that work well for one failure mode might be completely useless for another. For example, matrix 

cracking can be repaired by sealing the crack with resin, where fibre breakage would require new fibres 

or a fabric patch to achieve recovery of strength [61]. One of the most studied configurations for self-

healing elastomers is the one proposed by White et al [62] whereby the polymer matrix incorporates a 

microencapsulated healing agent that is released upon crack intrusion. Polymerisation of the healing 

agent is then triggered by contact with an embedded catalyst, bonding the crack faces. Their fracture 

experiments yield as much as 75% recovery in toughness. The process is illustrated in figure 2.6. 

 

 
Figure 2.6: The autonomic healing concept. A: Cracks form in the polymer matrix. B: the crack 

ruptures the microcapsules, releasing the healing agent into the crack plane through capillary action. C: 

the healing agent contacts the catalyst, triggering polymerisation that bonds the crack faces closed. 

Adapted from [62]. 

 

Advances recently made in spectroscopy techniques, such as Raman, also have the potential to be 

further utilized as powerful tools to examine the degradation of mechanical properties in polymers. As 

composite materials are finding increasing applications in military and commercial vehicles and aircrafts, 

damage detection and repair becomes a crucial factor. However damage detection in polymers presents 

several challenges due to the anisotropy of the materials. Many existing non-destructive testing 
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techniques are not practical for large structures and components; therefore, new reliable damage 

detection techniques, which are cost-effective and easily operated, need to be developed. While recent 

advances in autonomous repairs of polymer and composites have opened up exciting opportunities in the 

field of polymers, there are still several challenges of considerable interest that need to be overcome 

before full adoption of the self-repair technology by industry. Currently, even the best self-healing 

polymers can only repair damage on a small-scale and the long-term performance of autonomously healed 

polymers for the most part has remained unexamined. Also, there need to be more methods developed 

to evaluate and monitor the potential healing ability after multiple repair events. Once again, nature-

inspired solutions that have evolved over millions of years can be a good starting point [63]. 

In this work, the component under investigation is a dynamic polymeric seal composed EPDM, 

consisting of ethylene, propylene, and unsaturated diene. Despite being used in many critical applications 

in various industries, EPDM has not been extensively studied within the smart elastomer literature. In 

order to advance the potential sensorisation of EPDM, it is imperative that its physical and chemical 

degradation processes are well characterised and understood in a multitude of applications. 
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2.3.1 Ethylene Propylene Diene Monomer 

EPDM is an unsaturated polyolefin rubber and is one of the fastest growing rubber materials today 

[64,65]. The last letter “M” refers to the polymethylene, a backbone of -(CH2)-. A rubber is composed of 

macromolecules, or polymers, the behaviour of which is influenced by their long-chain character. The 

chains are flexible such that the carbon atoms present are able to rotate around their axes. This enables 

the polymer chains to conform to various shapes relatively easily. The average molecular weight of 

EPDM is between 30,000 and 150,000, depending on the polymerisation variables and the 

ethylene:propylene:diene ratio. The diene is a diene as a co-monomer, which introduces unsaturation 

into the macromolecule [66]. The molecular structure of EPDM is shown in figure 2.7.  

 

 

Figure 2.7: Chemical structure of EPDM with common dienes employed. Adapted from [66,67] 

 

EPDM typically contains a mixture of the following common ingredients added during compounding 

[29]: 

 

 Polymer 

 Fillers, black and non-black 

 Plasticisers 

 Processing Aids 

 Cure System(s) 

 Antioxidants 

 UV stabilisers 

 Ozone resistance 

 

The performance of the final compound depends not only on the selection of the specific type and 

grade of all ingredients, but also on the compounding and moulding process. 

EPDM manufacture 

Methods of EPDM manufacture include extrusion, compression moulding, and vertical and 

horizontal injection moulding [29]. EPDM is typically manufactured containing phenolic antioxidants 

ensuring good storage stability. When stored in a cool, dark environment, EPDM should have a long 

shelf life. However, with exposure to heat, light, or chemical agents, the shelf life of EPDM is reduced 

[66]. EPDM is usually produced in a hydrocarbon solvent, for example hexane, or in a suspension such 
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as propene. The manufacturing of EPDM is based on Ziegler-Natta catalysis, a complex method of vinyl 

polymerisation using the Vanadium compounds VCl4 or VOCl3 as catalysts with alkyl aluminium 

halogens, Et2AlCl or Et3Al2Cl3, as co-catalysts [64]. Carbon black is the typical reinforcing material in 

EPDM, but more recently studies have reported that by adding a small amount of carbon nanotubes 

the thermal stability, flammability and mechanical properties of EPDM is strongly improved [68–70]. 

Recently, halloysite nanotubes have been used as a new type of filler for polymers, such as epoxy, 

polypropylene and polyvinyl alcohol, to improve the mechanical and thermal properties of the composites 

[64]. 

As with other elastomers, EPDM has to be crosslinked to achieve its optimum performance in terms 

of elasticity, tensile and tear strength, and solvent resistance. Cross-linking corresponds to the formation 

of a covalent link between two adjacent macro-molecules, resulting in the formation of a three 

dimensional network. Introduction of a peroxide cure allows the formation of thermo-stable carbon-

carbon (C-C) bonds, which have the same bond strength as the C-C bonds in the polymer backbone 

[71–73]. Peroxide crosslinking therefore has a great effect on a number of structural and physical 

properties of the cured compound, such as allowing the full exploitation of the excellent heat resistance 

of EPDM.  The peroxide curing efficiency of EPDM is determined by the structure of the diene [71]. 

Peroxide crosslinking occurs during curing of the EPDM compound via abstraction of the hydrogen 

atoms, proceeded by a rapid recombination of the residual elastomer radicals. In details, peroxide curing 

is initiated by the thermal decomposition of the peroxide. The resulting free radicals subsequently 

abstract hydrogen atoms from the EPDM polymer, yielding EPDM macro-radicals which then combine 

to yield direct C-C cross-links between the two polymer chains. Peroxide cross-linking occurs in about 

15% of commercial EPDM applications because of the enhanced performance characteristics at high 

temperature [72]. The EPDM components under investigation in this work are peroxide crosslinked [74]. 

The amount of peroxide to be added to an EPDM rubber compound, in order to obtain an adequate 

state of cure usually ranges from 9 to 15 mmol per 100g of polymer. 

EPDM Applications  

EPDM is a distinguished synthetic elastomer with excellent properties that have made significant 

contributions to many fields. EPDM rubber exhibits outstanding resistance to oxidation, ozonisation, 

electricity and polar solvents, it has excellent thermal and chemical stability, good weathering 

performance, and good mechanical properties, particularly under dynamic loading conditions, [65,75]. 

For this reason it has been used in multiple industries in a myriad of applications, including as a high 

voltage polymeric insulator, roof sheeting, automotive sealing systems, building profiles, white side walls 

of tires, roofing sheets, and belting and sporting goods [64,75–78]. In the aerospace industry, EPDM 

rubber became an alternative as a thermal protection medium for rocket motors because of its low 

density, low processing cost, and the fact that it does not produce toxic compounds while burning. These 

are particularly strong advantages in relation to the copolymer nitrile butadiene rubber, which was 

traditionally used for this application [79]. In the biopharmaceutical industry, EPDM is one of the most 

common polymers employed, along with Polytetrafluoroethylene (PTFE), and polysiloxan derivatives, 

commonly known as silicone rubber. Within the biopharmaceutical industry, EPDM is typically used as 

either a static or dynamic mechanical seal; static in the form of gaskets and O-rings, and dynamic in the 

form of valve diaphragms, such as those considered in this work. 

Unfortunately, issues with EPDM lifetime and sudden failure in service have been reported across 

the industry. These issues stem from the fact that polymers used in the biopharmaceutical industry are 

typically based on purity requirements for either the food and dairy or chemical process industries, as 

opposed to reliability requirements. This drives a lower demand for material performance and less 

rigorous sanitisation and sterilising requirements. Economics is therefore working against the true 
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product performance need, as most seal manufacturers acquire mass produced compounds optimised for 

moulding throughput while meeting regulatory compliance needs. For regulatory compliance, 

biopharmaceutical operators must use elastomers which are USP Class VI compliant, which demands 

biocompatibility of materials and that the polymer must be animal derived ingredients free. This however 

gives no indication of how the elastomer will function as a seal, static or dynamic. This drives a 

commodity status of seals which demands constant lowering of price to maintain competitiveness often 

at the expense of performance [29]. 

EPDM degradation mechanisms 

The degradation of EPDM rubber has been extensively studied, and the two most commonly 

investigated mechanisms involve two types of degradation; photo-degradation and/or thermo-

degradation, both of which can be oxidative or non-oxidative [73,80–90]. It is accepted that temperature 

and radiation are the most crucial environmental factors affecting the aging of the polymers in general 

[84]. It is also commonly accepted that photo-degradation and thermo-degradation starts on the ENB 

moiety and eventually reaches the ethylene-propylene units [87]. Despite the extensive literature studying 

photo and thermo degradation, there is scant literature on the effects of acidic and basic environments 

on the rate of EPDM composite degradation. McGrath et al [91] studied the accelerated aging of EPDM 

polymer insulators subjected to acid rain with a pH of 4.6. The samples were also subjected to UV 

radiation. They concluded that due to the acid and UV exposures that surface roughening and the 

removal of low molecular weight oils will occur. They did not report on any other change in mechanical 

or chemical properties due to the degradation effects. Mitra et al [92–94] and Nandakumar and Philip 

[95] investigated the effect of 20% and 60% aqueous solution of H2SO4 sulphuric acid on EPDM rubbers 

respectively. These studies concluded that acid induced chemical degradation of EPDM results in an 

initial decrease in crosslink density due to hydrolytic attack of the crosslink sites. Upon further exposure 

however, these oxygenated species lead to new crosslinks and thus higher crosslink density. They also 

note that most of the degradation products are confined to the EPDM surface, but that this degradation 

in enough to affect the bulk mechanical properties. 

Most polymeric materials are subject to oxidation, the rate of which depends on the polymer type, 

processing method and end use conditions. Oxidation of rubber in particular can result in loss of physical 

properties such as tensile strength, elongation and flexibility. Crosslinking and chain scission, which is 

the scissioning of the macromolecular chains, due to oxidation modifies the macromolecular chains of 

the material, the consequence of which is the change in the mechanical properties of the material. [73]. 

Although chain-scission is an issue, Zhao et al [85] demonstrate that the degradation aging process of 

EPDM proceeds predominantly via crosslinking. The oxygenated species generated combine with each 

other and cause new crosslinks, which result in an increase in the crosslink density. For example, cross-

linking causes the polymer to increase in molecular weight, leading to brittleness, gellation, and decreased 

elongation at break [96]. Kwak and Choi [88] studied the aging behaviours in the top layer and the 

interior of EPDM components subjected to thermo-oxidative stresses of 125°C and 180°C for periods of 

2, 4, and 7 days. They found that crosslink density increased with increasing thermo-oxidative stress 

corresponding to the amount of time the samples spent in the accelerated aging environment. They 

noted that as additional crosslink bonds were formed, the crosslink density of the inner part of the 

sample, at an approximate depth of 2mm, increased by approximately 7% compared to the cross link 

density at the surface. Little oxidation in the inner part allowed for the formation of additional crosslink 

bonds during the vulcanisation reactions. 

Redline et al [97] recently demonstrated that EPDM shows visible signs of degradation following 

thermo-oxidative conditions but maintains integrity under thermo-hydrolytic and thermo-hydrolytic plus 

thermo-oxidative conditions. They showed that steam reduces oxidative degradation levels in EPDM. 
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Surprisingly, this inhibition effect seems to be amplified as temperature is increased. It was shown that 

the effect of steam was not limited to one specific EPDM formulation as three different formulations 

showed the same trend. A combination of chemical and physical property changes in the presence of 

steam, such as oxidation rate and O2 permeability changes, additional sensitivity to hydrolytic damage, 

as well as mechanistic changes in relation to hydro-peroxides may act in parallel and result in these 

surprising material degradation behaviours. This is significant as it shows that EPDM still offers some 

limited performance at high temperatures in the presence of steam. Importantly however, Pourmand et 

al [98] recently revealed that EPDM oxidation occurring at higher temperatures causes more hardening 

of the rubber for a given degree of oxidation than lower temperatures. They propose that EPDM 

oxidation yields more crosslinking at higher temperatures than at lower temperatures. This would mean 

that despite oxidation being retarded due to steam exposure as demonstrated by Redline et al, higher 

temperature steam may still cause significantly more hardening of EPDM despite a reduction in 

oxidation present. 

Both Harper [96] and Nair [83] et al note that changes in tensile strength in EPDM blends can be 

attributed to two causes. Firstly, chain scissoring of EPDM composites decreases molecular weight, 

leading to increased melt flow, increased elongation, and reduced tensile strength, while higher cross-link 

density increases tensile strength but reduces plastic deformation under tension and elongation. Dijkhuis 

et al [99] also studied the relationship between the crosslink density of EPDM composites and a number 

of mechanical properties. They concluded that with increasing crosslink density, tensile strength, surface 

hardness, and elastic modulus increased, while the elongation at break and the tear strength decreased. 

They reported that compression set improves with increasing crosslink density, meaning with more 

crosslinking the rubber is better able to return to its original shape after compression. However, Nabil 

et al [86] state if the crosslink density becomes too high, that the average molar mass of the rubber chain 

between two successive crosslink points decreases, restricting the mobility of the chain segment. This 

limits the orientation of the network chain, and the reduced number of effective network chains results 

in a decrease in the tensile strength, as the number of effective network chains influences the tensile 

strength. Secondly, they agree that generally a reduction in tensile strength can be attributed to chain 

scissions. Scission of the larger molecular chains increases the number of shorter chains of the respective 

polymer, which leads to fewer entanglements, and thereby decreases the tensile strength. They also note 

that decomposition temperatures are lower in EPDM blends which are exposed to a thermo-oxidative 

degradation environment of 100°C for 48 hours, indicating that thermo-oxidation degradation also lowers 

the future thermal stability of EPDM blends. 

While tensile and impact strength are specifically governed by the short molecules, for other 

properties like solution viscosity and low shear melt flow, the influence of the middle class of the chains 

is predominant, while other properties such as melt elasticity are highly dependent on the amount of the 

longest chains present [100]. George et al. [101] state that less crystalline materials are degraded more 

rapidly by heat, and that crystallinity, crystalline size, order, degree of polymerisation and crystal 

structure influence thermal decomposition rates. It is reported that increasing the crystallinity of 

polymers increases the interaction between polymer chains. In the highly ordered state associated with 

crystalline materials, it is less possible for polymer chains to move relative to one another, as additional 

forces must be overcome in the transformation to the unordered fluid state. Crystallinity is enhanced by 

a symmetric regular polymer structure and highly polar side groups. Regular polar polymers, such as 

polyesters and polyamides, crystallize readily [102]. Peroxide curing is known to improve the chances of 

crystallisation in EPDM as compared to sulphur curing, as the macromolecules are aligned and brought 

closer because of intermolecular C-C bond formation [103]. Tear strength has been shown to be more 

vulnerable to different crosslink structures, while cyrstallisability has been shown not to be an important 

factor in tensile strength. EPDM is also capable of undergoing strain-induced crystallisation, as it 
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contains reactive monomer units which are distributed randomly by the polymerisation process and thus 

a random network is obtained [104]. 

The role of shear force is also significant in EPDM degradation, particularly as EPDM is a high 

molecular weight polymer [66]. Shear force causes stretching of the EPDM matrix, and when the EPDM 

matrix stress limit is exceeded, network breakdown will occur. As the crosslink density decreases, the 

network becomes looser and the chain stability of the EPDM matrix increases [67]. The energy applied 

to the matrix must be sufficient to create high tension between the crosslinks, leading to bond ruptures 

and to the dissociation of the crosslink bonds [66]. Aside from oxidative degradation, many rubber 

materials contain oil extenders, also known as plasticisers, which migrate to the surrounding media 

during service or accelerated ageing. The loss of these substances over time also impacts the mechanical 

properties of the rubber. Typically, the elastic modulus is increased and the strain at break is decreased 

with the loss of oil extender. The kinetics for the loss of oil extender is different from that of oxidation 

and the diffusion of oxygen [105]. 

Naebe et al [63] extensively reviewed crack initiation and propagation in polymers, although they 

don’t analyse EPDM specifically. The authors explain that crack initiation in a polymer matrix can 

happen as a result of several phenomena such as mechanical fatigue, surface breaking, thermo-mechanical 

stress, as well as environmental factors such as UV exposure and hydrothermal aging. For instance, 

subsurface delamination, transverse ply cracking, surface cracking, and polymer matrix cracking would 

be created as a result of impact loading. When the energy required for crack growth is equal or larger 

than required energy for the creation of a new surface the crack will propagate. Cracks will propagate 

through polymer once the crack geometry and applied stress varies throughout cyclic or monotonic 

loading, reaching a critical stress intensity. During a monotonic load, the size of crack growth is directly 

correlated to the experienced maximum stress. However, during cyclic loading crack growth and damage 

volume is a more complex mechanism, associated not only with the experienced maximum stress but 

also with changes in loading conditions, the undamaged polymeric structure, and the polymer geometry. 

In the near future, advanced theoretical modelling and simulations are required to accurately predict 

crack-induced changes in mechanical properties, such as shear and transverse modulus and the model 

predictions need to be validated by experimental data. Better knowledge of the theoretical and practical 

aspects of crack and micro-crack damage directly influences the design of more durable polymeric 

materials, which is of high safety and economic importance. 

2.3.2 EPDM Degradation Testing Methods 

Elastomer degradation through environmental exposures can provide additional insights into the 

nature of underlying relationships between network microstructure and mechanical properties [106]. Such 

relationships could then be formalised for use in degradation models describing component lifetime. To 

determine the exact mechanisms responsible for EPDM degradation, multiple testing methods be used. 

In elucidating the various degradation products in a rubber system, more than one analysis technique is 

typically employed and the results are correlated, as no single methodology can provide a complete 

evaluation of the complex mechanisms involved [107]. A number of the most pertinent testing methods 

for EPDM degradation are discussed below, including reasons for their particular use. 

Shore hardness 

Shore hardness is the measurement of a polymers ability to withstand indentation. In the EPDM 

polymer chain, oxidised substances, such as carbonyl, hydroxyl, and ester groups, raise the strength and 

hardness of an oxidised polymer ‘skin’ layer. This oxidised layer becomes thicker as aging time increases. 

Where oxidation is active in the polymer, hardness is sharply increased. In aged EPDM composites, an 

oxidised skin layer with a thickness of about 1.5-2mm develops. Deeper than 1.5 to 2mm, hardness values 
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are largely the same as virgin samples. Therefore, as EPDM samples become thinner, the oxidised skin 

layer has more of an influence on the degradation behaviour of the component [88,105]. The hardness 

that occurs in EPDM blends after ageing is associated with the increase in crosslink density, which is 

strongly related to the high rate of radical termination in the polymer bulk [83,86]. A major limitation 

of this method is that it can only determine bulk material properties. In terms of the material properties 

of the rubber, the hardness is a complex response to an applied indentation which depends upon the 

elastic modulus of the rubber and the viscoelastic properties of the rubber [108]. 

Dynamic flexural testing 

The tensile strength of EPDM having undergone chemical or thermal degradation is a complex 

function combining the nature and type of crosslinks, crosslink densities, and the chemical structure of 

the rubber, in particular whether the EPDM has been vulcanised with sulphur or peroxide, the former 

typically having higher strength [104,109]. It has been reported that while keeping strain and strain rates 

as a constant, observing the differences in the elastic modulus and induced stress under these conditions 

can identify if crosslinking or chain scission has occurred in the material [99,106]. It is reported that if 

crosslinking is predominant in EPDM, both the modulus and the induced stress for a given strain 

increase, while both the modulus and the stress for a given strain decrease if chain scissions are prominent 

[99,106]. Flexural compression testing, also known as a three-point bend test, is conducted keeping the 

flexural strain rate constant until the material yields. From this the final strain at yield, the work 

required to final strain, and the flexural modulus of the material are calculated. 

Observing the force required to strain EPDM samples allows the indirect observation of the stress 

required to strain the material and the modulus of the samples. Assuming the EPDM behaves as an 

incompressible, isotropic, and perfectly elastic neo-Hookean solid, as strain (𝜀), strain rate (𝜀(𝑡)), and 

the cross sectional area (𝐴) of each sample is constant, using the relationship 𝐹 =  𝜎
𝐴 implies that an 

increase in force equals an increase in stress (𝜎). Similarly, as Young’s modulus 𝐸 =  𝜎
𝜀⁄ , an increase in 

force also relates to an increase in the material modulus. The flexural compression testing confirms this 

by measuring the flexural modulus of the samples from the slope of the resultant stress-strain curve. 

Flexural modulus 𝐸  is an intensive material property, considered proportional to the elastic modulus 

𝐸, and is calculated via [110]: 

 

 𝐸 =  
𝜎 − 𝜎

𝜀 − 𝜀  (2.3.1) 

 

where 𝜎  is the flexural stress, calculated as: 

 

 𝜎 =  3𝐹𝐿
2𝑏ℎ  (2.3.2) 

 

where 𝐹 is the applied force in Newtons, 𝐿 is the span in millimetres, 𝑏 is the specimen width in 

millimetres, and ℎ is the sample height in millimetres. The flexural strain 𝜀  is calculated as: 

 

 𝜀 =  6𝑠ℎ
𝐿  (2.3.3) 

 

where 𝑠 is the sample displacement in millimetres. 
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Compression set 

Compression set, i.e. elastomeric creep, testing measures the ability of rubbers to retain their elastic 

properties at a specified temperature after prolonged compression at constant 25% strain. When rubber 

is held under compression, physical or chemical changes can occur that prevent the rubber returning to 

its original dimensions after release of the deforming force [111]. Compression set values of EPDM 

depends on the overall crosslink density, whereby compression set improves with increasing crosslink 

density, because more crosslinks are present to restore the rubber to its original shape after deformation. 

However, the length of the crosslinks also plays a role, because polysulphidic bonds rearrange at high 

temperatures forming new, shorter crosslinks, which eventually prevent the full recovery of the deformed 

material, potentially worsening the compression set [88,99]. The creep percentage 𝐶  is expressed as a 

percentage of the initial compression and is given by the formula [111]: 

 

 𝐶 =  
ℎ − ℎ

ℎ − ℎ  𝑥 100 (2.3.4) 

 

where ℎ  is the initial sample thickness, ℎ  is the sample thickness after recovery, and ℎ  is the height 

of the spacer used in the compression fixture. Again, a drawback of compression set testing is that it 

only provides insight into bulk mechanical properties. 

Dynamic mechanical thermal analysis 

Polymers display properties of both elastic solids and liquids. This leads to a specific relationship 

between stress (𝜎), which changes according to a periodic law for viscoelastic bodies, and strain (𝜀) 

whereby: 

            𝜎 = 𝐸∗. 𝜀 (2.3.5) 
 

 

where 𝐸∗ is the complex modulus of elasticity, given by: 

 

            𝐸∗ = 𝐸 + 𝑖𝐸  (2.3.6) 
 

where 𝐸  is known as the dynamic modulus of elasticity, or the storage modulus, while the imaginary 

component 𝑖𝐸  is called the loss modulus. The phase shift between the sinusoidally varying stress and 

strain is expressed as 

 

            𝑡𝑎𝑛 𝛿 = 𝐸
𝐸  (2.3.7) 

 

where 𝑡𝑎𝑛 𝛿 is known as the mechanical loss factor, the loss tangent, or the damping factor [86,103]. 

Among the most reliable ways of determining these components is via dynamic mechanical thermal 

analysis (DMTA) which enables the thorough investigation of the relaxation mechanisms in viscoelastic 

materials. The most common use of DMTA is the determination of the glass-transition temperature (𝑇 ), 

where the molecular chains of a polymer obtain sufficient energy to overcome the energy barriers for 

segmental motion. This energy is typically thermal. The glass-transition temperature region is where the 

maximum loss of applied energy is observed as a peak in the damping factor versus temperature curve 

[103]. 

It is widely accepted that both the storage modulus and the glass transition temperature are directly 

proportional to the degree of elasticity, and chemical or physical crosslink density [86,103,112,113]. This 
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is because the higher the crosslink density, the harder it is for individual chains to move when the 

elastomers are subjected to mechanical stress. Therefore, higher energy is then needed to overcome any 

type of molecular interactions that affect the molecular motion [86]. Lower temperatures favour a more 

‘glassy’, elastic response due to insufficient time or mobility for viscous or dissipative deformation 

mechanisms to take place. Similarly, higher temperatures lead to a more viscous or rubber-like response 

[113]. Therefore, DMTA is a useful method to study the influence of chemical exposure on material 

flexibility, degree of crosslinking, and the shifting of the glass transition temperature. 

Thermogravimetric analysis 

Solid polymeric materials undergo physical and chemical changes when heat is applied, which result 

in changes to the material and to material properties [102]. For clarity, a distinction should be made 

between thermal decomposition and thermal degradation. Thermal decomposition is a process of 

extensive chemical species change caused by heat, whereas thermal degradation is a process whereby the 

action of heat or elevated temperature on a material causes a loss of physical, mechanical, or electrical 

properties [102]. Thermogravimetric analysis (TGA), in which the weight loss of a sample is measured 

as a function of increasing temperature, is an accepted technique in determining the thermal and 

oxidative stabilities and the compositional properties of polymers and polymer blends. It remains the 

most commonly used thermal decomposition test in both homogenous and non-homogenous polymer 

blends [73,80,84,86,101–103,114,115]. Compositional analysis via TGA is used to determine the amounts 

of organics, such as polymer, carbon black, and ash fillers in a rubber compound [116].  

Fourier transform infrared spectroscopy 

Generally, polymeric materials are subjected to oxidation, the rate of which depends partly on the 

polymer type and end use conditions. It is important to characterise the degree of polymer oxidation in 

the exposed samples as oxidation leads to both chain scission and crosslinking of polymer chains which 

may result in embrittlement [73]. This occurs because during oxidation processes, additional saturation 

reactions of the residual carbon double bonds occur. The additional saturation reactions result in 

crosslinking reactions very similar to those occurring during the initial vulcanisation processes of 

elastomer manufacture [89]. Oxidation of rubber can result in the loss of physical properties such as 

tensile strength, elongation, and flexibility. For this reason, oxidation stability can be used as a 

determinate of service life [86]. With FTIR-ATR the bands that characterise EPDM rubbers are found 

via the wavenumbers attributed to their vibrational modes [79]. 

Soxhlet extraction 

Crosslinking and chain scission kinetics are related to the evolution of the soluble and insoluble 

fractions of a material. A decrease of the soluble fraction can be due to the formation of new crosslinks, 

while an increase in the soluble fraction relates to chain scission having occurred in the polymer matrix 

[83,106,117,118]. Solid-liquid solvent extraction of solid samples serves to remove and separate 

compounds of interest from insoluble high-molecular-weight fractions. The Soxhlet extractor is the most 

widely used leaching technique for this purpose, whereby the sample is placed in a thimble-holder that 

is gradually filled with solvent from a distillation flask. When the solvent reaches the overflow level, a 

siphon aspirates the solute from the thimble-holder and unloads it back into the distillation flask, thus 

carrying the extracted analytes into the bulk liquid. This operation is repeated until extraction is 

complete. Although a simple technique, Soxhlet extraction can extract more sample mass than most of 

the latest alternatives including microwave-assisted and supercritical fluid extraction [119]. 

Once extraction is complete, the soluble and insoluble fractions of the vulcanised EPDM are 

separated. The gel fraction is defined as the insoluble fraction of the polymer matrix. This comprises 
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potential filler additives such as MgO or ZnO, sulphur, and carbon black which are all fixed within the 

polymer network and thus contribute to the insoluble fraction. Other chemicals, in particular oil and 

accelerator residues, are assumed to be extractable, and are collectively known as the soluble fraction of 

the polymer [99]. 

The gel fraction 𝐺  is determined via [118,120]: 

 

 𝐺 =
𝑀

𝑀 𝑥 100% (2.3.8) 

 

where 𝑀  is the mass of the dry gel post extraction and 𝑀  is the mass of the rubber sample 

pre extraction. The soluble fraction 𝑆 , containing all the non-polar substances, is equal to 1 − 𝐺  [106]. 

In many studies, matrix network chain density is estimated using the Flory-Rehner equation [121]. 

However, as noted by Planes et al [106], this equation depends on a constant coefficient 𝑓 describing the 

network functionality, and the Flory–Huggins polymer–solvent dimensionless interaction term. However, 

the network functionality is decreased as a result of material ageing, and the value of the Flory–Huggins 

parameter is also difficult to estimate after material degradation. To compound this problem, the result 

calculated from the Flory-Rehner equation is strongly sensitive to the Flory–Huggins parameter. 

Valentin et al. [122] also agree with this assertion. They have shown that certain approximations used 

in the Flory-Rehner equation fail in both the description and the prediction of the rubber network 

behaviour. They conclude that the Flory−Rehner equation is only useful as a qualitative evaluation of 

crosslink density. Given these observations only the soluble fraction data is considered in this work as 

an indicator of crosslink density and additive leaching. 

Accelerated Life Testing 

Accelerated life testing is an important and necessary step in the development of new material sets 

and new material applications in a range of industries. Several methods are available for extracting useful 

data which describes actual operation from accelerated testing data [123,124]. Tang and Chang [125] use 

the Eyring model to explain degradation measure dependence on accelerated factors. Park and Padgett 

[126] describe a method for extracting information from accelerated degradation testing with multiple 

degradation factors. By applying these methods, it is possible that the collected data can be used to 

develop models of component failure, as the accelerated life data informs the first modelling steps during 

the product design and development phases. However, care must be given to ensure that the failures 

seen during accelerated testing are analogous to real‐world failures. Accelerated testing conditions can 

result in fault modes which only occur under the accelerated conditions. 

‘Corrodere’ is the Latin term for gnawing or slow degradation, which can gradually lead to the loss 

of physical and/or mechanical properties in polymers and cause problems such as leaks, requiring costly 

repairs, particularly in safety critical industries such as in the mining, gas and oil industries. Polymers 

which are used for corrosion protection can themselves become a main feature of corrodere. Coatings, 

liners, umbilicals, O-rings, seals or other protective systems can all be attacked in a slow but insidious 

way. Hydrolysis of the polymer is one of the most common breakdown mechanisms, which applies to 

polymers such as nylon, polyurethanes, and polyesters that have hydrolysable linkages in the main chain. 

Other mechanisms include oxidative degradation, particularly if air can gain access, and biodegradation 

of the polymer. Accelerated aging tests followed by mechanical testing and molecular weight analysis 

are the most useful general methods for appraisal of the likely future state of the polymeric material 

[127]. 
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Using a combination of the EPDM degradation test methods described above, several researchers 

have investigated accelerated life testing of polymers to help product development and characterisation. 

Deepalaxmi and Rajini [81] exposed EPDM and Silicone Rubber to gamma/electron beam irradiation 

for their use as seals in Nuclear Power Plants, in order to forecast long-term performance. Dixon and 

Boyd [128] investigated the effects and underlying mechanisms of ageing of poly(ether block amide) used 

in angioplasty balloons. They recommend the use of accelerated testing protocols at temperatures of up 

to 45°C to generate room temperature shelf life estimates. Hamid and Amin [129] carried out natural 

and artificially accelerated weathering trials on low‐density polyethylene samples used for agricultural 

and disposable purposes. They found that the confidence level of predicting lifetime on the basis of 

artificially accelerated exposure trials is dependent on many parameters, which include time, material, 

equipment, etc. The authors do not recommend a particular testing methodology which is superior. 

Conversely, Miyano et al [130] developed an accelerated testing methodology based on the time-

temperature superposition principle for the prediction of long-term fatigue life of polymer matrix 

composites. The authors demonstrated that their methodology was a robust way of long-term strength 

and life prediction for the polymer matrix composites, and summarised the detailed procedure for 

formulating the master curves of creep and fatigue strengths for the composites. These curves can be 

used by other authors as the master curves for the the analysis of micromechanics of failure. Le Gac et 

al [131] investigated the durability of polymer coatings used as thermal insulation of steel pipes in the 

offshore oil and gas industry, a major issue for this industry. The authors characterised polymer evolution 

during ageing using both mechanical (tensile test and DMTA) and chemical (FTIR) analyses. Lee et al 

[132] investigated the tribological properties of a fluorocarbon elastomer seal with the aim of developing 

suitable accelerated wear test conditions. Their accelerated life testing method could serve as a good 

reference for development of accelerated life testing methods for other types of elastomers and seals to 

later be used to aid in life prediction. 

2.4 Statistical analysis techniques for reliability model development 

One of the essential technical pillars which has supported the rise of reliability engineering as a 

scientific discipline is the theory of probability and statistics. The developments within statistical 

reliability approaches have been driven by a cultural shift from the traditional industrial economy, 

valuing volumetric output, to the modern industrial economy centred on service delivery, i.e. product 

performance. This change of view has led to increased attention of system availability and the 

development of techniques for its quantification. Statistical analysis techniques within reliability 

engineering have been challenged by three fundamental tasks: system representation and modelling, 

system model quantification, and uncertainty modelling and quantification. Given the complexity of 

modern industrial systems, an integrated approach in which the hardware, software, and human elements 

of the systems and their dynamic interdependences are taken in to account are required in combined 

frameworks [133]. 

2.4.1 Survival and hazard functions 

Two critical functions for describing data within reliability analysis are the survival function 𝑆(𝑡) and 

the hazard function ℎ(𝑡). 

The survival function is the probability that a component or system survives longer than some time 

𝑡, formally: 

 

            𝑆(𝑡) = 𝑃(𝑇 > 𝑡) (2.4.1) 
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where 𝑇 is a continuous random variable describing the time elapsed until component failure. The 

survival function is therefore the inverse of the cumulative distribution function 𝐹(𝑡) of 𝑇, i.e.: 

 

            𝑆(𝑡) = 1 −  𝐹(𝑡) (2.4.2) 
 

From this it can be seen that 𝑆(𝑡) is non-increasing and has the following properties: 𝑆(𝑡) = 1 for 𝑡 =

0 and 𝑆(𝑡) → 0 as 𝑡 →  ∞ [44,134]. 

The hazard function is defined as the instantaneous failure rate at any time instant 𝑡, given that the 

component survives up to time 𝑡. It measures how likely a component is to fail as a function of the age 

of the component [135]. It is defined as: 

 

            ℎ(𝑡) =  
𝑓(𝑡)

1 − 𝐹(𝑡) =  
𝑓(𝑡)

𝑆(𝑡) 
(2.4.3) 

 

where 𝑓(𝑡) is the probability density function of 𝑇 [134]. 

 

2.4.2 Multi-State degradation models 

The basic assumption within traditional statistical reliability techniques is that the failure 

phenomenon is characterised to a large extent as a random event, more particularly in respect of the 

‘instant’ of failure. Approximating statistical models to characterise failure attributes entails collecting 

failure data from a population of similar components operating in the field. Based on the time to failure 

data estimates and number of failures encountered the failure rates are estimated. However this can lead 

to relatively large levels of uncertainties due to, for example, non-availability of sufficient data, adequacy 

of the model that represents the data trends, and improper interpretation of the data and models [136]. 

To reduce these uncertainties, traditional statistical modelling approaches have required the availability 

of large amounts of historical process data [137]. A commonly adopted assumption underlying the 

quantitative analysis of system failures by reliability engineering methods is that systems are made up 

of binary components, i.e. devices that can be in two states: functioning or faulty. However, modern 

industrial systems are represented more accurately as multi-state systems, meaning the systems overall 

performance level lies somewhere between 0% and 100% of the nominal system capacity. The difference 

between the two approaches is illustrated in figure 2.8. The analysis of multi-state systems entails the 

development of new representation, modelling and quantification techniques [133]. 

 

 
Figure 2.8: Binary and multi-state system approaches in reliability modelling. Adapted from [133]. 
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The multi-state degradation failure model was first introduced by Sim and Endrenyi [138]. Their 

modelling assumptions were that the system experiences several stages of performance degradation before 

it fails and the time for the system to stay in each stage was exponentially distributed. While multi-

state degradation modelling approaches can be utilised within traditional CBM paradigms, they can also 

be exploited in industrial situations where no CBM technology exists or is suitable for a given application. 

One typical source of information that can replace traditional CBM data is provided by the practice of 

observing the inspected or replaced components and classifying their degradation state into multiple 

exclusive degradation categories. This allows collecting observations about equipment degradation 

condition in different instants of its lifetime. This means the model introduced by Sim and Endrenyi can 

be extended to situations where the system undergoes periodic inspections to determine what degradation 

stage it is in. At each stage, minor preventive maintenance may be carried out to restore the system to 

the previous deterioration stage, while major maintenance work restores the system to ‘as good as new’ 

[42]. Multi-state degradation modelling can be employed to statistically treat this type data via the 

discretisation of the equipment degradation process into three or more states, each one associated with 

a certain range of values of suitable degradation indicator variables. Examples of this approach are 

numerous in the literature. Compare et al [139] investigated oxidised areas in gas turbine nozzle systems. 

Baraldi et al [140] investigated electrical resistance values in electrical power switches. Moghaddas and 

Zuo [141] studied the linear extent of wear in bearing shells. Liu et al [142] developed a Bayesian 

framework to assess the reliability and performance of multi-state power generating systems. The main 

advantage of the multi-state modeling approach over the widely used binary model lies in its ability to 

more accurately fit the sequential phases of degradation, which may even be physically different to one 

another  [143]. 

2.4.3 Parametric distributions within reliability analysis 

The most common parametric model used in reliability analysis is the Weibull distribution, despite 

the fact that statisticians initially chose the exponential distribution to model life data because the 

statistical methods for it are relatively simple [18,28,144]. Despite being easier to model, the exponential 

distribution is limited in applicability because it has only one parameter, the scale parameter 𝜆, also 

known as the characteristic life of a component or system. By adding a shape parameter 𝛽, the 

distribution becomes considerably more flexible. The generalisation of the exponential distribution to 

include the shape parameter is the Weibull distribution [134]. With regards to multi-state degradation 

models, the transition times from one state to another are often assumed to be Weibull-distributed 

[141,145]. This choice is due to the flexibility that the Weibull distribution offers in the variability of its 

parameters, as well its ability to retain ‘memory’ of previous degradation states. This means the time 

spent by a component in a particular degradation state can influence the next stochastic state transition 

time [146]. The cumulative distribution function 𝐹(𝑡) of the Weibull distribution 𝑊(𝜆, 𝛽) is [134]: 

 

            𝐹𝑤(𝑡|𝜆, 𝛽) =  1 − 𝑒  (2.4.4) 

 

 

where  ≥ 0, (𝜆, 𝛽) ∈ (0, ∞). The density function 𝑓(𝑡), also known as the failure distribution, is 

[134,147]: 

 

            𝑓𝑤(𝑡|𝜆, 𝛽) =  
𝛽

𝜆
𝑡

𝜆  𝑒  (2.4.5) 
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The hazard rate and survival function of the Weibull distribution therefore are, respectively, the two 

parameter models [18,28,134]: 

 

            ℎ(𝑡) =  
𝛽

𝜆
𝑡

𝜆  (2.4.6) 

 

and: 

 

            𝑆(𝑡) =  𝑒  (2.4.7) 

 

 

The Weibull distribution is extremely flexible in its ability to model numerous forms of reliability 

data. It allows for the modeling of components with decreasing failure rate as a function of time when 𝛽 

< 1, for components with constant failure rates when 𝛽 = 1, and components with increasing failure 

rates when 𝛽 > 1 [28,134]. When 𝛽 = 1 the Weibull distribution becomes the exponential distribution, 

when 𝛽 = 2 it becomes the Rayleigh distribution, while for 3 ≤ 𝛽 ≤ 4 the Weibull distribution can be 

approximated via the normal distribution. For large values of 𝛽, typically ≥ 10, the Weibull distribution 

can be approximated as the smallest extreme value distribution [134]. Different Weibull probability 

density, hazard rate, and survivor function curves are shown in figure 2.9, representing different values 

of the shape parameter 𝛽 with a fixed scale parameter 𝜆 = 1. Note how the hazard rate for 𝛽 = 0.5 

begins elevated, signifying high infant mortality rates, which then decreases as time continues. This 

trend is reversed for 𝛽 = 2 and 𝛽 = 4. Note also how the hazard rate for 𝛽 = 1, i.e. the exponential 

distribution, remains constant.  Constant failure rates are also known as ‘hard’ failures in the sense that 

the system fails abruptly under such circumstances, rather than gradually worsen over time. Gradual 

degradation failures are also known as ‘soft’ failures [42]. 

 
 

 
Figure 2.9: Weibull failure f(t), survivor function S(t), and hazard rate h(t) distributions for different 

shape parameters 
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In industrial applications, systems and components exist within complex environments described by 

a multitude of both operational and ambient conditions. It is expected that equipment operating under 

harsh conditions will fail earlier than equipment operating under more mild conditions. To improve the 

reliability estimation of systems and components, reliability lifetime modelling approaches need to encode 

these different influencing conditions. This need leads to the development of degradation models 

including explanatory variables that describe the operational environment [18]. Particularly in industrial 

applications where system downtime must be minimised, it is necessary that as many significant factors 

as possible, describing the operational and environmental conditions in which the system is operating, 

are taken into account. These operating conditions, known henceforth as covariates, can remarkably 

influence the degradation process of a system. It is of course intuitive to consider usage conditions, both 

past and future, when estimating the RUL of a system. Methods which commonly fall into this category 

include regression analysis with prognostic monitors, Markov Chain models, physics‐ of‐failure models, 

and Life Consumption models [28]. 

Despite their being numerous models available with which to encode the effect of covariates on 

component lifetime, the two classical approaches proposed and used in a wide range of applications are 

the Accelerated Life and Proportional Hazards Models, both of which have proven to be effective [148]. 

Both approaches consider a baseline probability model, or hazard rate, describing the evolution of the 

degradation process under a single operating condition, often labelled as a ‘time’ variable. This can be 

any function such as calendar time, hours of operation, time under a certain environmental condition 

etc. Additional covariates are then introduced to the model which refines the modelling of the 

degradation process by taking into account further conditioning aspects of the component life, such as 

environmental exposures, static and dynamic loadings etc. The additional covariates influence the 

equipment hazard rate, which can also mean the rate of transition between degradation states [149]. 

Both accelerated life and proportional hazards methods build on the baseline probability model which 

describes the failure state transition times when all the considered covariates are null. The difference 

between the accelerated life and proportional hazards models lies in the modelling of the dependence of 

the aging process on the covariates: multiplicative factors in the failure rates are used in proportional 

hazards models to model the effects of covariates [150], whereas the covariates impact on time to failure 

in accelerated life models [151–153]. Conveniently however, the accelerated life and proportional hazards 

models coincide when the baseline function is parameterised into a Weibull distribution, taking 

advantage of both models [148]. As covariates can easily be incorporated into Weibull proportional 

hazards models and their effects on the hazard rate evaluated, this is highly advantageous over other 

statistical approaches in modelling times to failure [154]. 

Proportional Hazards Model 

The Cox Proportional Hazard Model is a well-known method capable of including additional stress 

information related to the environmental and operating conditions which modifies the baseline, ‘average’ 

hazard rate [18,150]. Specifically, Cox assumed that the survival distribution satisfies the condition [134]: 

 

            ℎ(𝑡|𝑥) =  ℎ (𝑡)𝑒
∑

 (2.4.8) 

 

where the additional stress information is represented by the multiplicative covariates 𝑍 . Failure 

data collected at different covariate conditions are used to estimate the coefficients 𝛾 , typically by 

ordinary least square algorithms [18]. ℎ (𝑡) is called the baseline hazard function, because it is the value 

of the hazard function when 𝑍 = 0 [134]. The coefficients 𝛾  tune the effects of the selected covariates 

on the multi-state transition times. The Weibull distribution can be incorporated into the Cox 
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proportional hazards model via the parameterisation of the baseline hazard function where the value of 

ℎ (𝑡) is dependent upon the Weibull scale λ and shape parameters β, such that: 

 

            
( )

 ℎ(𝑡|λ, 𝛽, 𝑍 = 0) =  
𝛽

𝜆
𝑡

𝜆  (2.4.9) 

 

which, when the covariates and their coefficients are included, yields: 

 

             ℎ(𝑡|λ, 𝛽, 𝑍 = 0)𝑒
∑

=  ℎ(𝑡|λ, 𝛽, 𝛾, 𝑍) (2.4.10) 

 

From equation (2.4.10) it can be seen that the updated hazard function, which takes into account 

the effects of the covariates, is proportional to the corresponding baseline hazard function. This 

proportionality is a function of the time-independent multiplicative factor 𝑒
∑

. The time 

independency of this multiplicative factor means that coefficients 𝛾 and covariates Z do not depend on 

time. 

Under this hypothesis, usually referred to as the proportional hazards assumption, the Weibull 

baseline hazard model yields a modified Weibull proportional hazards model such that: 

 

             ℎ(𝑡|λ, 𝛽, 𝛾, 𝑍)  ≈ 𝑊𝑒𝑖𝑏𝑢𝑙𝑙 λ

𝑒
∑

, 𝛽  (2.4.11) 

 

Logistic regression 

Regression techniques have been widely used by researchers within data-driven diagnostic and 

prognostic algorithms [155–157]. Within non-probabilistic techniques, some of the best RUL estimation 

results have been obtained by using one of neural networks, Bayesian networks, and regression [158]. 

For example, Yan et al [159] employed a logistic regression model to calculate the probability of failure 

of assets given certain condition variables, and Wang [160] developed a model that can be used to 

determine the optimal critical level in CBM techniques based on a random coefficient growth model 

where the coefficients of the regression growth model are assumed to follow known distribution functions. 

Within data-driven models, regression techniques are considered as numerical techniques, distinct from 

machine learning techniques such as neural networks or decision trees [156]. Logistic regression 

techniques in particular have been adopted by several researchers in establishing proportional hazards 

models. Modelling a proportional hazards model is similar to the process of regress analysis, whereby a 

set of significant covariates is found and only these significant covariates are included in the model. 

However, proportional hazards models modelling differs from regular regression analysis in that there 

are no observations for the hazard rate ℎ(𝑡) and instead observations are available as event data [7]. 

Liao et al [161] used the proportional hazards and logistic regression models to relate multiple 

degradation features of sensor signals to specific reliability indices of a component, and subsequently 

predict its RUL. Their approach modelled multiple correlated degradation features of an individual unit, 

taking into account the multiple degradation features simultaneously. Their study focused only on the 

case where historical data under optimal operating conditions was available. A natural extension of their 

proposed models would be to extend them by considering the effects of different operating conditions. 

Despite this, they report that that the models are capable of providing accurate RUL predictions.  

Logistic regression models can be utilised in degradation analyses  to relate the probability of an 

event to a set of covariates [161]. Unlike linear regression, logistic regression can directly predict 

probabilities which are well-calibrated when compared to the probabilities predicted by other classifiers, 



Literature Review 

33 

 

such as Naive Bayes. The coefficients of the model also provide evidence of the relative importance of 

each input variable [162]. Binomial logistic regression attempts to predict the probability that an 

observation falls into one of two categories of a dichotomous dependent variable based on one or more 

independent variables. The dependant variable 𝑌 undergoes a logit transformation such that [163]: 

 

𝑙𝑜 𝑔
𝑌

1 − 𝑌
= 𝑙𝑜𝑔𝑖𝑡 (2.4.12) 

 

where 𝑌 = 𝑃(𝑋). 

 

The logistic regression model assumes that the log-odds of dependant variable 𝑌 can be expressed as 

a linear function of the 𝐾 input variables 𝑥 such that [162]: 

 

𝑙𝑜 𝑔
𝑃(𝑋)

1 − 𝑃(𝑋)
= 𝑏 𝑥  (2.4.13) 

 

Taking the exponent of both sides of the logit equation yields [162]: 

 

𝑃(𝑋)

1 − 𝑃(𝑋)
= 𝑒∑ = 𝑒  (2.4.14) 

 

where the value 𝑒  relates how the odds of the response being true increase or decrease as 𝑥  increases 

by one unit, all other things being equal. Adapting equation (2.4.14) for reliability analysis, where the 

degradation covariates 𝑍(𝑡) = 𝑥, we assume the odds ratio between the survival function 𝑆(𝑡|𝑍(𝑡)) and 

the cumulative distribution function 𝐹(𝑡|𝑍(𝑡)) = 1 − 𝑆(𝑡|𝑍(𝑡)) is [161]:   

 

𝑆(𝑡|𝑍(𝑡))

1 − 𝑆(𝑡|𝑍(𝑡))
= 𝑒 ( ) (2.4.15) 

 

where 𝛼 > 0 and 𝑏 are the model parameters to be estimated. Finally, the survivor function can now 

be expressed as [161]: 

 

𝑆(𝑡|𝑍(𝑡)) =
𝑒 ( )

1 + 𝑒 ( )
 (2.4.16) 

 

Parameter Likelihood Estimation 

The estimation of the model parameters and the characterisation of the corresponding uncertainties 

are fundamental to properly set and use multi-state degradation models. To do this, different approaches 

have been proposed in the literature, which mainly depend on the available knowledge, information and 

data. Namely, when a substantial amount of collected data is available, techniques from statistical 

analysis can be adopted, which may be purely analytical, e.g. Giorgio et al [164], or numerical, e.g. 

Compare et al [139]. On the contrary, situations characterised by scarcity of data are common in 

industrial applications, particularly with very highly reliable components, newly introduced technology 

etc. In these instances, domain expert knowledge and opinion become valuable source of information to 

be taken into account. Within this context, different approaches have been proposed within both 

probabilistic and non-probabilistic theoretical frameworks. Probabilistic approaches are typically based 
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on the elicitation of subjective expert judgements about the probabilities of occurrence of single events, 

or about the probability distributions of certain quantities of interest [165]. Often, the elicitation process 

is oriented to obtain a suitable prior distribution to be updated in light of the available data, according 

to the Bayesian paradigm [166]. Within the non-probabilistic approaches, Possibility Theory has been 

used to address the situation in which the knowledge regarding the Weibull parameter values is available 

in terms of a set of nested intervals with corresponding confidence levels provided by an expert [167,168]. 

Similarly, the Dempster-Shafer theory of Evidence has been applied to develop a semi-Markov 

degradation model where an interval that is believed to contain the unknown parameter value is asked 

to each member of a team of experts [145]. Fuzzy logic and imprecise probability have also been used 

with the same aim [169]. 

Although many different methods of estimating the parameters and important functions of the 

parameters, for example quantiles and failure probabilities, have been suggested, maximum likelihood 

and median-rank regression methods are the most commonly used today. The maximum likelihood 

estimation function indicates how likely the observed sample is as a function of possible parameter 

values. Therefore, maximising the likelihood function determines the parameters that are most likely to 

produce the observed data [170]. Regarding the proportional hazards model, in order to estimate the 

parameters, it is necessary to have historical data collected under the given operating conditions. Typical 

data will consist of aging times, feature sample paths, and indicators of events, for example exact failure 

times or censored data. Then the log-likelihood function of the collected data is given by [161]: 

 

ℒ(λ, 𝛽, 𝛾|𝐷𝐴𝑇𝐴) = 𝑙𝑛 ℎ 𝑡 𝑍(𝑡 ) ×

∈

ℎ(𝜏|𝑍(𝜏){𝜏: 0 ≤ 𝜏 ≤ 𝑡 })𝑑𝜏

∈{ ∪ }

 (2.4.17) 

 

where 𝜑  is the set of failure times, 𝜑  is the set of surviving times, 𝑡  is the failure time of the 𝑗   

component, 𝑡  is either the failure or the surviving time of the 𝑘  component, and 𝑙𝑛 ℎ 𝑡 𝑍(𝑡 )  is the 

natural log of the hazard rate. The integration of the data can implemented using a method such as the 

adaptive Simpson quadrature rule [161]. 

The goal of logistic regression is to estimate the unknown parameters 𝑏  in equation (2.4.14). This 

again is done with maximum likelihood estimation which entails finding the set of parameters for which 

the probability of the observed data is greatest. The maximum likelihood equation is derived from the 

probability distribution of the dependent variable, which in the case of logistic regression is the binomial 

distribution [171]. The log-likelihood function of the logistic regression model can be expressed as [162]: 

 

ℒ(𝑋|𝑃) = 𝑙𝑛{𝑃(𝑥 )}

,

 × 𝑙𝑛{1 − 𝑃(𝑥 )}

,

 (2.4.18) 

 

where (𝑋, 𝑦) is the set of observations. If 𝐾 is the set of the input variables 𝑥, then 𝑋 is a 𝐾 + 1 by 𝑁 

matrix of inputs where each column corresponds to an observation, 𝑦 is an 𝑁-dimensional vector of 

responses, and (𝑥 , 𝑦 ) are the individual observations. 

In reliability applications, data sets are typically small or moderate in size. Simulation studies show 

that in small sample designs where there are only a few failures, the maximum likelihood estimation 

method is better than the least squares estimation method, commonly used in other types of regression 

analysis. With heavily censored datasets, the maximum likelihood estimation method uses the 

information in the entire data set, including the censored values. The least squares estimation method 

ignores the information in the censored observations. Typically, the advantages of the maximum 

likelihood estimation method outweigh the advantages of the least squares estimation method [170]. 
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When sample sizes are large, it is harder to reject more complex models because the chi-square test 

statistics are designed to detect departures between a model and observed data. Therefore, adding more 

terms to a model will always improve the fit, but with a large sample it becomes harder to distinguish 

between actual improvements in fit from trivial ones, with of course the added danger that model 

overfitting is present.  Likelihood-ratio tests alone often lead to the rejection of acceptable models, and 

models become less parsimonious than they need to be. Therefore, information measures such as Aikake 

Information Criterion (AIC) have become increasingly popular. The AIC proposed in Akaike [172] is a 

measure of the goodness of fit of an estimated statistical model. It is grounded in the concept of entropy. 

The AIC is an operational way of trading off the complexity of an estimated model against how well the 

model fits the data. The basic idea is to compare the relative likelihood of two models as opposed to 

finding the absolute deviation of observed data from a particular model. AIC essentially has an in built 

penalty for including variables that do not significantly improve model fit. 

The AIC method is defined as [172]: 

 

 𝐴𝐼𝐶 =  −2 × 𝑙𝑜𝑔 (𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑) + 2𝑘 (2.4.19) 
 

where p is the number of model parameters, k = 1 for exponential models, k = 2 for Weibull, log logistic, 

and log normal models [173]. 

Particularly with large samples, information measures can lead to more parsimonious and adequate 

models. Another advantage of information measures is that you can compare the fits of different models, 

even when the models are not nested. This is particularly useful when you have competing theories that 

are very different. The smaller the value of the statistic, or the more negative the value is, the better 

the fit of the model [174]. A commonly used check of the goodness of fit of a logistic model is the pseudo-

𝑅  measure proposed by Cragg & Uhler [175] and Nagelkerke [176]:  

 

 
𝜓 ∶= 𝑅 =

1 −
ℒ
ℒ

⁄

1 − (ℒ ) ⁄
 

(2.4.20) 

 

where ℒ  is the likelihood of the logistic model without covariates, and ℒ is the full model with covariates.  

It is necessary to reduce the number of model parameters as parametric prognostic models require 

non-negligible amounts of data to estimate the model parameters. This means that the larger the number 

of covariates, the larger the number of parameters, and accordingly the larger amount of data required 

to tune the model. This is a critical consideration, as the selection of the most influential covariates can 

have a significant impact on the effectiveness of the resulting degradation model, since irrelevant and 

noisy covariates tend to unnecessarily increase the complexity of the model and thus degrade modelling 

performance. With these considerations, variable selection is strongly beneficial for analysis based on a 

small amount of data [146]. Methods used to select relevant variables from a larger set of alternatives 

can be divided into filtering and wrapper methods [177–180].  Filtering selects the significant covariates 

independently from a model used for prediction, based on heuristics that significantly reduce the 

computational burden. Filtering approaches work well within frequentist probabilistic frameworks, and 

the use of frequentist analysis to perform filtering selection does not entail a loss in prior information 

about the effect of the covariates, as there is no other source of information about the effects of the 

covariates available. Wrapper methods look at the improvement on predictive performance of the final 

model using combinations of the filtered subset of covariates [177]. For smaller datasets, filtering methods 

have a distinct advantage in that they avoid overfitting of the model and the heavy computation required 

to analyse the full initial dataset. 
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Degradation‐based prognostic algorithms are the only true individual‐based estimation methods. 

Making RUL estimates based on actual component condition is considered the ultimate goal for high 

risk and high value systems. Because these algorithms involve trending some measure of component 

degradation, also known as a prognostic parameter, identification of an appropriate prognostic parameter 

is critical. However, prognostic parameters do not have to be directly measured phenomenon. They could 

be obtained through a function of several measured variables that provide a quantitative measure of 

degradation. Thus, several measures of key degradation sources may be combined to provide a robust 

prognostic parameter for estimating RUL. Commonly, identification of prognostic parameters is left to 

expert analysis and engineering judgment. If any first‐principle, or physics of failure, information is 

available about the system, this knowledge can also be used to inform parameter identification. In the 

absence of any specific engineering knowledge of the system, however, parameters are typically identified 

through visual inspection [28]. 

2.5 Soft-sensors 

To accurately predict the remaining useful life of systems and components, prognostic frameworks 

presume that there is predictability in the failure time of the system. Although the most reliable approach 

to lifetime prediction is the use of precise first-principle models, such models are not available in most 

newly developed processes and modelling of a complex industrial process is very difficult and time-

consuming. In particular, it is difficult to build precise first-principle models that can explain why defects 

appear in components. To circumvent this problem, operational data can be used in a data-based 

approach to monitor and control numerous process variables [181]. To achieve an accurate data-driven 

prognostic model, failure event model uncertainty must be reduced through the identification and 

inclusion of as many system variables as possible. Typical industrial case studies however often involve 

failure events where little failure data is available and where the component degradation process is not 

well characterised or understood. The problem for maintenance decision makers in establishing 

maintenance plans in these circumstances is exacerbated for components which cannot be assessed by 

traditional CBM methods, meaning the actual degradation state of the system at any time t cannot be 

determined. This can occur due to there being no technology developed to monitor the condition of the 

component in question, the inability to interfere with the process stream with additional sensorisation 

suites, the failure mode condition that requires monitoring may not be known, or the requisite 

technological knowledge may not be available or be too expensive [44]. In these circumstances a ‘soft-

sensor’ approach can be utilised. Soft-sensors act as inferential system health estimators via proxy process 

indices. Models devoted to the estimation of other variables are known either as inferential models, 

virtual sensors, or soft-sensors [26,44]. Soft-sensors are essentially mathematical models which relate 

operating conditions to component condition using multivariate statistical techniques [181]. The basic 

idea of soft sensing is therefore to estimate the outputs of primary variables by easily measured secondary 

variables, which are correlated to the primary variables [182]. Soft-sensors offer a number of advantages 

in situations where it is impossible to install online measuring devices due to limitations in measuring 

technology [26]. These include [26]: 

 

 Soft-sensors are a low-cost alternative to expensive hardware devices, allowing the realisation 

of more comprehensive monitoring networks 

 Soft-sensors can work in parallel with hardware sensors, thereby giving useful information 

related to fault detection tasks 

 Soft-sensors can be implemented using existing hardware and retuned when system 

parameters change 
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Figure 2.10: Schematic representation of soft-sensor development. Adapted from [44] 

 

Designing a soft-sensor exploits the concept of gathering and combining numerous measurable 

quantities or features as inputs, and outputting the time evolution of a fault pattern [44]. A schematic 

representation of a virtual soft-sensor is shown in figure 2.10. 

Soft-sensors, modelled as latent variables, have revolutionised industrial multivariate statistical 

process control by improving early fault detection capabilities over univariate methods [183]. Latent 

variable methodologies exploit the main characteristic of process databases, namely that although they 

consist of measurements of a large number of variables, these variables are highly correlated and the 

effective dimension of the space in which they exist is very small. Latent variable methods that exploit 

the correlation of process variables, and therefore model the structure of the process space, are extremely 

powerful when dealing with two common problematic characteristics of industrial historical databases, 

namely missing data and low content of information in any one variable [183]. The most commonly cited 

methods for constructing latent variables using multivariate statistical methods are principal component 

analysis and partial least squares, and both have attracted wide research interest [182,183]. For example, 

Kresta et al [184] utilise two case studies from distillation column control to demonstrate the general 

development of inferential models via partial least squares, Mejdell and Skogestad [185,186] implemented 

both principal component analysis and partial least squares estimators’ of product compositions within 

distillation columns, and Lin et al [187] utilise both principal component analysis and partial least squares 

to develop a systematic approach for soft-sensor development. The key issue of soft-sensor design and 

multivariate statistical process control is not only selection or usage of modelling methods but selection 

of process data suitable for modelling, and selection of input variables necessary for estimation and 

monitoring. In practice, most efforts are devoted to such preparation. An efficient and robust procedure 

needs to be developed for adequate data pre-processing and model adaptation [181]. Statistical methods 

also become extremely powerful when combined with process-related knowledge. Therefore, utilising 

contextual knowledge can help determine which variables to include, as well as transform raw data into 

useable information, and decide on the frequency of data sampling. It is therefore important that domain 

expert knowledge from industry always be exploited when developing predictive models. Specific process 

knowledge, as well as general technical knowledge of the unit operations, can be utilised to convert the 

raw process variables to meaningful variables appropriate for modelling [188]. 

The core of a soft-sensor is the generation of a virtual measurement to replace a real sensor 

measurement. Soft sensing modelling is a problem of signal estimation, interpolation and prediction [182]. 

Models based on first principles, known as phenomenological or white box models, are often not available 

due to the complexity of industrial processes. As a result, data-driven, or black box, models are the most 

popular with which to develop soft-sensors. The problem of empirical modelling is to find a model with 

the best generalisation and prediction performance, given the empirical data. Currently, empirical soft 

sensing modelling techniques include multivariate statistics, Kalman filters, artificial neural networks, 

regression models, fuzzy logic, and hybrid methods [182]. The process of utilising mathematical 

techniques and industrial process knowledge to develop soft-sensor solutions is outlined in figure 2.11. 
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Figure 2.11: Overview of soft-sensor development in the process industry. Adapted from [27] 

 

Historical process data can be exploited using data driven soft-sensors developed using statistical 

and machine learning techniques to obtain additional information that can be used to make decisions 

towards more efficient and safe process operation. This kind of information can be an instant prediction 

of the variables that are related to the product quality, or the estimation of a current process or system 

state, which can be achieved using process monitoring and fault detection soft-sensors [26,188,189]. 

However, model building in this context is not a trivial task, because historical data are often data rich 

but information poor [190]. Data-driven based soft-sensors are developed when no detailed knowledge is 

available about the process being modelled. Therefore, process data is used to build statistical models to 

determine the relationship between the inputs and outputs. In this regard statistical regression methods 

have become increasingly popular techniques for process modelling and are used for both fault detection 

and quality estimation [191]. Data-driven and model driven approaches can also be combined, creating 

what has been termed as a ‘grey-box’ approach [27]. For example, a statistical model can act as the 

input to a physical model in the form of differential or algebraic equations. Outputs of physical models 

can also be transformed by a statistical model, or the difference between measured and calculated 

variables can act as the inputs of a statistical model used for correction [191]. An example of where this 
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grey-box approach would be useful is where there is a need to build a semi-Markov degradation model 

in an intermediate situation between that of having a sizeable amount of field data (which would justify 

the application of traditional statistical techniques in the frequentist probability framework) and the 

opposite, of having no data available (which has been historically treated with non-probabilistic 

techniques that avoid information commitment). The objective is to fully exploit all the available sources 

of information in a coherent way. To do this, one can resort to the Bayesian statistics framework, which 

allows combining the prior knowledge of experts with the evidence coming from field data to build a 

degradation model useful for maintenance applications [139,192]. The proposed methodology allows the 

elicitation of the prior distributions of the model parameters, avoiding possible commitment of prior 

information provided by an expert.  

The general procedure of data-driven soft-sensor development, defined by Abonyi et al [191], is shown 

in figure 2.12. 

 

 
Figure 2.12: Data-driven soft-sensor development methodology. Adapted from [191]. 

 

1. Data inspection: Specification of the critical unmeasured variables, how to calculate them 

from measured data, and an overview of the data structures 

2. Selection of historical data and identification of stationary states: Data to be used for the 

training and evaluation of the model are selected. Stationary segments of the data have to 

be identified and selected 

3. Data pre-processing: Includes normalisation of data, handling of missing data, outlier 

detection, and selection of relevant variables. 

4. Model selection, training and validation: Selection depends on the application, nature of the 

data, and personal preferences. If possible simpler models should be developed first, with 

model complexity gradually increasing as long as significant improvement in performance 

can be observed. 

5. Validation and testing: After finding the optimal model structure and training the model, 

evaluation of the model performance is needed. 

6. Maintenance: When a soft-sensor is developed, its performance may deteriorate as process 

characteristics changes. Soft-sensors should be updated to follow these changes. 

 

As is often the case, no one statistical method can be described as better than all others for all 

situations or for all criteria [193]. This relates to the well-known ‘no free lunch’ theorem of Wolpert and 

Macready, who state that “if an algorithm performs well on a certain class of problems then it necessarily 

pays for that with degraded performance on the set of all remaining problems” [194]. It is often necessary 

therefore to use several approaches and base conclusions on a combination of analysis results [193].  

2.5.1 Soft-sensors in the process industries 

Soft-sensors have been widely used in industrial process control to improve the quality of the product 

and assure safety in production. Several methods have been proposed for constructing soft-sensor models. 

Yan et al [182] proposed a soft sensing modelling method based on support vector machines and the 

Bayesian evidence framework to estimate the freezing point of light diesel oil in a distillation column, 

due to it being impossible to measure online given the limitation of both process technology and 
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measurement techniques. The authors develop the soft-sensor model using process data records and 

laboratory analysis results. The authors do not comment on the models’ stability or robustness. Kano et 

al [195] present a partial least squares regression approach to develop a soft-sensor to estimate the 

product compositions of multi-component distillation columns from online measured process variables 

such as tray temperature, reflux flow rate, reboiler heat duty, and pressure. The authors claim that 

inferential models can be greatly improved by using dynamic time-series based models, as opposed to 

steady-state models. Kadlec et al [189] agree with this assertion, claiming that the performance of static 

models starts to deteriorate during their online operation. All data used for model development was 

simulated. Recently, Ruilan et al [196] utilised genetic algorithms to optimise the parameters of a support 

vector machine to estimate the melt index in polymer manufacture. They do not report on the industrial 

application of the model post-development. Lin et al [187] presented a systematic approach to build 

data-driven soft-sensors partly to predict emissions due to cement kiln processes. Due to the low signal-

to-noise ratio of industrial operations data, they demonstrate that data pre-processing is an essential 

step. The authors used statistical techniques to extract the relevant process information in the presence 

of outlying observations. While an industrial case study was used, the model is not implemented in an 

industrial application. 

Soft-sensors are particularly suited to chemical processing industries, such as biopharmaceutical 

production, due to the lack of reliable online sensors which can detect important state variables, the 

nonlinear and time-varying nature of the production systems, and the slow response of the process, in 

particular for cell and metabolic concentrations [197]. Sterility requirements within the 

biopharmaceutical industry also make online mass sensorisation difficult. Cheruy [198] states that a 

common bottleneck in bioprocess monitoring and control is often caused by the lack of reliable sensors, 

raising the need for soft-sensor development. Guenard and Thurau [199] further outline some of the 

important considerations for sensorisation implementation within chemical processing industries such as 

biopharmaceutical production. These include instrument deployment in a hazardous processing 

environment, regulatory requirements for implementation in a current good manufacturing practice 

(cGMP) setting, and data management and interface with plant systems. Operation of instruments and 

systems in strict chemical processing cGMP environments also necessitates development of standard 

operating procedures and procedural workflows including instrument qualification and change control. 

More recently skid-based process and instrumentation configurations have been developed. However, the 

actual location of sensors in the system has been shown to have a significant impact on measurement 

ability and accuracy due to issues such as sensor fouling, especially for heterogeneous systems [200]. 

Sensorisation in this industry can therefore be problematic. While a high degree of sensor sensitivity is 

typically required, a key condition for reliable measurements is that all instrumentation should be robust 

enough to endure the typical variations of a chemical process environment [201]. 

Soft-sensors are particularly widespread in the pharmaceutical industry in connection with Process 

Analytical Technology where they are used to generate online quality estimates based on online 

analytical measurements [191]. De Assis and Filho [202] review the use of soft-sensors in the 

biopharmaceutical industry for predicting process variables such as those relating to cell product 

concentrations, cell mass, etc. The authors suggest that two models particularly suited to 

biopharmaceutical processes are the Kalman filter and artificial neural networks. However, the authors 

also state that the Kalman filter requires a large design effort and a priori estimates of measurement 

noise and model uncertainty characteristics, while large amounts of experimental data are needed to 

train neural networks. In a practical setting, this may hinder the industrial use of such models. Desai et 

al [203] present a machine learning based modelling formalism known as support vector regression for 

the development of soft-sensor applications in fed-batch biopharmaceutical processes. The authors allude 

to the difficulty of direct sensorisation within biopharmaceutical processes given the lack of available 

sensorisation technology, making it particularly suited to soft-sensor development. The authors opine 
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that empirical modelling approaches are most suited to biopharmaceutical processes given the complex 

nonlinear process dynamics. All data used in the model development was simulated. 

2.5.2 Data fusion in soft-sensor development 

 

 
Figure 2.13: Knowledge fusion approach to system reliability prediction. Adapted from [44] 

 

Within traditional system health monitoring, fusion technology plays a significant role [44]. The 

incorporation of external data can yield more information and lower the variance in the parameter 

estimates of predicted response variables [193]. The combination of multiple sensors in a multi-sensor 

data array to validate signals and create features is common in modern industrial applications. For 

example, multiple sensors can be used to create time-synchronous averaged signals. At a higher level, 

fusion may be used to enhance diagnostic information. An example would be the use of vibration sensor 

information concurrent with data on lubrication oil particle count in a bearing. The combined result 

enhances the confidence about the bearing health prediction. Developing this methodology further within 

a PHM framework allows for a total knowledge fusion approach. This approach combines experience 

based information such as legacy failure rates, reliability testing data, and a-priori human knowledge 

with traditional signal based information from sensor data [44]. This approach is outlined in figure 2.13. 

Bayesian inference for knowledge fusion 

Bayesian approaches to estimating uncertainty are common because they naturally incorporate 

information about the current system with prior knowledge, for example expert opinions, results of past 

analyses etc. [204]. The basic idea of model selection within the Bayesian framework is to maximize the 

posterior probability of parameter distribution to obtain the optimal parameter. According to the 

Bayesian theory, the most possible parameters value and optimal model are obtained at the point where 

posterior of these parameters distribution are maximum [182]. 

The Bayesian rule can be described as: 

 

 𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =  
𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑥 𝑝𝑟𝑖𝑜𝑟 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦

𝑒𝑣𝑖𝑑𝑒𝑛𝑐𝑒
 (2.5.1) 
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Bayesian inference can be used to determine the probability that a particular fault diagnosis is 

correct given priori information. 

 

Analytically, this process is described as [44]: 

 

 𝑃(𝑓 |𝑂 ) =  𝑃(𝑂 |𝑓 ) . 𝑃(𝑓 ) (𝑂 |𝑓 ) . 𝑃(𝑓 ) (2.5.2) 

 

where 𝑃(𝑓 |𝑂 ) is the probability of fault 𝑓 given the diagnostic output 𝑂, 𝑃(𝑂 |𝑓 ) is the probability 

that the diagnostic output 𝑂 is associated with the fault 𝑓, and 𝑃(𝑓 ) is the probability of the fault 

occurring. Another use of the Bayesian concept is for scale parameter λ and shape parameter β estimation 

of Weibull models. This concept considers that prior knowledge exists, tacit or explicit, on the shape 

parameter β when it is fitted to a given set of data. This is particularly useful when dealing with small 

sample sizes and some prior knowledge is available. Therefore, numerous authors have focused on the 

elicitation of a joint prior measure 𝑓(λ, β|𝑡 ) that formalises prior expert knowledge on the system under 

investigation [144]. This model is formalised as [144]: 

 

 𝑓(𝜆, 𝛽|𝑡 ) =  ℒ(𝑡 ; λ, 𝛽). 𝑓(𝜆, 𝛽) ℒ(𝑡 ; λ, 𝛽). 𝑓(𝜆, 𝛽) 𝑑𝜆𝑑𝛽 (2.5.3) 

 

where ℒ(𝑡 ; λ, 𝛽) denotes the data likelihood. 

Kadlec [189] and Kano [195] emphasise the importance of building adaptivity into soft-sensor design, 

meaning creating dynamic inferential models that include feedback about model performance or changing 

process conditions. Adaptive soft-sensors rely on various techniques for their online adaptation. Often 

cited methods include moving window techniques and recursive updates of the least squares, principal 

component analysis and partial least squares methods. The soft-sensor is first developed using some data 

pre-processing. Then, available expert process knowledge is applied to the historical data and as result 

a soft-sensor is obtained [189]. During the operational phase the soft-sensor is adapted using three facets 

of information: online data, expert knowledge, and performance feedback [189]. 

Another aspect playing a role in the development and updating of adaptive soft-sensors is the 

implementation of process knowledge into the soft-sensor model. Traditionally, the application of expert 

knowledge in soft-sensors is limited to the selection of critical process variables [187,205]. In the case of 

adaptive soft-sensors, any available expert knowledge about the dynamics of the process can be used for 

selecting appropriate values for model attributes related to the adaptive operation [189]. For example, 

Ibargüengoytia et al [25] developed a  soft-sensor Bayesian network to estimate the fuel oil viscosity 

thermo-electrical power plants using related variables, such as historical data and expert advice. Building 

soft-sensors using Bayesian frameworks allows for an adaptive approach whereby model performance 

and updated data sources can be fed into the model to refine it.  

An obstacle preventing statistical methods being used in practice is the refusal of engineers and 

operators to do so. The validation of a statistical model is a difficult task. To win operators’ trust, models 

and systems need to be understandable and consistent with process knowledge. In addition, models and 

systems need to be easily maintained [181]. 

2.5.3 Uncertainty in decision support systems 

The ultimate goal of PHM, CBM, and soft-sensors is to increase component availability, reduce 

maintenance costs, minimise unscheduled shutdowns, and increase safety. The importance of uncertainty 
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quantification in this context should not be understated. Monitoring the health state of systems, 

subsystems, and components, the classification of the different types of faults that may occur in these 

components, and estimating the RUL along with other prognostic metrics such as the End-of-Prediction 

time index can be extremely helpful to support decision makers in assessing whether maintenance 

intervention is necessary or not. In ever more complex environments, operators need to quickly make 

thousands of decisions to maintain optimal decision performance. Although this challenge can be 

overcome by enabling a decision support system to perform select operations with human consent, 

without quantifying the associated uncertainties, remaining life projections have little practical value 

within decision support systems [206,207].  It is the comprehension of the corresponding uncertainties 

that is at the heart of being able to develop a business case that addresses prognostic requirements. The 

assumption of data monitoring without uncertainty is particularly problematic in the process industry, 

as this forces maintenance planning to become an exercise in decision making under uncertainty with 

sparse data [208]. 

As stated previously, PHM systems are usually implemented in three stages of a health state 

management framework for a component of interest: detection, diagnosis, and prognosis. Several methods 

have been widely developed in the last few decades to increase the reliability of PHM systems. Within 

the varied fault detection, diagnosis, and prognosis methodologies there exists different sources of 

uncertainty which may influence the performance of the PHM system, causing false or missing alarms. 

In the former case, the output of the PHM system indicates that a healthy component is experiencing 

abnormal conditions, causing potential unwarranted downtime. In the latter case, the output of the 

PHM system indicates that an unhealthy component is operating under normal conditions, potentially 

leading to catastrophic unexpected failures of the component/system with associated large downtimes, 

high cost, as well as possible safety and environmental implications [209]. For these reasons, it is 

necessary to manage the different sources of uncertainty that may arise in the PHM system stages. In 

practice, the possible sources of uncertainty that may arise in a PHM system are: 

 

 Uncertainty in the signal measurements 

o Incomplete, noisy, and imprecise measurements 

 Uncertainty in the models adopted at each data processing stage 

o Un-modelled phenomena, approximations, simplifications, hypotheses, assumptions, etc.  

 Uncertainty due to the inherent stochasticity of the physical processes 

o Stochasticity in the current and future states of the system, unforeseen future loads and 

environmental conditions etc. 

 Human errors relating to human interaction with both the PHM system and the physical process 

system 

 

Essentially, the inherent uncertainties which propagate through PHM systems mean that the PHM 

output can never be perfectly reliable [7]. Even if it were, in practice a PHM system is being applied in 

a complex industrial environmental context and there will almost always be human interaction at the 

system interface who may choose not to follow the guidance of the PHM system, because of a possible 

lack of trust in the system output or because they have knowledge extraneous to the modelled 

parameters. Context drivers in this regard include financial pressures to delay maintenance activities, 

unexpected environmental conditions which could affect the reliability/uncertainty of the algorithms, a 

change in the maintenance policies of the organisation, cost of shutting down at a particular time, 

resource availability, time available for production intervention activities (including time of the year), 

audit timing within regulated industries, management interests, corporate politics etc. With this in mind, 

it is important to consider the application of the PHM system within the overall socio-technical system 
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of the maintenance organisation. Only by providing a PHM system that is calibrated against the actual 

usage of the system can the full benefit be achieved. 

Engel, Gilmartin, Bongort, and Hess [207] argue that the calculation of system RUL in PHM systems 

alone does not provide sufficient information to form a decision or to determine corrective action. They 

state that without comprehending the corresponding measures of the uncertainty associated with the 

calculation, decision support systems outputs have little practical value. In terms of uncertainty 

quantification research the current focus in both industry and academia is on the shortcomings in the 

availability of run-to-failure data, accelerated ageing environments, real-time prognostics algorithms, 

uncertainty representation and management techniques, prognostics performance evaluation, and 

methods for verification and validation [210]. While prognostic model uncertainty qualification is outside 

the scope of this work (as this work is focussed on initial data elicitation only), it is critical to keep 

uncertainty quantification in mind if the results from this work are to be expanded upon. Reducing 

uncertainty at all stages of the data elicitation process should be a key focus for any model derived from 

the results of this research. In order to reduce data variable uncertainty, a key approach of this study 

in this regard is the utilisation of multiple data sources and data validation techniques in a unique hybrid 

way, such as qualitative, quantitative, and statistical. 

Another potential source of uncertainty in predicting the remaining useful life of components is the 

natural variation in human performance which occasionally results in errors. It is often assumed that 

when maintenance work is conducted, it is considered that repairs/replacements always restore the 

system to a ‘good-as-new’ condition, which, in practice, may not be very realistic [43]. The effect of 

incorrect maintenance or installation has sufficient impact for it to be regarded as a separate source of 

uncertainty, and therefore useful information in its own right. Most PHM models assume that the work 

done by a maintenance technician has been completed to a requisite standard, thereby allowing 

predictive analytics a consistent operational performance benchmark from which to operate. However, 

in practice this is often not the case, with a large variability in numerous aspects related to the ability 

of a maintenance technician to effectively carry out their work. In an attempt to address this issue there 

have been systematic methods developed to improve the performance of human-machine systems, such 

as human error probability assessments [211]. Incorporating such as human error probability assessments 

in the development of operational procedures can significantly improve the overall reliability of the 

system [212]. For this reason the uncertainty around human interaction effects on system health are 

investigated in this work in chapter 5, and are a key component of the hybrid data elicitation 

methodology developed.  

2.6 Human factors 

Human error is defined by Reason [213] as ‘a generic term to encompass all those occasions in which 

a planned sequence of mental or physical activities fails to achieve its intended outcome, and when these 

failures cannot be attributed to the intervention of some chance agency’. These variations which can 

give rise to errors may be influenced by the conditions in which tasks are undertaken, such as 

environmental conditions, quality of procedures, level of training provided, etc. Human error is an 

important consideration in the process industry, as it is well established that a significant proportion of 

human errors occur during maintenance activities [211,214]. Human error is cited as a major cause of 

pharmaceutical manufacturing failures in particular, with human error being attributed to approximately 

50% of recorded incidents [215]. A significant proportion of these errors occur during maintenance 

activities, costing the industry substantial amounts of time and money [211]. Human error in 

maintenance may be defined as the failure to perform a specified task, or the lack of compliance with 

standardised approaches, that could lead to disruption of scheduled operations or result in damage to 
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property and equipment [214]. Maintenance errors can generally be divided into two major classes: failing 

to detect a problem or the introduction of an error during maintenance, specifically [216,217]: 

 

1. hidden system faults and failures which are not detected during maintenance 

2. incorrect activities such as wrong adjustments, further damage done during maintenance, and 

replacement with faulty parts. 

 

A significant number of catastrophic incidents in industry occur primarily due to human factors 

[218]. For example, Okoh and Haugen [219] analysed 183 major industrial accidents in the United States 

and Europe between 2000 and 2011. Their investigation showed that 44 percent of those were related to 

maintenance. They identify a lack of barrier maintenance, deficient design, organization and resource 

management, and deficient planning/scheduling/fault diagnosis’ as being the most frequent causes of 

active accidents, latent accidents, and work process errors, clearly highlighting the importance of 

addressing human factors throughout the life cycle of a process. 

Modern industries, such as nuclear, petrochemical, automotive, and pharmaceutical, consist of 

complex socio-technical systems which include a vast array of system combinations of software, 

electronic, and mechanical components, all of which require some degree of human interaction in their 

operation and/or maintenance. Despite many technological advancements in both industrial plant 

machinery and process and condition based monitoring methods and techniques, failure and breakdown 

of industrial components remains a threat which has the potential to accrue significant economic losses 

for an organisation. This is partly due to the recent methodological shift of emphasis from pure 

volumetric output, to quick maintenance response times, elimination of waste, and defect prevention, 

which creates a competitive environment in which erratic process yields can create immediate problems 

[220]. This is particularly evident where no redundancy has been built in to a process, as the desired 

system-level reliability cannot be obtained as the individual components do not have the necessary 

reliabilities to limit the effect of a single component failure on the system-level reliability [221]. 

Environmental protection and human health and safety are also a driver for effective maintenance 

policies in order to create sustainable production processes [222]. Keeping equipment and facilities in 

optimal working order are an effective means of creating the sustainable environment required to meet 

societal demand of pollution control and accident prevention [220]. 

The safety and effectiveness of complex industrial systems and facilities is therefore determined 

primarily by the humans and organisations responsible for them during their entire life cycle, from 

design, to construction, commissioning, operation, and maintenance. To preserve and progress the 

performance and safety of complex systems, it is important to improve system reliability, availability 

and maintainability. Just as critical is to take into account the elements influencing the performance of 

people working with the industrial systems, known as human and organizational factors (HOF’s). In the 

context of maintenance,  Rasmussen [223] reports that industrial accidents are more likely to be caused 

by human errors during maintenance activities rather than by errors occurring during plant operation. 

Khalaquzzaman et al. [224], in their study on maintenance failures in a nuclear power plant, showed 

that 50% of reactor scrams occur because of human errors having occurred during maintenance activities. 

Human errors are intrinsically different from traditional machine failures and require properly developed 

methods for their treatment. In particular, human errors and HOF’s should be properly considered during 

the planning of maintenance activities. Optimising maintenance schedules can substantially improve 

system availability as well as decreasing the total cost for performing maintenance which can range from 

15% to 70% of total production costs in oil and gas refineries [32,225]. 

Human factors is defined as ‘the scientific discipline concerned with the understanding of the 

interactions among humans and other elements of a system, and the profession that applies theoretical 
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principles, data and methods to design in order to optimize human well-being and overall system 

performance’ [226]. Within multiple high risk industries such as nuclear, petrochemical, aviation, and 

the medical domains, there is an existing recognition of the importance of human factors, not just from 

a safety perspective, but also from a systems performance perspective. A recent directorate of the Nuclear 

Installations Inspectorate of the Health and Safety Executive of Great Britain outlines how human 

factors need to be incorporated in all industrial projects in the field, throughout the full project lifecycle, 

to achieve both the aims of increased safety and reliable energy production [227]. The objective is again 

reiterated about considering human factors as an integral part of all projects, and not just an 

afterthought.  A common repeated issue is that if the requirements of system operators are only 

accounted for at the end of system design, then it is unlikely that it will be a useable system requiring 

expensive retrofits and/or limiting productivity. 

2.6.1 Integrating human factors metrics in PHM systems 

In contrast to its importance to equipment reliability, the quantification and accounting of human 

errors during maintenance activities has received insufficient attention in the reliability literature [214]. 

Human factors, the discipline that aims to optimise human well-being as well as overall system 

performance, provides some possible approaches to accounting for these variations in an attempt to 

improve the accuracy of predictive lifetime models [226]. Foremost among the relevant Human Factors 

approaches is Human Reliability Analysis (HRA), which aims to identify and quantify possible human 

errors in a system, usually as part of a probabilistic risk assessment [228]. Common HRA tools, such as 

Technique for Human Error Rate Prediction (THERP) [229], Human Error Assessment and Reduction 

Technique (HEART) [230], Standardised Plant Analysis Risk-Human Reliability Analysis (SPAR-H) 

[231], and Technique for the Retrospective and Predictive Analysis of Cognitive Errors (TRACEr) [232], 

start by identifying possible human errors within a task or system and subsequently use databases to 

assign an expected error rate to that task, known as a human error probability. This error rate can be 

modified by performance shaping factors, or error producing conditions, which increase the probability 

of an error during a task. Performance shaping factors include factors external to the individual such as 

the environment in which the task is conducted, the work hours, the organisational structure, job and 

task instructions, equipment characteristics, and task characteristics. More individually, stressors can be 

both psychological, for example time pressures, distractions, etc., and physiological, for example fatigue, 

hunger, radiation etc. These stressors can also influence task performance and error rates. The base error 

rate for a particular task, such as valve diaphragm installation considered in this work, will remain 

constant for that task regardless of the individual valve. However, the performance shaping factors vary 

according to the specifics relating to each individual valve and may influence the likelihood of correct 

maintenance actions. In modelling HOFs in maintenance, one can consider HOFs as another type of 

‘fault injection’ [233]. 

The application of human factors has traditionally been in safety critical industries, where a variety 

of methods and techniques are applied to understand human interactions within a system and the 

potential for human error, and recommendations are made to improve the system, environment, 

organisation or tasks to improve human performance. It has long been recognised that maintenance tasks 

are vulnerable to human error, particularly in the aeronautical and nuclear industries [223,224,234–238]. 

In these instances, human factors principles have been applied in order to reduce both the rate and 

impact of human errors. Despite this, there has not been a strong input from human factors in the 

domain of PHM. Most of the PHM literature, when it considers human interactions within the system 

at all, considers that a benefit of PHM is the potential reduction in required maintenance interventions, 

thereby reducing the opportunity for human errors in the maintenance process [239]. While true, this 

view of human factors does not consider the possibility of harnessing human intelligence and reasoning 
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abilities to improve the overall maintenance system, or of modelling human interactions with the system 

to improve both the prediction of faults and effectiveness of the system output. Zhao, Tian, and Zeng 

[240], and Yu, Syed Zubair, and Yang [241] have suggested that human factors could be included as an 

uncertainty in the PHM model itself, although ultimately both works neglected to use human factors as 

a model parameter. Research in this area has not yet investigated the feasibility of incorporating some 

of the existing human reliability analysis techniques in a PHM model, or of using a simpler approach of 

using maintainer/installer feedback to generate a confidence interval for the possibility of human error 

having occurred. 

Although little evidence can be found in the literature where HOF and quantitative machine related 

system data is concurrently utilised to build system reliability models, some research does exist. Farcasiu 

and Prisecaru [242] consider the incorporation of HOFs within probabilistic safety assessments using 

techniques from human reliability analysis such as THERP. Their work aims to identify deficiencies of 

human performance which can be corrected through the improvement of the organisation/human 

interface. Chateauneuf et al.  [243] focus on the reliability of railway equipment, including imperfect 

maintenance as a factor affecting reliability which in turn helps determine inspection intervals. Kumar 

and Gandhi [244] quantify human error in maintenance activities using graph theory, and measure the 

human error potential involved in the maintenance of systems in order to make the systems less prone 

to human error. Noroozi et al. [211] highlight the importance of considering human error in quantitative 

risk analyses via the quantification of human error probabilities during maintenance activities. 

Asadzadeh and Azadeh [245] propose an integrated systemic model for the integration of human 

reliability models with CBM optimisation. They calculate the probability of human error occurring 

during data collection, data manipulation, and algorithm development of CBM models. They also include 

the physical and psychological abilities of maintainers as well as their experience and skill levels. They 

use the probability of human error having occurred to adjust the threshold of their prognostic CBM 

algorithms. However, the assumptions of this study are that the human error probabilities can be 

perfectly quantified and that human errors cause immediate system defects that can subsequently be 

detected by CBM technologies. These assumptions may not be widely applicable to industrial case 

studies. Carr and Christer [233] investigate parametric reliability models describing how inspection 

windows and system downtime are affected by bad installation practices. However, with a lack of a case 

study they do not quantify human error or provide a method to estimate the probability of human error 

having occurred. Kiassat et al [149,154,246–248] consider the inclusion of HOF metrics within a Weibull 

proportional hazards framework. They consider the case of industrial operators who are in constant 

manual contact with production equipment, but provide no framework for quantifying the HOF metric 

to be included in the developed model [246]. This approach would not be applicable to the case of 

maintenance personal who have intermittent offline access only to a system. The authors focus on how 

operator skill, education level, and social skills change as new operators initially enter an organisation 

and continuously manually interact with production equipment. They observe how with increased 

operator experience, equipment productivity is increased [149]. 

An issue which has received sparse attention in the literature is analysing industrial datasets using 

Weibull proportional hazards models where data is scarce, particularly where the root cause of the failure 

mode being analysed is unknown. For example, Kiassat et al [149] use 3049 records of equipment 

production to build their proportional hazards model. This is in spite of the fact that scarcity of data is 

a common situation in industrial practice, for example with innovative and/or highly reliable 

components, with new technology, systems operating in complex environments, etc. This uncertainty 

can lead to Weibull proportional hazards models with large unit variance which results in lifetime models 

that are not fit for practical purpose. An issue not explored in the literature is if the inclusion of HOFs 

as covariates into Weibull proportional hazards models helps to reduce the variance of lifetime 

estimations, especially with failure modes where the root cause is unclear or where the influencing 
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covariates are not known or well understood. A full methodological framework to guide the development 

of a Weibull proportional hazards reliability model including HOF in these conditions has never been 

proposed. Another issue not explored in the literature is the use of human factors metrics to create 

dynamic lifetime assessment models for identical components in a single plant operating within different 

HOF contexts. This would naturally extend the application of Weibull proportional hazards models to 

treat HOFs as a changing environmental factor like any other in traditional CBM/PHM schemes, such 

as temperature, pressure, flow rate, etc. The HOF chosen could potentially be any factor derived as 

relevant from an analysis of the performance shaping factors affecting the maintenance staff during 

maintenance operations. 

Another approach lacking in the literature is developing a Weibull proportional hazards model such 

that an individual component would have its own instantaneous hazard rate, or failure risk level, derived 

from its own specific maintenance induced HOF metric. The underlying characteristic of available 

research is that the latent or critical human error probability is assumed to be a constant parameter 

based on which the stochastic model of the system under study is developed. With the aid of the 

stochastic model of the system with incorporated human errors, the impact of human error on system 

reliability or maintenance decisions is analysed [245]. This approach of providing a single risk level 

applied to an entire system may be an over simplification which does not take into account varying HOF 

contexts. One part of the methodology presented in this work details how these varying conditions can 

be taken into account and how including them as covariates in a Weibull proportional hazards model 

allows for individual components or sections of an overall system to have different reliability levels as a 

direct result of differing HOF contexts. 

Integrating human knowledge in PHM system design 

Despite the advantages to be gained from utilising human knowledge in a knowledge fusion 

framework, most CBM and PHM systems use only ‘machine related’ quantitative information available 

from sensors, and almost no use of quantitative or qualitative information derived from human sources 

is made [154,249–251]. The practical difficulty of building a common platform to process both 

quantitative and qualitative data has hindered the use of such a hybrid system. The potential advantages 

of integrating human sourced data within parametric reliability models include uncertainty reduction of 

the probabilistic system state estimations. These ‘human-in-the-loop’ models are particularly pertinent 

where sparse quantitative data is available and where humans are central to the maintenance and/or 

operation of the system. 

Human interaction with automation as a whole, of which PHM can be considered a branch, and the 

use of decision support systems has been widely researched in human factors. Many lessons can be 

learned by PHM system designers from the introduction of automated systems in the aviation industry 

for example, and there is a large volume of knowledge which exists in the human factors literature on 

the subject. One of these lessons is whether total system safety is always enhanced by allocating functions 

to automatic devices rather than human operators [252]. Research on decision support systems 

information output indicates that decision support systems which indicate the status of a system are 

preferable to those that advise operators on how to respond, and in general, presentation of status 

significantly reduces the time required to make a correct decision. The relative superiority of status 

output is particularly evident when a decision aid is inaccurate. Under these conditions, subjects 

receiving status information are reported to be unaffected by an inaccurate decision aid [253]. Similar 

findings in high-risk industries where the information is imperfect suggest that status displays are better 

than command displays [254]. Decision support systems which incorporate a high degree of decision 

autonomy have failed frequently in industrial settings. In theory, a decision support system acts as a 

‘prosthesis’ to aid a human decision maker who is purportedly characteristically flawed and inconsistent 
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in their decision making. As such, more precise algorithms are the preferred research objectives of PHM, 

as opposed to a greater understanding of the power of human cognition [255]. This type of reasoning is 

common in the PHM literature. However, the level of automation required with such an approach 

conflicts in reality with the number of situations an algorithm may face. The danger is that a decision 

support system may make wrong decisions regarding situations it has not been modelled to compute. 

With regard to the power of human cognition in the decision making process, the human recognition 

process relies heavily on context, knowledge, and experience. The effectiveness of using contextual 

information in resolving ambiguity and recognizing difficult patterns is the major differentiator between 

the recognition abilities of humans and systems [256]. A fundamental research issue in building intelligent 

decision support systems should therefore centre on linking the domain-specific knowledge of experts 

with the normative power of analytical decision techniques to improve the quality of decisions [257]. The 

complex human decision process largely follows a Bayesian approach, as given a set of information, 

human decision makers tend to duplicate Bayesian predictions if they are provided adequate information 

in appropriate representations [258]. The strength of this approach is demonstrated in recent research 

which illustrated that human reasoning in complex situations, in this case complex ribonucleic acid 

folding schemes, outperformed specifically formulated ribonucleic acid folding algorithms almost by an 

order of magnitude. The research focused on allowing humans to construct complex folding patterns for 

ribonucleic acid through an online crowdsourcing application. Users were able to manually develop better 

models of ribonucleic acid folding than previous computer algorithms, and design rules formulated by 

the human interactions with the system have been used to develop a new algorithm, and in some cases 

represent completely new understandings about ribonucleic acid folding that have yet to be explained 

mechanically [259]. 

Formal methodologies have been developed, called knowledge-based expert systems, in an attempt 

to capture human knowledge to draw conclusions in a formal methodology framework. An expert system 

is a decision support system that essentially mimics the cognitive behaviour of a human expert. It 

consists of a knowledge base, a set of if-then-else rules, and an inference engine which searches through 

the knowledge base to derive conclusions from given facts [260]. This forms a knowledge fusion approach, 

using information sources like a-priori knowledge about the industrial environment to form human input 

into a decision support systems [45]. However one issue with this kind of knowledge representation is 

that it has no intrinsic understanding of the underlying physics of the system, and therefore performance 

may be slightly degraded in cases where a new condition is encountered that is not defined in the 

knowledge base [260]. 

Similarly, Billings [261] describes what he terms as ‘human-centred automation’ in the aviation 

industry. Automation systems in Billings definition include systems which have intelligence, or some 

capacity to learn and then to proceed independently to accomplish a task. Such reasoner systems are 

evidenced frequently in PHM literature. Billings argues that the quality and effectiveness of an 

automation system depends largely on the degree to which the system takes advantage of the combined 

strengths of humans and automation technologies, and equally compensates for the weaknesses of both 

elements. Though Billings admits that humans are far from perfect sensors, decision-makers and 

controllers, he argues that they possess a number of vital attributes which automation systems do not. 

These are that humans are excellent detectors of signals in the presence of noise, that they can reason 

effectively given uncertainties, that they are capable of abstraction and conceptual organisation, they 

can cope with failures not envisioned by system designers, they possess the ability to learn from 

experience and thus the ability to respond quickly and successfully to new situations, and to innovate 

and to reason by analogy when previous experience does not cover a new problem. Humans thus provide 

a degree of flexibility with regards to knowledge input and final decision making that cannot be attained 

by computational decision support systems alone, except in narrowly and well defined, well understood 
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domains and situations. These uniquely human attributes each provide a reason to retain the human in 

a central position in systems which are neither directly controllable nor fully predictable [261].  

The reliability of automation and decision support tools has long been understood to be a key factor 

in the success of the tool [262]. Madhavan and Wiegmann [263] and Wickens and Dixon [262] both 

conducted a meta-analysis of research studies relating reliability of diagnostic automation and how this 

affects the performance of human operators. The main conclusion from both studies indicates that below 

an optimal threshold of 70% reliability, performance degrades to the point that decision support systems 

are largely disused. Balfe et al [264] describe a set of principles for automation systems designed for rail 

automation but applicable to other domains. Among these are the importance of reliability of the 

automation, and feedback to the human operator in terms of making the base information, raw data 

that has been transformed in to useful information, visible and providing understandable outputs to the 

operator. Bechhoefer and Morton [265] explicitly mention the need for end-user confidence in PHM 

systems to be high in order to preserve the value of the system. They refer to the need to reduce false 

alarm rates and increase the sensitivity to actual faults. They also specify that to achieve widespread 

deployment, it is necessary to change end-users’ perception by convincing them of the value proposition 

of supporting PHM. One of the facets enhancing a strong proposition that they note is an improved user 

interface, greater system reliability, and greater access to more actionable information.  

Human interaction with PHM system outputs 

PHM systems aim to be highly autonomous up until the point that a decision is required regarding 

maintenance intervention. In this way PHM systems can assist maintainers to determine the optimum 

time to perform maintenance given a host of constraints, providing the operator with confidence bounds 

on the availability of critical assets to meet production schedules.  Ideally autonomous diagnostic and 

prognostic capabilities are to be implemented within an integrated maintenance and logistics system 

that supports critical complex systems throughout their lifetimes [44]. However, there is little to no 

evidence that it has as yet proven possible in practice to achieve this level of autonomy, and some degree 

of human intervention is typically required. In fact, a completely autonomous prognostic health 

management system still does not exist [210]. There are several authors that consider the issue of the 

user interface through which PHM analysis is displayed to the maintenance staff. Mathur et al [266] 

recognise that human factors considerations need to guide the development of interface components and 

accessibility requirements. They provide an example of a web-based design of servers which support a 

distributed, multi-platform, three-tier architecture. Saxena et al [210] detail the fact that including 

metrics based on functionality and usability is important when classifying software requirements. 

Bechhoefer and Morton [265] studied the lack of adoption of condition monitoring systems in wind 

turbines. They concluded that as no single condition indicator can detect all failure modes, a user display 

requirement is necessary to view, threshold, and trend information that incorporates more than just 

spectral data or one condition indicator. They specify the need for a data reduction methodology that is 

intuitive and user friendly, citing the use of the health indicator concept, which is the integration of 

several condition indicators into a single variable. The health indicator provides the health status of the 

component to the end user. In contrast to these works, which focus on providing a user friendly interface 

at the end of system development, early consideration of how the operator will interact with a PHM 

system and its outputs in practice should drive the whole philosophy of the PHM system and hence 

influences not just the design of the interface, but the decisions on what data to present and at what 

level of detail. 

Tied to this is the fact that removing the responsibility of decision making from human decision 

makers in high-risk industrial settings may have negative consequences as people will simply blame 

erroneous decisions on the automation. This phenomenon has been labelled as automation bias. 

Automation bias is the tendency to over-rely on automation, and has been studied in various academic 
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fields. Although most research shows overall improved operator and system performance with the use of 

automation, there is often a failure to recognise the new errors that decision support systems can 

introduce. This problem can result in automation-induced complacency or insufficient monitoring of 

automation output. User factors which directly influence automation bias include operator trust and 

confidence in the decision support systems. Environmental mediators include workload, task complexity, 

and time constraints, which pressurise the cognitive resources of the end users. Mitigating factors of 

automation bias includes implementation factors such as training and emphasising user accountability, 

and decision support systems design factors such as the updated confidence intervals of the decision 

support systems output, and the provision of information versus recommendation [267]. The ‘information 

versus recommendation’ degree of automation where the decision maker is used to critique the output of 

a decision support system has met with more success in terms of industrial integration, particularly in 

high-risk situations [255]. For example, Guerlain et al. [268] created a decision support system for blood 

type identification in a blood bank. When used as a critiquing tool, where the decision support system 

presented the users with different hypotheses regarding the data available rather than defined solutions, 

the operators made correct decisions 100% of the time. This was in contrast to a decision support system 

which did not allow the operators to critique the decisions, which led to wrong decision being made 

between 33% and 63% of the time. 

Trust in decision support systems 

ISO 9241-210 [269] describes six key principles to ensure that the design of interactive automation 

systems, such as component reliability models, are user centred. These are: 

 

 The design is based upon an explicit understanding of users, tasks and environments. 

 Users are involved throughout design and development. 

 The design is driven and refined by user-centred evaluation. 

 The design process is iterative. 

 The design addresses the whole user experience. 

 The design team includes multidisciplinary skills and perspectives. 

In terms of addressing the whole user experience, the standard outlines the following: ‘the concept 

of usability used in ISO 9241…can include the kind of perceptual and emotional aspects typically 

associated with user experience’. This is an important point, as for a system to be fully utilised, it has 

to be more than ‘easy to use’. Critical is the operators trust in the system. A review of trust in automation 

systems was conducted by Balfe [270], of which decision support systems can be considered a branch.   

Table 2.1 outlines the key findings from research on the factors leading to operator trust in 

automation systems. It can be argued that the usage of decision support systems under uncertainty relies 

on the same tenets to realise integration into the working environment. Balfe concludes that the effect 

of system uncertainty on trust and subsequent usage has been conclusively proven, and that evidence 

exists to support the notion of human competence as a key dimension in trust as understanding 

automation systems can improve the rating of trust. 

 

Table 2.1: Summary of key research on trust in automation. Adapted from [270] 

Key Finding Reference 
There is a correlation between trust in and usage of automation. [271,272] 
High reliability and competence are fundamental requirements 

for trust in automation. 
[271,273] 

Operator self-confidence and the usefulness of the automation 
also influence usage. 

[274,275] 
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For complex systems, explicit feedback is required to develop trust. [276–278] 
Trust must be well calibrated to ensure optimal use of automation. [279,280] 

Accurate mental models are important to ensure correct calibration of trust [281] 
Individual differences influence trust. [282] 

 

Decision making given large uncertainties has been widely studied in the medical literature, many of 

whose conclusions on decision support systems integration into the working environment agree with 

those of Balfe [270]. One example of this is evidence based medicine where clinicians integrate individual 

clinical expertise with the best available external clinical evidence from systematic research. Combining 

both individual expertise with external evidence allows clinicians to improve the accuracy and precision 

of diagnoses and prognoses [283]. Evidence based medicine has led to the creation of clinical decision 

support systems, interactive computer software systems designed to aid doctors with medical decisions, 

designed to impact clinician decision making about individual patients at the point in time that decisions 

are made [284]. They are similar in scope and design to their industrial counterparts, albeit the system 

inputs are clinical metrics related to the human body. This same approach can be utilised by maintenance 

and management personnel involved in decision making related to defective components or equipment. 

Uckun, Goebel, and Lucas [285] and Popov, Fink, and Hess [286] draw similar comparisons. 

While clinical decision support systems have many proven benefits, their uptake by doctors is limited. 

Shibl, Lawley, and Debuse [287] researched how and why doctors accept decision support systems via a 

Unified Theory of Acceptance and Use of Technology based model. The insights into the reasons why 

doctors do not use decision support systems are transferable to other industries for the development of 

strategies to enable greater widespread adoption of decision support systems. Shibl et al. conclude that 

the four main factors influencing decision support systems acceptance and use include usefulness, 

appropriate training, ease of use, and trust in the decision support systems output. Similarly, Alexander 

[288] concludes that a clinician's level of trust in decision support systems is affected by how knowledge 

is represented, the decision support systems ability to make reasonable decisions, and how it is designed. 

Dreiseitl and Binder [289] investigated how physicians react when faced with decision support systems 

suggestions that contradict their own diagnoses. They found that physicians were significantly less likely 

to follow the decision systems’ recommendations when they were confident of their initial diagnoses. 

They conclude that given uncertainties, people are most likely to trust their own judgement. False trust 

leads to wrong diagnoses, therefore uncertainty quantification is critical. Quality assurance and 

validation of such systems is therefore of paramount importance. 

The challenge of increasing system reliability concurrent with decreasing system complexity allowing 

greater usability cannot be understated. For while the algorithms and methods behind the three facets 

of PHM, detection, diagnosis, and prognosis, must become more robust and potentially more complex 

as they seek to reduce and ultimately eliminate uncertainties, so too must their outputs become flexible, 

reconfigurable, and subjectively easy to interpret. While one can argue that this approach would dictate 

the use for a ‘black box’ style methodology to decision support systems, this too is also not favourable. 

This is because the end-user perception of potential high missed detection and false alarm rates leads to 

mistrust and eventual non-use of decision support systems. Consequently, a more open interface is 

required where PHM outputs are viewed as non-esoteric. This essentially means the transformation of 

data to usable information, useable information being context driven. As such the management of 

decision support systems must be addressed to providing the right information in the right form to the 

right people at the right time in the right place to support maintenance-related decision-making across 

different organisational levels [290]. Uckun et al. [285] similarly state the need for PHM to become less 

of an art and more of a science. They conclude that one of the main issues with PHM today is the lack 

of standardisation governing the research, and that it is often impossible to derive actionable conclusions 

based on the research results. 
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2.7 Summary 

Maintenance is essential to ensuring the profitability of world class manufacturing organisations. 

However, maintenance programs are only effective in this endeavor if system intervention is performed 

at the correct time, taking into account multiple extraneous factors that are difficult to include in a 

single unified model. Ensuring the correct timing of maintenance actions is further complicated for 

systems whose components cannot be monitored using additional sensorisation suites. While multiple 

mathematical and statistical models exist for system lifetime estimation, most of these models depend 

on adequacy of historical records of component failure data. 

In order to estimate the remaining useful life of components which cannot be monitored by traditional 

CBM techniques, virtual sensors have been an interesting topic of research. Virtual sensors act as 

inferential system health estimators via proxy process indices, which are typically measured offline. 

However, in order to develop these models, data inspection, selection of historical data, and data pre-

processing must be carried out. However, no holistic methodology exists in the literature for carrying 

out these functions for components where failure data is scarce and whose health state cannot be 

monitored online. 

Much research work has been performed in the area of smart elastomers, which are potential solutions 

for condition monitoring of elastomers in industrial scenarios. The potential usage areas of these sensors 

is large, but the technology is still in its relative infancy and little industrial implementation of these 

solutions exists currently. In order to develop these solutions further, it is necessary not only to invest 

in research in the technical solutions around sensorisation, but it is also critical to understand the 

changing mechanical properties that need to be monitored. 

In order to fully encapsulate all significant variables leading to component degradation, it is critical 

to take into account the elements influencing the performance of people working with industrial systems. 

As Rasmussen [223] reports, industrial accidents are more likely to be caused by human errors during 

maintenance activities rather than by errors occurring during plant operation. Despite this importance, 

few prognostic lifetime algorithms today take in to account human and organisational factor effects. 

There exists much scope to develop useable solutions to aid maintenance decision makers in this task. 

The next industrial revolution, labelled as ‘Industry 4.0’, has been often cited in the literature over 

the past 4-5 years [291]. ‘Smart Factories’, and ‘Factories of the Future’ have been described as the next 

generation of industrialisation which is being made possible due to such phenomenon as ‘Big Data’, Big 

Data analytics, and modern automation paradigms such as Cyber Physical systems etc. [206]. While 

absolutely necessary from both a research and industrial perspective, an overlooked fact in many studies 

is that converting existing industrial plants with often legacy IT frameworks so that they can take 

advantage of ‘Industry 4.0’ solutions is not a trivial task. As authors such as Coble [28] have pointed 

out, much of the academic research today is directed towards ever advanced mathematical solutions to 

lifetime prognostic algorithms, the vast majority of which are not based on real industrial case studies, 

do not use industrially sourced data, and do not deal with many of the real-world issues facing the 

implementation of such advanced analytics. Another barrier to implementation is the lack of 

understanding, and hence the lack of trust, of maintenance and engineering personnel towards these 

solutions. As Malik [39] stated back in 1979 “…there is more isolation between practitioners of 

maintenance and the researchers than in any other professional activity”. It can be argued that little has 

changed in the preceding four decades. 

Following from this, one of the issues facing modern analytical solutions in real-world industrial 

implementation scenarios is a lack of relevant data that can be fed into appropriate models. Despite this 

obvious challenge, there have been few practical solutions offered in the literature to aid the solving of 

this problem for commodity status components. This is critical if current manufacturing practices are to 
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evolve to take advantage of 21st century solutions. There is scope therefore to bridge that knowledge and 

research gap. 
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Chapter 3 

Analysis of process variables contributing to component 

degradation 

 

 
 

3.1 Introduction 

3.1.1 Case study system level description 

The components investigated in this case study are elastomer valve diaphragms belonging to 

numerous connected production vessels within the upstream processing department of a large 

biopharmaceutical manufacturer, illustrated in figure 3.1. For a more detailed insight into the 

biopharmaceutical drug production process within the case study facility, please refer to Appendix B.  

 

 
 

Figure 3.1: Role of the systems in scope of this work 

As bioprocesses use living material, they have unique manufacturing challenges, in particular, 

keeping the product in a state suitable for sustained biological growth via appropriate internal 

environmental conditions. To accomplish this, there is a need for a vast multitude of auxiliary equipment 
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to be used around bioreactors. Among the most important of these are the valves used to control flow 

volume, line pressure, and the movement of material into and out of the reactors. The systems in this 

case study are the largest vessels within the entire process stream, and have the most numerous 

associated ancillary equipment. They are the key growth reactors in the upstream chain, subject to the 

most stringent steaming and chemical cleaning regimes. Given their criticality to mission success, these 

vessels have more in-line process monitoring capabilities than other process equipment. Given the relative 

availability of diaphragm valves and process data, they afford the best opportunity for targeted data 

collection. It is worthy to note that the process conditions at these locations have transferability across 

the industry as a whole. 

3.1.2 Equipment level description 

The common pneumatically actuated diaphragm valve assembly found in biopharmaceutical 

operations is described in figure 3.2. The entire valve assembly consists of four parts, the control module, 

the valve bonnet, the elastomer diaphragm, and the valve weir. 

 

 
Figure 3.2: Diaphragm valve assembly. Adapted from [292] 

 

The control module is cable connected to the PLC, and controls the pneumatic air supply into the 

valve bonnet via direct connection. The 6.2 barG pneumatic air supply opens and closes the valve by 

overcoming the force from a spring set connected to the actuator stem which in turn is connected to the 

diaphragm compressor.  As the actuator stem and compressor move upward, the diaphragm, connected 
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to the compressor via a male threaded stud, also lifts. This allows fluid to then pass through the valve 

weir. To reduce or stop fluid flow, the compressor forces the diaphragm into the weir cavity. The 

diaphragm, being malleable, is compressed against the central weir mating element, illustrated in figure 

3.3. A moulded finger secures the compressor in the bonnet. The floating tube nut, a female threaded 

brass connection, is designed to prevent point loading and allow small movement of the diaphragm stud 

to relieve tensile stress so it is not pulled from the diaphragm. Four fasteners, one in each corner, secure 

the valve bonnet to the valve weir. The weep hole acts as a leak indicator in case of diaphragm failure  

 

 
Figure 3.3: Valve assembly, adapted from [292] 

 

3.1.3 Component level description 

The components in the scope of this work are peroxide cured compression moulded EPDM valve 

diaphragms developed specifically for use in the biopharmaceutical industry. For proprietary reasons, all 

trade names have been removed. The diaphragm is the most critical component of a diaphragm valve. 

Diaphragms are the valve component that provide positive shut-off between process fluids, protects the 

process from the environment and protects the environment from the process [292]. 
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The attributes and physical description of the EPDM diaphragms investigated in this case study are 

given in table 3.1 and figure 3.4 respectively. 

 

Table 3.1: Case study EPDM valve diaphragm attributes 

Size 
Operating 

Temperature 
Compliance 

Shelf 
Life 

Chemical 
Composition 

Inch DN °C FDA USP ASME Years 

Relative 
Quantity 

(Decreasing 
Order) 

0.25-4 6-100 -20 to +150 

Standard 
21CFR 

177.2600: 
Rubber 
Articles 
Intended 

for 
Repeated 

Use 

Standard 
Class VI, 
Chapter 
87 and 

88 

BioProcessing 
Equipment 

revision 2011 
appendix J 

sub-section J-
2 Simulated 
Steam-in-

place (SIP) 

6 

EPDM 
Carbon Black 
Magnesium 

Oxide 
Paraffinic 

Mineral Oil 
Stearic Acid 
CAS #61617-

00-3 
CAS #101-67-7 

RM Sulphur 
Peroxide 

 

 

 
Figure 3.4: Case study EPDM valve diaphragm 

 

The moulded EPDM diaphragm is a sandwich design constructed with two layers of EPDM and a 

single layer of woven nylon fabric reinforcement. The fabric layer is designed to improve tensile strength 

and reduce the risk of a full diaphragm split. EPDM diaphragms utilise a threaded connection to the 

valve compressor [292]. The product contact area consists of the area defined within the boundary of the 

outer bead, including the central bead. The outer and central beads provide the diaphragm seal as they 

are compressed against the valve weir. Loss of functionality of either bead will result in loss of sealing 

ability. The four fastener holes mate with the four fastener holes of the weir and accommodate the 

fasteners used to tighten the valve bonnet, diaphragm, and weir together. The information tabs on either 

side of the diaphragm, in the non-product-contact portion of the diaphragm, provide data relating to 

the date of manufacture of the diaphragm, the specific EPDM material grade used, the diaphragm vendor 

ID, and the diaphragm size. All diaphragm materials and physical properties are batch traceable via 

these permanent codes moulded into the diaphragm tabs. The chemical composition of the diaphragms, 
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detailed in table 3.1, were provided by the valve OEM. No other information relating to the chemical 

composition of the diaphragms or the relative quantity percentages of those chemicals exists in the public 

domain. Neither does any information relating to the mechanical properties of the components. These 

issues are explored in greater depth in chapter 4. 

3.2 Investigation Methodology 

Due to the lack of physics based models describing diaphragm degradation mechanisms, process 

history data relating to in-situ industrial diaphragm usage was required to facilitate a data driven 

diaphragm lifetime modelling approach, as described in figure 3.5. 

 

 

 
Figure 3.5: Data collection and analysis methodology 

 

The potential for creating accurate physics based lifetime models is limited given the complexities 

involved with mathematically integrating intricate boundary conditions such as saturated steam, product 

mediums, and multiple cleaning chemicals exposures, along with multiple poorly understood EPDM 

degradation and failure modes in this context. Also, as it is not possible to access the diaphragms or 

assess their degradation state in-situ, a data driven off-line modelling approach would be necessary. 

However the development of data driven prognostic algorithms necessitates component degradation or 

failure event data coupled with detailed environmental exposure data. This means that a retrospective 

analysis of component environmental exposures coupled with component degradation information would 

be required for model development. 

In order to elicit useable information for modelling purposes using limited data resources, the first 

step was identifying any pre-existing data relating to component lifetimes or environmental exposure 

histories. A limited dataset of twenty-two samples was available from the diaphragm OEM, comprising 
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of diaphragm lifetime tests conducted using a mock-up of the systems in scope of this work. The OEM 

testing regime constituted a replication of the industrial usage conditions under investigation, with 

identical steaming and chemical cleaning conditions with equivalent durations. The testing procedure 

used by the OEM was designed to replicate worst case scenario industrial exposure conditions of the 

case study systems. This gives an important insight into diaphragm lifetimes under more extreme process 

conditions providing data typically difficult to gather in industrial settings. The OEM testing approach 

was an automated procedure whereby multiple diaphragms were exposed to PLC controlled steaming 

and chemical cleaning cycles for predetermined durations. Therefore the exact exposure conditions and 

durations of exposure to those conditions by the diaphragms was known. Each OEM test referred to a 

virgin diaphragm, and they were removed from service after testing. Initially no information was 

available to determine the diaphragm degradation state. However access to the OEM tested diaphragms 

was granted and they were assessed using the developed qualitative methodology, described in detail in 

section 3.2.2. This degradation data was then combined with the known exposure histories of those 

samples. 

Given the scarcity of information provided by the OEM, additional industrially sourced data was 

critical in order to enable a comprehensive study of the EPDM diaphragms. To collate this, diaphragms 

which had been in industrial service for between 6 to 24 months were collected from multiple systems 

during a biennial scheduled plant shutdown from the systems listed below: 

 

2 x 2500 litre bioreactors 

1 x 12,500 litre bioreactor 

2 x 20,000 litre perfusion media hold vessels 

2 x perfusion skids 

 

Both sets of data are both right and left censored such that the elastomers were exposed to a certain 

amount of process conditions before being removed from service and their degradation state and exposure 

history was recorded. This is illustrated in figure 3.6. 

 

 
Figure 3.6: Left and right censoring of collected data set 

 

After being removed and collected by maintenance technicians, the diaphragms were individually 

bagged, sealed, labelled, and stored in a dark, dry, temperature controlled storage environment. This 

ensured no further degradation mechanisms could propagate as a result of UV or thermal exposure. Each 

diaphragm sample removed was then assessed and assigned a degradation state. The diaphragms were 

inspected for any cracks and assigned state membership as having cracked or not. To help determine 

relationships between the diaphragm degradation and failure states as a function of exposure history, 

detailed process histories were established for every diaphragm retrieved, from the time of their 

installation to the time of their retrieval from service. The process history data intended to establish the 
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exact environmental conditions that the diaphragms were subjected to in-situ. It was not possible to 

automate this process, and instead required a manual data mining approach. The data collection 

approach used for every individual diaphragm consisted of the following basic steps: 

 

1. Establishing maintenance history records for all systems in order to find the dates of all previous 

planned and corrective valve maintenance interventions. 

2. Mining process history records for the exact number and duration of production batches, clean-in-

place (CIP) cycles, and steam-in-place (SIP) cycles processed by each system between these dates. 

3. Cumulating the exposures of every individual valve to multiple process and equipment conditions 

and assembling a bespoke database to capture this information. 

 

In order to create commonality amongst the different data sets, a ‘digitisation’ approach was 

developed to convert analogue data sources into cumulative exposure hours over a specific threshold. 

Using statistical techniques to filter the data into critical and non-critical exposure conditions then allows 

any cumulative data pertaining to industrial component usage to be utilised as long as those exposure 

conditions are identical. Further information is available on the thresholds used in determining the 

cumulative exposure conditions in section 3.3.1. The cumulative data allows the statistical determination 

of which process conditions contribute to diaphragm degradation mechanisms. If a full parametric 

degradation model were developed, this step would essentially act as a filtration stage by minimising the 

number of unnecessary process covariates in the final model. 

3.2.1 Diaphragm degradation description 

EPDM diaphragms can degrade due to age, environmental and process condition exposure, and 

handling and installation errors. The valve elastomer diaphragms are subjected to a variety of internal 

process environmental conditions that affect their rate of degradation, including high pressure saturated 

steam, cleaning agents and chemical detergents, sparge gases, multiple product mediums, and final 

purified product. A key issue in the lifetime of the diaphragms is that they are subjected to a variation 

of these conditions in service, coupled with a wide variety of actuations. In order to describe diaphragm 

degradation, a qualitative degradation assessment approach was developed in this work. Qualitative signs 

of gradual diaphragm aging include varying levels of severity of roughening and deformity of the 

diaphragm surface impacting cleanability and sealability. Signs of sudden diaphragm failure include 

material cracking and rupturing of the elastomer within the product contact area. The relationship 

between these two distinct failure modes has been defined in this work for the first time within a three 

state continuous-time semi-Markov process, illustrated in figure 3.7. The first failure mode is the gradual, 

stepwise degradation of the component as it is exposed to numerous internal environmental process 

streams, and is categorised into three phases, from degradation category 1 to degradation category 3. 

Virgin and minimally aged diaphragms are designated as category 1 degradation. As the elastomer 

remains in-situ it further degrades over time until it is described as belonging to a category 2 degradation 

state. The time it takes for a diaphragm to transition from category 1 to category 2 is denoted by 𝑇 . 

Category 2 degradation diaphragms are still useable, and this state represents the maximum service life 

extractable from a diaphragm. The ultimate goal of maintenance optimisation in this regard is to remove 

diaphragms from service before they transition to degradation category 3, the time of which is denoted 

by 𝑇 . Category 3 represents failure mode 1, and occurs when severe deformation has occurred to the 

diaphragm. In this state, diaphragms have lost their ability to effectively seal and are no longer useable. 

As noted in figure 3.7 the stepwise degradation mechanisms means the diaphragms must first transition 

to state 2 degradation and then to state 3 degradation. By definition it is not possible for a diaphragm 

to immediately transition from degradation state 1 to degradation state 3. The second failure mode is 
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the rupturing or splitting of the diaphragm product contact surface, such that sealing ability is again 

lost. This failure mode can occur while the diaphragm is in any degradation state, and the transition 

time is described as 𝑇 , 𝑖 = 1 − 3. 

 

 
Figure 3.7: Markov chain describing EPDM diaphragm failure modes 
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Diaphragm degradation category 1 

The developed qualitative degradation indications describing state membership of degradation 

category 1 are shown below in figure 3.8. 

 

 
Figure 3.8: EPDM diaphragm degradation state 1 

 

As shown, the three indicators of category 1 degradation are discolouration of the EPDM, process 

material residue present on the diaphragm surface, and compressive weir markings present on the central 

and outer beads. None of the above conditions affect the diaphragms’ cleanability or sealability, and can 

be considered as cosmetic damage. The cause of the discoloration was found to be due to surface level 

oxidative damage, confirmed by FTIR. These FTIR results can be seen in appendix D. This is considered 

a cosmetic change, as material properties appear unaffected by this change. Once a diaphragm has 

entered service it is considered as belonging to degradation category 1, therefore it is the lowest level of 

diaphragm degradation possible. It is not desirable to remove a diaphragm from service in this state, as 

its useful lifetime has not been fully utilised, and so equipment availability has not been maximised. 
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Diaphragm degradation category 2 

The developed qualitative degradation indications describing state membership of degradation 

category 2 are shown below in figure 3.9. 

 

 
Figure 3.9: EPDM diaphragm degradation state 2 

 

The next stage of diaphragm degradation results in creasing of the EPDM surface, material creep, 

and deformation of diaphragm features, in particular the central and outer beads, and the formation of 

‘kidneys’. To be classified as degradation category 2, these conditions must only be present in a ‘minor’ 

form, meaning the cleanability and the sealing ability of the diaphragm has not been compromised. Once 

any of these conditions are present, the damage to the diaphragm is no longer considered cosmetic as 

the elastomer has flowed from its original moulded state. Continuation of these same degradation 

conditions will result in the destruction of the usability of the diaphragm. Degradation state 2 represents 

the maximum useful life extractible from the diaphragms, and it is desirable to remove all diaphragms 

in this condition.  
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Diaphragm degradation category 3 

The developed qualitative degradation indications describing state membership of degradation 

category 3 are shown below in figure 3.10. 

 

 
Figure 3.10: EPDM diaphragm degradation state 3 

 

Continuation of the degradation state 2 material deformation mechanisms results in diaphragms that 

are not fit for purpose due to compromised cleaning and sealing abilities. Both multiple and deep material 

creases offer an environment for microbiological and endotoxin storage and subsequent propagation. It 

is important to note that to qualify as a material crease, the split that exists must not penetrate to the 

fabric layer. Severe melting and deformation of the outer and/or central beads results in complete loss 

of sealing ability and the hermetic system seal is broken. Microbiological, endotoxin, and chemical ingress 

can then occur from external and internal sources. Another risk with degradation state 3 diaphragms is 

physical contamination of the process stream with pieces of elastomer as the diaphragm degrades. 

Degradation state 3 represents failure state 1.  
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Diaphragm cracking 

The developed qualitative degradation indications describing state membership of a cracked 

diaphragm are shown below in figure 3.11.  

 

 
 
 

Figure 3.11: EPDM diaphragm cracking 

 

The key difference between a crease and a crack is that a crack has penetrated either to, or beyond, 

the nylon fabric layer. Once this occurs, the sterile boundary of the system cannot be guaranteed. The 

sealing and cleaning ability of the diaphragms is also either lost or seriously compromised. The nylon 

fabric layer is not designed to, and is not suitable for, coming into contact with the process stream. A 

crack can occur on a diaphragm when it is in any degradation state, despite the presence or absence of 

any other degradation indicators. For example material creep is not a necessary pre-cursor for state 

membership. For this reason it is considered as a separate failure mode. Often, a diaphragm crack will 

have sharp narrow edges and affect a large surface area of the diaphragm, increasing the process integrity 

risk. Figure 3.11 (A) and (B) show cracks occurring on degradation state 1 and state 2 diaphragms 

respectively. The diaphragm in figure 3.11 (A) shows mild weir markings and discolouration, while the 

diaphragm in figure 3.11 (B) shows mild creasing and mild kidney formation. Cracked diaphragms 

represent failure mode 2, and must be avoided at all cost. As cracking can occur in any degradation 

state, crack prediction offers a greater prediction challenge than degradation category prediction due to 

the randomised nature of crack events. To date, little evidence exists for the reason of sudden diaphragm 

cracking in service. If a crack propagates through the diaphragm in service, the process stream will 

migrate into the valve bonnet and seep from the weep hole. The weep hole is open to the external 

atmosphere. 

If a diaphragm split occurs, the sterile boundary of the process is compromised and the resultant 

batch is discarded. The diaphragm is then replaced, and full steaming and chemical cleaning regimes are 

initiated.  
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3.2.2 Diaphragm degradation assessment 

Given the absence of any formalised method of quantifying diaphragm degradation, in order to 

effectively categorise the degree of diaphragm damage, a qualitative assessment method was formulated, 

described in figure 3.12. This involves the organoleptic assessment of the diaphragms after they are 

removed from service. It is not possible to qualitatively assess diaphragm degradation state in-situ given 

the closed nature of the production process. A quantitative or condition based assessment method has 

never been developed. Using the qualitative diaphragm degradation conditions described in chapter 3.2, 

the below assessment creates a ubiquitous formalised approach towards diaphragm degradation 

assessment. 

 

 
Figure 3.12: Qualitative diaphragm degradation assessment flowchart 
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3.3 Industrial process history data collection 

3.3.1 Degradation database development 

The valve sizes are defined by the size of the diameter of the pipework to which the valve is 

connected, typically given in inches. These valve sizes do not purposefully correspond to any feature on 

the diaphragm itself. The diaphragms and their sizes collected are given in table 3.2. 

 

Table 3.2: Diaphragm valve sizes in scope of this work 

Diaphragm Size (Inch) Outer Bead Diameter (mm) Data Set Quantity 

0.5 38 67 

0.75 48 4 

1 56 35 

1.5 76 9 

2 92 10 

3 136 4 

 

Establishing process factor exposures 

In order to design effective and thorough reliability frameworks, failure events must be related to 

their root causes through a systematic study. For this to be coherent, domain knowledge is essential to 

provide insight into the factors which lead to component degradation [44]. Accordingly, the process 

factors believed to impact the EPDM material lifetime were identified through domain knowledge experts 

such as reliability engineers, process technicians, maintenance technicians, and OEM product designers. 

The basic factors identified as contributing to EPDM diaphragm degradation were identified as per 

figure 3.13. Each of these factors is included in the full tested dataset, as shown in table 3.13. 

 

 

 
Figure 3.13: Brainstorming of factors impacting EPDM lifetime 
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A number of the factors identified above had already been investigated in terms of their contribution 

to diaphragm degradation in a limited way by the diaphragm OEM. To expand on this dataset industrial 

data relating to these and other conditions was also collected. Due to the complex nature of the facility’s 

process control architecture, as shown in figure 3.14, a manual data mining approach was required to 

build the bespoke database. As illustrated in figure 3.14, the valve solenoid control modules, which 

control the opening of the valves via control of the pneumatic air flow in and out of the valve bonnets, 

are connected by a 0.5V, 4-20mA line to control PLC’s. The valve solenoid control modules, or switches, 

being directly connected to the valve actuators act as local control modules. 

 

 

 
Figure 3.14:Process control system architecture 

 

When the valve control modules pneumatically actuate the valve, this information is recorded within 

the control module and data is passed back to the PLC. The PLC’s are connected to distributed control 

system modules, which are in turn connected to master control system databases. The master control 

system database which stores information relating to vessel process history and valve actuations is 

labelled as MCS in figure 3.14. The QBMS, QMS, and fill lines databases store no relevant data relating 

to this case study. The master control system databases output alarms and emergency events (A&E), 

process trends, and batch records of multiple I/O’s. The master control system databases are accessible 

via a cloud database acting as a process data historian, which collates the data from across the site. This 

cloud is accessible locally on individual workstations via specialised software. This cloud database could 

be mined to retrieve the cumulative information for CIP, SIP, and production batch history for each 

vessel, as well as temperature and pressure data from multiple transmitters located throughout the 

process piping network. 
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While I/O history is stored in the cloud, work order requests and maintenance history records are 

stored on a separate enterprise asset management software system, labelled as EAMS in figure 3.14. 

Data on maintenance interventions and other asset management activities are manually input into the 

EAMS system, from where work orders are assigned to maintenance technicians against a particular 

piece of equipment. Separately, within the enterprise asset management software system database, there 

is a list of spare parts associated with these individual work order requests. The spare parts and work 

to be carried out is detailed in a document called the maintenance task list. Data relating to diaphragm 

size and age of diaphragm at installation was established from the diaphragms information tabs, as 

identified in figure 3.4. 

Establishing maintenance history records 

The first step in the process data history collection involved identifying which maintenance task list 

each valve was on. It was critical to track the precise maintenance history of each valve, as numerous 

valves on the same system are on different maintenance task lists depending on their planned 

maintenance interval duration. For example, there are 3, 6, 12, 18, and 24-month maintenance task list’s 

developed based on historical valve usage and predicted risk of failure. These maintenance intervals have 

been set on an ad-hoc basis and represent the current static preventative maintenance approach. When 

each active valve maintenance task list was correctly identified, the enterprise asset management 

software system database was searched for maintenance records relating to when these maintenance task 

lists were conducted. This was in order to ascertain the dates of all previous maintenance interventions 

on all systems in scope of this work. 

It was necessary to ensure that the maintenance task lists and the specific work orders generated in 

the enterprise asset management software system agreed with each other in terms of the scope of the 

work actually carried out. Therefore, the list of spare parts used during each maintenance activity was 

retrieved and cross referenced with the maintenance work order logs. This ensured that the records of 

the actual parts used matched the parts listed in the maintenance task lists. This step was necessary in 

case there was any special cause deviation that meant that a particular valve was excluded during a 

certain work order. This would occur for example if any of the valves in scope had been subject to a 

corrective maintenance work order, which would typically occur due to the discovery of a failed 

diaphragm or batch contamination. Between the dates of installation and retrieval of all diaphragms in 

scope, the enterprise asset management software system was again searched for any corrective work 

orders carried out on any valve. If a corrective work order had been carried out, the valve identified was 

noted as having a different installation date than the others on the same maintenance task list. 

When the previous maintenance dates for all valves was established, it was necessary to accumulate 

the precise amount of production batches, steaming cycles, and chemical cleaning cycles each system 

associated with those valves underwent in the interim time period. This information was available 

through a separate database, labelled as the PI Database in figure 3.14. A semi-automated method was 

developed to extract this information, whereby special macro-enabled filters were coded to search the 

database to find the appropriate records, before each record was manually checked to ensure no 

anomalies such as recorded double-starts. Once the correct number of production, CIP, and SIP cycles 

was established, the individual exposure of each valve to different process conditions could be established. 
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Steam in place investigations 

 
Figure 3.15: SIP data mining methodology 

 

As illustrated in figure 3.15, when the times and dates of all SIPs were established, all possible steam 

routes for each system were mapped on the appropriate system P&ID’S to assign temperature 

transmitters to every individual valve. The exposure time of temperatures above 121.1°C for all 

temperature transmitters monitoring the two types of SIP cycles were retrieved from the PI system. 

This related to SIPs prior to batch production and SIPs during batch production. The exposure durations 

above 121.1°C recorded by the controlling temperature transmitters were added together if an individual 

valve was steamed by both SIP types or was assigned to multiple transmitters. 

Clean in place investigations 

The main steps in the CIP recipes are listed in sequence in the CIP process map, described in 

appendix B. To determine the chemical exposure per valve, the functional design specifications for each 

system and applicable CIP loops were reviewed to determine the programmed time parameters for steps 

with cleaning media. All cleaning loops were mapped from the P&ID’s to identify the flow routes of the 

cleaning media. When the times and dates of all CIPs were established, the applicable functional design 

specification timers were assigned to the individual valves and accumulated. The functional design 

specification timers track the different cleaning media stages through specific parts of the systems by 

monitoring the fluid conductivity. Conductivity probes determine the ionic content of the process stream, 

from which the product medium can be determined. To satisfy regulatory requirements, all transmitters 

on production vessels are strictly controlled and regularly calibrated for conformity. 

Valve actuations investigation 

When a valve is actuated, a digital response is recorded by the manufacturing control system. These 

digital records are accessible from the cloud database. The number of valve actuations during both SIP 

and CIP cycles were collated and counted from the end of one batch to the end of the next batch and 

allocated to the appropriate process step by cross referencing the time and dates of the SIP and CIP 

cycles. This allowed the allocation of the number of actuations occurring during each individual process 

step.  
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3.4 Statistical data analysis 

3.4.1 Data summary 

An example of the difference in steam and chemical exposure conditions between the plant data and 

the OEM data is shown in figure 3.16 below. 

 

 
Figure 3.16: SIP, NaOH, and NaClO exposure conditions - industrial data versus vendor test data 

 

Shown in figure 3.16 is each individual sample retrieved from service post-industrial usage or obtained 

from the OEM. Each sample is represented as a blue dot. It can be seen that there are instances in the 

data where the plant data represents more extreme exposures than the OEM data, and vice versa. The 

more extreme exposures, which could be categorised as outliers, are shown as individual samples 

separated from the larger groups of samples. What is evident is that the OEM data continues and 

expands upon existing relationships already within the plant data. This demonstrates how the OEM 

data is representative of the overall environmental interactions, while at the same time in some instances 

expanding upon those interactions to allow greater insight in to the data in order to aid significant 

variable selection. 
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The data collected is composed of two dependant variables and multiple independent variables. The 

two dependant variables are the degradation category of all samples, coded as a three level ordinal 

variable from 1 to 3, and the dichotomous variable for the presence of a crack, where “No” is coded as 

0, and “Yes” is coded as 1. The number and data type of the independent variables differs across both 

the production bioreactors and the perfusion skids. The full list of all variables, their data types, role, 

and parent systems are shown in table 3.3 below. 

 
Table 3.3: All data variables investigated in the initial statistical analyses 

Variable Name Measurand Data Range Data Type Data Role 
Parent 
System 

Diaphragm Degradation 
State/Category 

Material 
Assessment 

1 - 3 Ordinal Dependent All 

Diaphragm Cracking No/Yes 0 - 1 Dichotomous Dependent All 

ECO Interval Hours 0 - 19728 Continuous Independent All 

Age of Diaphragm at 
Installation 

Hours 1800 - 17616 Continuous Independent All 

Diaphragm Size Inches 0.5 - 3 Nominal Independent All 

Cumulated Steam 
Exposure Hours 0 – 594.10 Continuous Independent All 

Number of Actuations 
during Steaming 

Number of 
Actuations 

0 - 4030 Continuous Independent All 

Cumulated 80°C Water 
for Injection Exposure 

Hours 0 - 325 Continuous Independent All 

Number of Actuations 
during Water for 

Injection Exposure 

Number of 
Actuations 

0 - 4030 Continuous Independent All 

Number of Actuations 
during Batch Production 

Number of 
Actuations 0 - 6405 Continuous Independent All 

Total Number of 
Actuations 

Number of 
Actuations 0 - 12090 Continuous Independent All 

Cumulated 65°C Sodium 
Hydroxide (NaOH) 

Exposure 
Hours 0 – 152.10 Continuous Independent Bioreactors 

Number of Actuations 
during NaOH 

Number of 
Actuations 

0 - 4030 Continuous Independent Bioreactors 

Cumulated 60°C Return 
Osmosis Water Exposure 

Hours 0 – 60.11 Continuous Independent Bioreactors 

Number of Actuations 
during Return Osmosis 

Water Exposure 

Number of 
Actuations 0 – 1428 Continuous Independent Bioreactors 

Cumulated 23°C 
Phosphoric Acid (H3PO4) 

Exposure 
Hours 0 - 9 Continuous Independent 

Perfusion 
Skids 

Number of Actuations 
during Phosphoric Acid 

Exposure 

Number of 
Actuations 

0 - 420 Continuous Independent Perfusion 
Skids 

Cumulated 45°C Sodium 
Hypochlorite (NaClO) 

Exposure 
Hours 0 - 104 Continuous Independent 

Perfusion 
Skids 

Number of Actuations 
during Sodium 

Hypochlorite Exposure 

Number of 
Actuations 

0 - 864 Continuous Independent 
Perfusion 

Skids 

 
 

After the data shown in table 3.3 was collected, the dataset was assembled into a matrix such that 

each row represented an individual diaphragm and its associated failure states and covariates, the latter 

describing the exposure history of each sample in the time interval between installation and retrieval 

from service. This constituted the bespoke degradation database. 
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An example of the database data matrix layout is shown in table 3.4. 

 

Table 3.4: Field data degradation database matrix 

Diaphragm # 

Dependent Variables Independent Variables (Covariates) 

Degradation 
State 

Cracking 
Steam 

Exposure 
(Hrs) 

… 
Total 

Actuations 

1 1 1 87.3 … 228 

2 2 1 103.9 … 2659 

… … … … … … 

129 1 0 195.0 … 12090 

 
 

A summary of the plant data alone is shown below in table 3.5, while a summary of the OEM data 

is shown in table 3.6. A summary of the combined data is shown in table 3.7. 

  

Table 3.5: Plant data summary 

Crack 0 1 Total 

Degradation State    

1 72 6 78 

2 21 4 25 

3 1 3 4 

Total 94 13 107 

 

Table 3.6: OEM sourced data summary 

Crack 0 1 Total 

Degradation State    

1 17 0 17 

2 0 4 4 

3 0 1 1 

Total 17 5 22 

 

Table 3.7: Full dataset summary 

Crack 0 1 Total 

Degradation State    

1 89 6 95 

2 21 8 29 

3 1 4 5 

Total 111 18 129 
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A visual summary of the combined plant and OEM data is shown below in figure 3.17. 

 

 
Figure 3.17: Data barchart summary 

 

Table 3.8 and table 3.9 show the full dataset broken down into the individual systems. As shown, 

the bioreactor type samples account for approximately 66% of the total dataset. 

 

Table 3.8: Bioreactor Type Data Summary 

Crack 0 1 Total 

Degradation State    

1 56 5 61 

2 18 3 21 

3 1 3 4 

Total 75 11 86 

 

Table 3.9: Perfusion Skid Type Data Summary 

Crack 0 1 Total 

Degradation State    

1 33 1 34 

2 3 5 8 

3 0 1 1 

Total 36 7 43 
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A visual representation of the two system types and their associated data sets are shown in figure 

3.18. As shown, the number of individual actuations during each exposure type is accumulated to create 

the variable ‘Total Actuations’. 

 

 
Figure 3.18: Both system types and their associated data 

3.4.2 Testing for independence – degradation state vs. crack 

In order to determine whether there was any association, i.e. statistical dependence, between 

degradation state and the presence of a crack, a binomial logistic regression test was conducted. We test 

the hypothesis: 

 

 𝐻0: 𝐷𝑒𝑔𝑟𝑎𝑑𝑎𝑡𝑖𝑜𝑛 𝑆𝑡𝑎𝑡𝑒 𝑎𝑛𝑑 𝐶𝑟𝑎𝑐𝑘 𝑎𝑟𝑒 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑎𝑛𝑡 
 𝐻1: 𝐷𝑒𝑔𝑟𝑎𝑑𝑎𝑡𝑖𝑜𝑛 𝑆𝑡𝑎𝑡𝑒 𝑎𝑛𝑑 𝐶𝑟𝑎𝑐𝑘 𝑎𝑟𝑒 𝑑𝑒𝑝𝑒𝑛𝑑𝑎𝑛𝑡 

 

Independence assessment – binomial logistic regression 

It can be seen from the summarised raw data that as the degradation state increases at each step, 

the ratio between the numbers of cracked to non-cracked parts falls until the number of cracked parts 

becomes greater in degradation state 3. The degradation state independent variable was treated as a 

continuous variable because there are not enough incidents of cracking (<10) in each state to test for 

significance in each state. If there were more than 10 incidents per state then dummy variables could be 

used for each state [163]. Purely testing for independence, treating the degradation states as a rising 

continuous variable is valid as the aim is not to identify the strength of relationship of each degradation 
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state, simply whether the probability of a crack increases with increasing degradation. Therefore, the 

logistic regression model becomes: 

 

 𝐿𝑜𝑔𝑖𝑡(𝜋(𝑑)) =  𝛼 + 𝛽. 𝑑, where 𝜋(𝑑) = 𝑃(𝐶𝑟𝑎𝑐𝑘 = 1|𝐷𝑒𝑔𝑟𝑎𝑑𝑎𝑡𝑖𝑜𝑛 𝑆𝑡𝑎𝑡𝑒 = 𝑑) (3.4.1) 
  

i.e. the probability of a crack at a particular degradation level. The hypothesis becomes:  

 

   𝐻0: 𝛽 = 0
𝐻1: 𝛽 ≠ 0

 
 

 

From the output shown in table 3.10 we can reject the null hypothesis of independence (β0=0) as 

the coefficient β associated with material degradation category is 1.894 with a low standard error of 

0.458 and a significant P value of <0.0005. The overall logistic regression model is statistically significant 

with a Chi-Square, χ2(2), = 20.149, P <0.0005. The model explained 26.1% of the variance in crack 

events based on the pseudo R2 metric of Nagelkerke. The model correctly classified 88.4% of cases, 

however the sensitivity, or true positive value, of crack events was only 22.2%. The change in the odds 

ratio for each increase in one unit of the material degradation category, 𝑒 , is 6.645 with a 95% confidence 

interval of 2.707 and 16.308. From this information we can conclude that as material degradation state 

increases, so does the probability of a crack occurring in the material. 

 

Table 3.10: Logistic regression analysis predicting the likelihood of a crack based on material 
degradation category 

 β S.E. Wald df Sig. Exp(β) 

95% C.I.for 
EXP(β) 

Lower Upper 

Material Degradation 
Category 1.894 .458 17.089 1 .000 6.645 2.707 16.308 

Constant -4.648 .806 33.259 1 .000 .010 * * 

 

 

Computing the change in crack probability for each unit change in material degradation category, 

such that e1.894 -1 = 6.645 (odds ratio) - 1 = 5.645. Therefore for each unit increase in degradation state 

the odds of a crack increases by 565%. Extrapolating this relationship shows, depending on the starting 

probability (PStart), what the new probability of a crack occurring (PNew) is given a 1-unit increase in 

degradation state, as shown in equation (3.4.2) below. 

 

PNew = 
  .

   .

   (3.4.2) 
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A graph of the updated probabilities of a crack occurring given a 1-unit increase in degradation 
state is shown in figure 3.19 below. 

 

 
Figure 3.19: Updated probabilities of material cracking as degradation state increases 

 

To illustrate an example, simulated is the probability of a crack occurring during degradation state 

1 as being 20%, shown via the broken red line. This probability of a crack occurring during degradation 

state 1 can be due to a multitude of different reasons. As the component remains in service and changes 

from degradation state 1 to degradation state 2, now the new probability of a crack occurring in the 

component 62.4%. If the material further remains in service and transitions to degradation state 3, the 

new probability of a crack being present in the material is now 91.7%. It is important to keep in mind 

of course that this relationship shows association, not causation, reiterating the need to predict the initial 

cracking probability. Although the model correctly classified 88.4% of cases, the model displays poor 

predictive ability overall, as shown in table 3.11. 

 

Table 3.11: Cracking versus degradation state classification table 

Observed 

Predicted 

Crack (Y/N) 
Percentage Correct 

0 1 

Crack (Y/N) 
0 110 1 99.1 

1 14 4 22.2 

Overall Percentage   88.4 

 

While the specificity, i.e. true negative percentage, value of the model is 99.1%, the sensitivity, the 

percentage of cases of cracking correctly predicted by the model, is only 22.2%. It is likely that as there 

are relatively few cases of crack events in the data set that this exaggerated the specificity of the model. 

It is clear there is a need for more insight into the causes of cracking, as due to the complex censored 

nature of the data, the category 3 diaphragms may have cracked when they were in either state 1 or 

state 2. However, the statistically dependant relationship established indicates that the longer the 

material is in service, the greater the probability of the material developing cracks. 
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3.4.3 Degradation model covariate selection - multivariate binomial logistic regression 

In this case study, it is assumed that direct transitions from degradation state 1 to state 3 are not 

possible, which is typical of degradation processes caused by a cumulative damage, and that the 

degradation process is influenced by a set of covariates. Furthermore, we consider a case in which the 

components are replaced after inspection. To ascertain from the full available set of covariates Φ the 

significant subset 𝑝 for the prediction of crack events and the material degradation category in the 

bioreactor and perfusion systems, multivariate binomial logistic regression is utilised [293]. From the 

developed database, a dataset (𝑑 ∈ ℝ , 𝑋′ ∈ ℝ × ) = {(𝑑 , 𝑥′ )} ,…,   is available, containing 𝑁 

observations, the generic 𝑛-th record reporting the degradation state 𝑑  and the corresponding vector 

𝑥′ = (𝑥′ , … , 𝑥′ ) ∈ ℝ  of the values of the Φ covariates initially available. Vectors 𝑥′  form the rows 

of matrix 𝑋′. Since the components are replaced after inspection, every record refers to a different 

component. To expand on the model introduced in chapter 2, the multi-covariate binomial logistic 

regression model is defined as [163,293]: 

 

 𝑙𝑛
𝑃

1 − 𝑃
=  𝛼 + 𝛽 . 𝛷 + 𝛽 . 𝛷 + ⋯ +  𝛽 . 𝛷  = 𝛼 + 𝛽 . 𝛷  (3.4.3) 

 

Which becomes: 

 

 𝑃 =  𝑒 .  . ⋯  .

1 +  𝑒 .  . ⋯  .  (3.4.4) 

 

where 𝑃  is the expected probability that the dependant variable, the dichotomous failure event, has 

occurred, and 𝑝  - 𝑝  are the significant independent variables associated with that specific failure 

event. 

In this case study, material degradation state fits the definition of an ordinal variable, with the three 

ordered categories 1 < 2 < 3. Normally, a typical analysis to use in this circumstance would be the 

cumulative odds ordinal logistic regression with proportional odds [293]. Unfortunately, as is often the 

case with real world data sets, there is not enough sample cases of degradation state 3 in order to reliably 

predict both the significance and parameter estimates of the individual covariates for this state 

specifically. This is because the fewer events per variable available, the less reliable the analysis becomes. 

Typically, having less than 10 events per variable results in biased or unreliable coefficients [294]. As 

there are only 5 incidences of degradation state 3 occurring throughout the entire dataset it is not 

possible to run either a full ordinal regression analysis or a multinomial logistic regression analysis. 

Instead, a binomial logistic regression analysis is conducted for this failure mode using the degradation 

states 1 and 2, with degradation state 1 acting as the reference category, and degradation state 2 acting 

as the event category. It is therefore assumed that whatever process exposure conditions cause the EPDM 

to transition from degradation state 1 to state 2, are also responsible for the transition between state 2 

and state 3. Given the scarcity of information, it must also be assumed that the vector of coefficients 𝛽  

= ( 𝛽 ,…, 𝛽 ) is independent of the two transition times T1-2 and T2-3 defined in the semi-Markov 

approach, i.e. that the impact of the covariates on the two transition times is the same. Similarly, for 

the variable selection for crack events, non-cracked samples are used as reference, with crack events 

acting as the event. 

As the data set in this work is industrially sourced, the amount of data available is limited as the 

majority of samples only become available after the completion of the 12 or 24-month maintenance 
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intervals. The objective of variable selection is to pick, from the whole set Φ of available covariates, the 

subset 𝑝 of those that provide the best predictive performance.  

In this work a two-step approach is used for variable selection. Firstly, a filtering approach is used 

initially to discard from the full list of available covariates those which are not significant in determining 

the transition behaviour between failure states. This is an unrefined selection based on the binomial 

logistic regression technique. This method is suitable for situations where the number of covariates is 

large with respect to the amount of available data, and works like a filter method, as the selection is not 

based on the predictive ability of a final model. Secondly, a wrapper method, based on the AIC  and the 

Pseudo R2 measure of Cragg & Uhler and Nagelkerke are applied on the filtered set of covariates 𝑝 to 

ascertain if predictive performance of the logistic regression models are enhanced using select subsets 𝑝 

of those significant covariates. With a reduced covariate selection, wrapper methods are advantageous 

as they help the maximisation of predictive performance in the final model. The aim of using both the 

Pseudo R2 and AIC metrics is to find the correct balance between maximisation of the variability 

explained by the model by maximisation of the Pseudo R2 value, while minimising model complexity by 

having too many covariates by minimising the AIC value. Figure 3.20 below shows the developed 

procedure for selecting the significant covariates for the degradation models using binomial logistic 

regression analysis, corresponding to the filtering method for selecting the initial covariate subset, and 

the wrapper methods for verification of predictive model performance using AIC and the Pseudo R2 

measure of Cragg & Uhler and Nagelkerke. 

 

 
Figure 3.20: Filtering and wrapping methods for covariate selection 

 

Time variable selection 

In order to develop dynamic component specific degradation models, it is preferential not to assume 

the use of calendar time as the most appropriate time variable used to describe diaphragm degradation 

state transition rates. Rather, the approach adopted here is to use a ubiquitous process variable 

applicable to all components which also significantly lends to the degradation rate experienced by the 

components. Therefore the time variable chosen has two constraints: 1) it must be an independent 



Analysis of process variables contributing to component degradation 

81 

 

continuous time process variable which all components regardless of system type are subjected to, and 

2) it must be the variable deemed most significant with regards to the degradation state transition rates 

defined within the semi-Markov framework. Formally, within the logistic regression model, the values 𝑥′ 

of the full covariate list Φ are used as explanatory variables. Then, among the chosen significant covariate 

subset 𝑝 the component ‘replacement time’ 𝑟  of the final predictive model is chosen, where 𝑟 =

(𝑟 , … , 𝑟 ) ∈ ℝ . This way, the final significant dataset later used to develop the degradation model 

can be defined as (𝑟 ∈ ℝ , 𝑑 ∈ ℝ ,  𝑋 ∈ ℝ × ) = {(𝑟 , 𝑑 , 𝑥′ )} ,…,   reporting the degradation state 

𝑑  in which the 𝑛-th component was found at the replacement time 𝑟 , i.e., the ‘time’ elapsed from 

installation to replacement. The initial candidate variables satisfying condition 1 above are: 

 

 Maintenance (ECO) Interval (Hrs) 

 Cumulated Steam Exposure (Hrs) 

 Cumulated 80°C Water for Injection Exposure (Hrs) 

 

Multicollinearity diagnostics 

The first step in the filter approach is to choose the initial variable subsets for both system types 

that minimises the multicollinearity present among the covariates. Once this initial subset has been 

elucidated, they will be used within the regression models to filter the significant variables. In 

multivariate binary logistic regression analysis there are a number of assumptions which must be met in 

order to proceed with using the model, such as independence of cases and that categories are mutually 

exclusive and exhaustive. The most pertinent to this analysis, given the large number (>10) of 

independent variables, is that of multicollinearity. Multicollinearity occurs when there are two or more 

independent variables that are highly correlated with each other, leading to problems with understanding 

which variable contributes to the variance explained by the model [163]. The first step in the process is 

to create dummy variables from the categorical variables to be used in the model. A series of dichotomous 

variables coded either "0" or "1" can be created in such a way that these new dichotomous variables 

represent all the information from the original categorical variable. This is necessary as logistic regression 

models do not allow the direct entry of categorical variables into the equation because they will be 

interpreted as continuous variables [295]. The categorical independent variable used in both regression 

models is diaphragm size, which is defined in inches according to industrial usage norms. An example of 

the new coding format of the diaphragm size categorical data is shown in Table 3.12. 

 

Table 3.12: Diaphragm size parameter coding 

 Parameter coding 

Diaphragm Size 
(Inch) 

0.50 0 0 0 0 

1.00 1 0 0 0 

1.50 0 1 0 0 

2.00 0 0 1 0 

3.00 0 0 0 1 

 

 

Multicollinearity must be addressed as it can increase estimates of parameter variance, yield models 

in which no variable is statistically significant even though the R2 is large, produce parameter estimates 

with an incorrect sign and of incorrect magnitude, create situations in which small changes in the data 

produce large variations in parameter estimates, and prevent the numerical solution of a model [296]. In 
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order to identify highly correlated independent variables we use the Variance Inflation Factor (VIF), 

defined as [296]: 

 1
1 − 𝑅  (3.4.5) 

 

where 𝑅  is derived by regressing the ith coefficient against all other coefficients in the model. Typically, 

any variable with a VIF greater than 10 can be categorised as having problematic levels of collinearity 

to other variables [297]. Menard [298] states that a VIF of greater than 5 is cause for concern, and a 

VIF greater than 10 almost certainly indicates a serious collinearity problem. However Hair et al. [299] 

suggest that a VIF of less than 10 is indicative of inconsequential collinearity. As such, a VIF limit of 

10 is applied here as a cut off point for variables after which further action is taken to reduce model 

collinearity if present. It is important to note that multicollinearity diagnostics will only be used during 

the filtering stage in determining the initial significant covariate selection, meaning the issue of 

multicollinearity will be addressed when partially determining the relative importance of each potential 

covariate only. This is because multicollinearity doesn’t affect the statistical significance of a variable, 

meaning if a regression coefficient is statistically significant while there is a large amount of 

multicollinearity present, it is still statistically significant in the face of that collinearity [296]. Therefore 

once the significant covariates have been selected, potentially correlated covariates can be used together 

in a predictive model, as multicollinearity doesn’t reduce the predictive power of a model as a whole 

[293]. 

3.4.4 Variable subset selection - full dataset  

Using the date gathered as detailed in figure 3.13, a VIF analysis was performed on the full dataset 

in order to understand the relationships that exist overall within the data. As a starting point, the full 

dataset was analysed using regression techniques before the dataset was broken down into the two 

separate systems. This is to utilise the data in different formats in order to extract the most information. 

The challenge with the dataset is the limited amount of data available with which to make conclusions 

about the significance of individual variables. This is particularly true of the perfusion skid dataset as it 

accounts for only approximately 33% of the total data available. Utilising the full dataset to test for the 

significance of individual variables in both failure modes is appropriate in this instance to help further 

guide the final variable selection for the predictive lifetime models. The final conclusions of variable 

selection will not be based on a single statistical test, but on various sources of information including 

material characterisation analyses and expert judgment. The VIF analysis of the full dataset is shown 

in table 3.13. 

 

Table 3.13: Multicollinearity analysis: Full dataset 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .324 3.085 

Age of Diaphragm at Installation (Hrs) .624 1.603 

Cumulated Steam Exposure (Hrs) .312 3.209 

No. Actuations (Steam Exposure) .124 8.039 

65°C Sodium Hydroxide  (NaOH) Exposure (Hrs) .019 53.391 

No. Actuations (NaOH Exposure) .036 27.601 

60°C Return Osmosis (RO) Exposure (Hrs) .044 22.492 

No. Actuations  (60°C RO Exposure) .486 2.059 

80°C Water For Injection Exposure (WFI) (Hrs) .019 53.613 

No. Actuations  (80°C WFI Exposure) .021 48.161 
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23°C Phosphoric Acid Exposure (Hrs) .357 2.801 

No. Actuations  (23°C H3PO4 Exposure) .442 2.261 

45°C Sodium Hypochlorite Exposure (Hrs) .120 8.325 

No. Actuations  (45°C NaClO Exposure) .099 10.080 

No. Actuations During Production Batches .925 1.082 

Diaphragm size 0.5 Inch .655 1.527 

Diaphragm size 1 Inch .469 2.131 

Diaphragm size 1.5 Inch .736 1.358 

Diaphragm size 2.0 Inch .666 1.501 

 

 

Individual actuations are highly correlated to their respective exposure conditions, and also to the 

total actuations variable. Unfortunately, including them in the analysis would be ineffective, as it would 

not be possible to determine their relative importance given the high degree of collinearity present. 

When they are removed from the analysis, within the remainder of the covariates there is a high 

degree of collinearity between: 

 

 80°C Water for Injection exposure 

 Cumulated 65°C NaOH Exposure 

 Total Actuations 

 

Removing all other actuations from the model, one of these three variables can be included with all 

of the following variables: 

 

 ECO Interval (Hrs) 

 Age of Diaphragm at Installation (Hrs) 

 Cumulated Steam Exposure (Hrs) 

 Cumulated 60°C Return Osmosis Exposure (Hrs) 

 23°C Phosphoric Acid Exposure (Hrs) 

 45°C Cumulated Sodium Hypochlorite Exposure (Hrs) 

 Diaphragm size 0.5 Inch 

 Diaphragm size 1 Inch 

 Diaphragm size 1.5 Inch 

 Diaphragm size 2 Inch 

 

Diaphragms of size 0.75 and 3 inches are removed from the analysis, as due to their low frequencies 

only unreliable and unstable coefficients are produced. The frequency of the different diaphragm sizes in 

the full dataset is shown in table 3.14. 

 

Table 3.14: Frequency of diaphragm sizes in total dataset 

Diaphragm Size (Inch) Frequency Percentage of Overall 

.50 67 51.9 

.75 4 3.1 

1.00 35 27.1 

1.50 9 7.0 

2.00 10 7.8 
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3.00 4 3.1 

Total 129 100.0 

 

 

Using this combination of variables, three separate models can be constructed. 

 

Full dataset - model 1 

 

Table 3.15: The inclusion of 65°C NaOH exposure 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .465 2.150 

Age of Diaphragm at Installation (Hrs) .643 1.556 

Cumulated Steam Exposure (Hrs) .358 2.794 

60°C Return Osmosis Exposure (Hrs) .328 3.048 

23°C Phosphoric Acid Exposure (Hrs) .787 1.271 

45°C Sodium Hypochlorite Exposure (Hrs) .352 2.843 

Diaphragm size 0.5 Inch .176 5.692 

Diaphragm size 1 Inch .224 4.461 

Diaphragm size 1.5 Inch .481 2.077 

Diaphragm size 2 Inch .394 2.540 

65°C Sodium Hydroxide Exposure (Hrs) .252 3.967 
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Full dataset - model 2 

 

Table 3.16: The inclusion of 80°C water for injection exposure 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .432 2.313 

Age of Diaphragm at Installation (Hrs) .646 1.547 

Cumulated Steam Exposure (Hrs) .335 2.983 

60°C Return Osmosis Exposure (Hrs) .409 2.445 

23°C Phosphoric Acid Exposure (Hrs) .741 1.350 

45°C Sodium Hypochlorite Exposure (Hrs) .343 2.920 

Diaphragm size 0.5 Inch .175 5.706 

Diaphragm size 1 Inch .218 4.596 

Diaphragm size 1.5 Inch .483 2.070 

Diaphragm size 2 Inch .393 2.545 

80°C Water for Injection Exposure (Hrs) .387 2.584 

 

Full dataset - model 3 

 

Table 3.17: The inclusion of cumulative total actuations 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .509 1.963 

Age of Diaphragm at Installation (Hrs) .651 1.535 

Cumulated Steam Exposure (Hrs) .380 2.630 

60°C Return Osmosis Exposure (Hrs) .405 2.468 

23°C Phosphoric Acid Exposure (Hrs) .785 1.273 

45°C Sodium Hypochlorite Exposure (Hrs) .409 2.443 

Diaphragm size 0.5 Inch .173 5.768 

Diaphragm size 1 Inch .217 4.615 

Diaphragm size 1.5 Inch .483 2.071 

Diaphragm size 2 Inch .392 2.550 

Total Actuations .506 1.977 

 

3.4.5 Variable subset selection - bioreactor dataset  

The first VIF analysis of the full list of covariates from the bioreactor type dataset is shown in table 

3.18. As the variable ‘Total Actuations’ is a linear combination of each of the individual actuations, and 

therefore linearly dependant on them, it has been dropped from the initial analysis as the collinearity 

would be so great as to cause the model to fail. As shown, the most highly correlated covariates are: 

 

 Cumulated 65°C NaOH exposure   

 Number of actuations during NaOH exposure   

 60°C Return Osmosis exposure 

 80°C Water for Injection exposure 
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 Number of actuations during 80°C Water for Injection exposure 

 

All other covariates have VIF values lower than 10. 

 

Table 3.18: Multicollinearity analysis: Full bioreactor type dataset 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .417 2.400 

Age of Diaphragm at Installation (Hrs) .689 1.452 

Cumulated Steam Exposure (Hrs) .359 2.782 

No. Actuations (Steam Exposure) .125 7.977 

Cumulated 65°C Sodium Hydroxide  (NaOH) Exposure (Hrs) .022 46.329 

No. Actuations (NaOH Exposure) .019 51.984 

60°C RO (Hrs) .046 21.888 

No. Actuations  (60°C RO Exposure) .513 1.942 

80°C WFI (Hrs) .014 72.752 

No. Actuations  (80°C WFI Exposure) .008 129.601 

No. Actuations During Production Batches .928 1.078 

Diaphragm size 0.5 Inch .144 6.962 

Diaphragm size 1 Inch .188 5.318 

Diaphragm size 1.5 Inch .366 2.732 

Diaphragm size 2 Inch .282 3.551 

 

 

As a first step, due to the high VIF values, all actuations during individual exposures were removed 

from the model and replaced with their linear combination which is the total actuations variable. 

 

Table 3.19: Multicollinearity analysis: Bioreactor type dataset excluding individual actuations 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .484 2.065 

Age of Diaphragm at Installation (Hrs) .714 1.401 

Cumulated Steam Exposure (Hrs) .375 2.669 

Cumulated 65°C Sodium Hydroxide (NaOH) Exposure (Hrs) .028 36.532 

60°C RO (Hrs) .065 15.597 

80°C WFI (Hrs) .028 35.270 

Total Actuations .109 9.151 

Diaphragm size 0.5 Inch .148 6.784 

Diaphragm size 1 Inch .193 5.188 

Diaphragm size 1.5 Inch .370 2.703 

Diaphragm size 2 Inch .289 3.462 

 

 

Table 3.19 shows that the cumulated exposures to NaOH and hot water at both 80°C and 60°C are 

highly correlated. This is also illustrated in figure 3.21 below. Figure 3.21 illustrates also how the OEM 

exposures are at times more extreme than the industrial process data exposures, with the reverse also 

being true. The contrast between the two datasets is favourable, as it allows for better distinction 

between the affect that the two exposures may have on component degradation.  
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Figure 3.21: CIP exposure conditions - industrial data versus vendor test data in bioreactors 

 

Rather than simply delete the offending chemical exposure variables or create a linear combination 

of all three of them, it is important to first understand the relationship between them and the roles they 

play in the overall production process. As shown in figure 3.21, NaOH, 60°C return osmosis water and 

80°C water for injection exposure are highly correlated during production runs. However, when included, 

the OEM data gives greater insight into the role of all three variables as this reduces the correlation 

between the variables, as shown in figure 3.22. Exploring the relationship between the NaOH and 60°C 

return osmosis water exposures shows that when the OEM data is not included in the analysis, the 

adjusted R2 value of a linear regression between the two variables is 0.9221. This is shown as the solid 

black line in figure 3.22. This is because they are both only used in the cleaning cycles for bioreactors, 

as opposed to the 80°C water for injection variable which is used in the cleaning cycles of both the 

bioreactors and the perfusion skids. This contrasts to an adjusted R2 value 0.338 when the OEM data is 

included. This is shown as the broken red line in figure 3.22. The OEM data point shown in figure 3.22 

represents multiple samples with identical exposures. The OEM data here provides insight into 

diaphragm condition given low levels of 60°C return osmosis water exposure but high levels of NaOH 

exposure. This contrasts to information garnered from the industrial dataset which provides information 

relating to high levels of both NaOH and 60°C return osmosis water exposures. Either deleting one of 

the NaOH and 60°C return osmosis water exposure variables, or linearly combining them into a new 

variable, could potentially cause an important loss of information. 
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Figure 3.22: Relationship between NaOH exposure and 60°C return osmosis water exposure in the 

bioreactor systems 

 

As shown in figure 3.23, observing the correlation between NaOH and 80°C water for injection 

exposure across all systems, it is evident that there is not a strong correlation between the two variables. 

It is therefore not appropriate to either delete one of these two variables or to merge them into one new 

individual variable. A theoretical single model unifying all systems would potentially lose critical 

information due to the loss of one of these variables. The OEM data point here again represents multiple 

samples, providing additional information not available from the process data about the effect of 

moderate levels of NaOH exposure but high levels of 80°C water for injection exposure. 

 

 
Figure 3.23: Relationship between NaOH exposure and 80°C Water for Injection exposure across all 

systems 

 

Several combinations of all variables were analysed, however the only combination that produced 

VIF values lower than 10 were the following eight variables: 
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 ECO Interval (Hrs) 

 Age of Diaphragm at Installation (Hrs) 

 Cumulated Steam Exposure (Hrs) 

 Cumulated 65°C Sodium Hydroxide (NaOH) Exposure (Hrs) 

 Diaphragm size 0.5 Inch 

 Diaphragm size 1 Inch 

 Diaphragm size 1.5 Inch 

 Diaphragm size 2 Inch 

 

Combined with one of the following three variables: 

 

 60°C Return Osmosis Exposure (Hrs) 

 80°C Water For Injection Exposure (Hrs) 

 Total Actuations 

 

For this reason, three separate models will be used for all logistic regression models in the bioreactor 

dataset. These are the eight variables listed plus one of the three variables listed. If any combinations 

of two or more of the three variables are used, then the VIF values produced are greater than 10. The 

three models with the lowest multicollinearity diagnostics therefore are the following: 

Bioreactor dataset - model 1 

 

Table 3.20: Inclusion of 80°C water for injection exposure 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .519 1.926 

Age of Diaphragm at Installation (Hrs) .740 1.351 

Cumulated Steam Exposure (Hrs) .415 2.412 

Cumulated 65°C Sodium Hydroxide (NaOH) Exposure (Hrs) .185 5.414 

80°C Water for Injection Exposure (Hrs) .152 6.567 

Diaphragm size 0.5 Inch .156 6.399 

Diaphragm size 1 Inch .197 5.080 

Diaphragm size 1.5 Inch .387 2.587 

Diaphragm size 2 Inch .304 3.294 
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Bioreactor dataset - model 2 

 

Table 3.21: Inclusion of 60°C RO exposure 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .571 1.752 

Age of Diaphragm at Installation (Hrs) .716 1.397 

Cumulated Steam Exposure (Hrs) .407 2.458 

Cumulated 65°C Sodium Hydroxide (NaOH) Exposure (Hrs) .188 5.320 

60°C Return Osmosis Water Exposure (Hrs) .269 3.720 

Diaphragm size 0.5 Inch .165 6.076 

Diaphragm size 1 Inch .223 4.478 

Diaphragm size 1.5 Inch .401 2.494 

Diaphragm size 2 Inch .302 3.306 

 

Bioreactor dataset - model 3 

 

Table 3.22: Inclusion of total actuations 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .613 1.631 

Age of Diaphragm at Installation (Hrs) .750 1.333 

Cumulated Steam Exposure (Hrs) .414 2.418 

Cumulated 65°C Sodium Hydroxide (NaOH) Exposure (Hrs) .229 4.368 

Total Actuations .276 3.624 

Diaphragm size 0.5 Inch .152 6.576 

Diaphragm size 1 Inch .211 4.739 

Diaphragm size 1.5 Inch .389 2.569 

Diaphragm size 2 Inch .302 3.308 

 

3.4.6 Variable subset selection - perfusion skid dataset 

The first VIF analysis conducted was of the full list of covariates from the perfusion type dataset. 

Again the variable ‘Total Actuations’ has been dropped from the initial analysis, along with the number 

of actuations during 80°C water for injection exposure, as they are highly correlated to other variables 

in the dataset which would cause the model to fail. As shown, the most highly correlated covariates are: 

 

 45°C cumulated sodium hypochlorite exposure 

 Number of actuations during 45°C sodium hypochlorite exposure 

 80°C water for injection exposure 

 23°C phosphoric acid exposure 

 Cumulated steam exposure 

 Number of actuations during steam exposure   
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All other covariates have VIF values lower than 10. The results from the first VIF analysis from the 

perfusion type dataset are shown in table 3.23 

 

Table 3.23: Multicollinearity analysis: Perfusion type dataset 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .138 7.242 

Age of Diaphragm at Installation (Hrs) .331 3.017 

Cumulated Steam Exposure (Hrs) .029 34.535 

No. Actuations (Steam Exposure) .011 88.775 

23°C Phosphoric Acid Exposure (Hrs) .016 62.812 

No. Actuations (23°C Phosphoric Acid Exposure) .189 5.305 

45°C Cumulated Sodium Hypochlorite Exposure (Hrs) .008 129.490 

No. Actuations (45°C Sodium Hypochlorite Exposure) .052 19.238 

80°C Water for Injection Exposure (Hrs) .011 92.517 

No. Actuations During Production Batches .526 1.902 

Diaphragm size 0.5 Inch .358 2.792 

Diaphragm size 1.0 Inch .658 1.520 

 

 

Similar to the full and the bioreactor datasets, due to their high VIF values, all actuations during 

individual exposures were removed from the model and replaced with the total actuations variable, as 

shown in table 3.24. 

 

Table 3.24: Multicollinearity analysis: Perfusion type dataset excluding individual actuations 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .281 3.564 

Age of Diaphragm at Installation (Hrs) .397 2.522 

Cumulated Steam Exposure (Hrs) .067 15.017 

23°C Phosphoric Acid Exposure (Hrs) .051 19.710 

45°C Cumulated Sodium Hypochlorite Exposure (Hrs) .040 24.952 

80°C Water for Injection Exposure (Hrs) .052 19.190 

Total Actuations .549 1.823 

Diaphragm size 0.5 Inch .515 1.942 

Diaphragm size 1.0 Inch .410 2.438 

 

This had the effect of considerably decreasing the VIF values across most covariates. However there 

are still four remaining covariates with VIF values greater than 10. These are: 

 

 Cumulated Steam Exposure 

 23°C Phosphoric Acid Exposure 

 45°C Cumulated Sodium Hypochlorite Exposure 

 80°C Water for Injection Exposure 

The high correlation amongst certain combinations of these variables is illustrated in figure 3.24. 

The most highly correlated variables are highlighted in bold. Among the variables that are not highly 

correlated, the OEM data again offers an advantageous distinction between the potential effects of the 
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variables on component degradation, reducing high correlation that would have been present if the OEM 

data were not included. 

 

 
Figure 3.24: Exposure conditions - plant data versus OEM data in the perfusion skids 

 

In further detail, there are two groups of variables that are highly correlated to one another even 

when the OEM data is considered, which are: 

 

1. Cumulated Steam Exposure & Sodium Hypochlorite Exposure 

 

and 

 

2. Phosphoric Acid Exposure & 80°C Water for Injection Exposure 

 

These relationships are further highlighted in figures figure 3.25 and figure 3.26 below. 
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Figure 3.25: Relationship between cumulated steam and sodium hypochlorite exposure in the perfusion 

dataset 

 

 
Figure 3.26: Relationship between cumulated phosphoric acid and 80°C water for injection exposure in 

the perfusion dataset 

Again, several combinations of all variables were analysed, however the only combination that 

produced VIF values lower than 10 were the following six variables: 

 

 ECO Interval (Hrs) 

 Age of Diaphragm at Installation (Hrs) 

 Total Actuations 

 Diaphragm size 0.5 Inch 

 Diaphragm size 1.0 Inch 
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Combined with specific combinations of the following four variables: 

 

 23°C Phosphoric Acid Exposure (Hrs) 

 80°C Water for Injection Exposure (Hrs) 

 45°C Sodium Hypochlorite Exposure (Hrs) 

 Steam Exposure (Hrs) 

 

The six variables listed at the top above act as the base model, with which specific combinations 

from the correlated four variables listed below them will form the four separate models detailed below. 

These four models will be used for all logistic regression models in the perfusion dataset. These are: 

 

Perfusion skid dataset - model 1 

 

Table 3.25: The inclusion of steam exposure and 80°C water for injection exposure 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .320 3.124 

Age of Diaphragm at Installation (Hrs) .565 1.770 

Total Actuations .604 1.657 

Diaphragm size 0.5 Inch .140 7.135 

Diaphragm size 1.0 Inch .130 7.690 

Cumulated Steam Exposure (Hrs) .223 4.487 

80°C Water for Injection Exposure (Hrs) .676 1.479 

 

Perfusion skid dataset - model 2 

 

Table 3.26: The inclusion of steam exposure and 23°C phosphoric acid exposure 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .319 3.132 

Age of Diaphragm at Installation (Hrs) .561 1.784 

Total Actuations .634 1.578 

Diaphragm size 0.5 Inch .141 7.080 

Diaphragm size 1.0 Inch .130 7.698 

Cumulated Steam Exposure (Hrs) .222 4.506 

23°C Phosphoric Acid Exposure (Hrs) .712 1.405 

 

  



Analysis of process variables contributing to component degradation 

95 

 

Perfusion skid dataset - model 3 

 

Table 3.27: The inclusion of 45°C sodium hypochlorite exposure and 80°C WFI exposure 

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .288 3.469 

Age of Diaphragm at Installation (Hrs) .475 2.106 

Total Actuations .674 1.483 

Diaphragm size 0.5 Inch .096 9.430 

Diaphragm size 1.0 Inch .110 9.064 

80°C Water For Injection Exposure (Hrs) .504 1.982 

45°C Sodium Hypochlorite Exposure (Hrs) .140 7.145 

 

Perfusion skid dataset - model 4 

 

Table 3.28: The inclusion of 45°C sodium hypochlorite exposure and 23°C phosphoric acid exposure   

Model 
Collinearity Statistics 

Tolerance VIF 

ECO Interval (Hrs) .281 3.555 

Age of Diaphragm at Installation (Hrs) .462 2.166 

Total Actuations .707 1.415 

Diaphragm size 0.5 Inch .095 9.499 

Diaphragm size 1.0 Inch .108 9.244 

23°C phosphoric Acid exposure (Hrs) .509 1.965 

45°C Sodium Hypochlorite Exposure (Hrs) .134 7.487 

 

 

The reasoning behind the covariate selection for the four models is straightforward. It is desirable to 

keep at least two chemical variables in the model to help ascertain the relative importance of each 

variable. Therefore the two groups of correlated variables were combined, as knowing the significance of 

one variable can help ascertain the level of significance of another variable in a minimally changed model.  
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The logistic regression results tables from all statistical analyses investigated can be found in 

appendix C. These results are discussed below. 

3.4.7 Filter approach covariate selection results - cracking failure mode 

There are several conclusions that can be drawn from the statistical analysis results in relation to 

the cracking failure mode, these are: 

 

 Knowing the current degradation state of a component and the initial cracking probability it is 

possible to predict the updated probability of a crack event occurring in the material 

 The probability of a crack occurring increases greatly with increasing material degradation state. 

For each unit increase in degradation state the odds of a crack increases by 565%. The final crack 

event probability is however contingent upon the initial probability of a crack event occurring when 

the component is in degradation state 1 

Full dataset 

 Maintenance interval time is significant at the 10% level in all three models 

 NaClO exposure is significant at the 10% level in model 3 

Bioreactor systems 

 Maintenance interval time is significant at the 5% level in all three models 

 The 1.0 inch diaphragms were statistically significant variables in models 1 and 3 at a significance 

level of 5%, and at 10% in model 2. It is possible that this size, potentially due to design flaws or 

other weakness, is more prone to cracking in service in comparison to other sized diaphragms in this 

environment. They were not significant in the models built using the full or perfusion skid datasets 

 The 0.5 inch diaphragms were significant at the 10% level in model 1 

Perfusion systems 

 No variables were found to be statistically significant in the perfusion system models at either the 

5% or 10% significance levels 

3.4.8 Filter approach results - gradual degradation failure mode 

In relation to the gradual stepwise degradation failure mode, there are several conclusions that can 

be drawn from the statistical analysis results. These are: 

 

 Cumulated steam exposure is the most statistically significant covariate in terms of predicting the 

gradual degradation of the EPDM diaphragms. Apart from model 2 of the perfusion skid dataset, in 

all models from all datasets steam exposure is significant at the 5% level of significance. In model 2 

of the perfusion skid dataset steam exposure is significant at the 10% significance level. 

Full dataset 

 The maintenance interval is significant at the 10% significance level in models 1 and 2, and at the 

5% level of significance in model 3, of the models built using the full dataset 

 Cumulated NaOH exposure is significant at the 10% level of significance in model 1 

 Cumulated NaClO exposure is significant at the 10% significance level in model 3 
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 No variable among diaphragm size, 80°C Water for Injection exposure, 60°C Return Osmosis Water 

exposure, actuations, or diaphragm age at installation, was found to be significant in any model, 

suggesting they play no role in the gradual degradation of the EPDM material 

 An interaction variable created between steam exposure and NaClO exposure was found to be 

significant at the 5% level. Including the steam / NaClO interaction variable increased the true 

positive predictive ability of the model by 3.4% 

Bioreactor systems 

 In the bioreactor models maintenance interval is significant at the 5% level in all three models 

 Cumulated NaOH exposure is at the 5% significance level in model 3 of the bioreactor dataset. It 

was not found to be significant in models 1 and 2 of the bioreactor dataset, which included 80°C 

Water for Injection exposure and 60°C Return Osmosis Water as covariates respectively 

 No interaction terms were found to be significant 

Perfusion systems 

 Cumulated NaClO exposure is significant at the 5% level of significance in models 3 and 4 of the 

perfusion skid dataset. NaClO exposure was only investigated in models 3 and 4 due to issues with 

multicollinearity 

 Maintenance interval was not shown to be significant in any model 

 Although not generally recommended due to a biased estimation of the regression coefficients 

[300,301], a backwards stepwise elimination of the least significant variables was conducted in model 

2 to ascertain if any more variables were highlighted as significant. This was done as the result in 

this model is the only instance of steam not being found to be significant at the 5% level. Both 

steam and H3PO4 exposure are significant at the 5% level using the backwards stepwise elimination 

method 

 No interaction terms were found to be significant 

3.4.9 Wrapper approach results 

In terms of the cracking failure mode, only maintenance interval was found to be significant, and 

then only in the bioreactor models. For this reason only the gradual degradation state covariates will be 

analysed via the wrapper approach. Based on the filter approach results outlined in section 3.4.8, the 

following covariates will be used in the wrapper approach models: 

Bioreactor systems 

 Steam Exposure (Hrs) 

 NaOH Exposure (Hrs) 

 Maintenance Interval (Hrs) 
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In order to test all possible nested models with these covariates, 7 unique models were investigated, 

the results of which are shown in figure 3.27. Detailed results for all models can be found appendix C. 

 

 
Figure 3.27: Bioreactor system nested models AIC and Psuedo R2 values 

 

The results from these models suggests: 

 

 The time between maintenance intervals plays a significant role in degradation state transition 

events 

 Inclusion of the steam exposure variable to the maintenance interval covariate model increases the 

variability explained by the model by approximately 6.7%  

 The model with the best predictive ability is the model including all three covariates. However, 

including the NaOH exposure variable to the steam exposure and maintenance interval variable 

model increases explained variability by only 2.9%. This modest increase results in a heavy 

penalisation in the AIC value 

Perfusion systems 

 Steam Exposure (Hrs) 

 NaClO Exposure (Hrs) 

 Steam/NaClO Exposure (Hrs) – interaction variable 

 H3PO4Exposure (Hrs) 

 Maintenance Interval (Hrs) 
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In order to test all possible nested models with these covariates, 31 unique models were investigated. 

The AIC and Pseudo R2 values of each model are shown in figure 3.28 below. Details for all models can 

be found appendix C. 

 

 
Figure 3.28: Perfusion system nested models AIC and Psuedo R2 values 

 

The results from these models suggests: 

 

 The most important variables are the steam exposure and the steam / NaClO exposure interaction 

variables 

 In terms of predictive performance, the next most important variables appear to be the NaClO 

exposure and maintenance interval variables 

 There is a very minor improvement in model performance including the H3PO4 exposure variable 

along with the NaClO exposure and maintenance interval variables, in addition to steam exposure 

and the steam / NaClO interaction variables 

 Using all variables together results in the model explaining the most variability, with only a modest 

increase in the AIC value 
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3.5 Discussion 

For both system types, there is overwhelming evidence suggesting that steam exposure is 

ubiquitously the most significant factor influencing gradual degradation state transition events, and 

therefore could be used as the time variable in a virtual sensor model. There is some evidence to suggest 

that maintenance window interval, NaOH exposure, NaClO exposure, H3PO4 exposure, and the 

interaction between steam and NaClO exposures also influence degradation state transition events. 

Performing a sensitivity analysis on these variables only, as shown in table 3.29, illustrates this point. 

However, with the current dataset it is not possible to conclude with sufficient certainty whether these 

variables have a significant effect. For this reason, these exposures will be further investigated using 

material analysis techniques to determine if and what influence they have on the EPDM diaphragm 

material.  

 

Table 3.29: Sensitivity analysis of potentially significant variables 

 
Sensitivity 

Order β S.E. Sig. Exp(β) 

95% C.I. for 
Exp(β) 

Lower Upper 

Cumulated Steam Exposure 1 .023 .008 .008 1.023 1.006 1.040 

ECO Interval 2 .000 .000 .009 1.000 1.000 1.000 

Interaction variable: Cumulated 
Steam Exposure * 45°C NaClO 

Exposure 
3 -.001 .000 .027 .999 .999 1.000 

45°C NaClO Exposure 4 .101 .046 .028 1.107 1.011 1.211 

65°C NaOH Exposure 5 -.033 .021 .123 .967 .928 1.009 

23°C H3PO4 Exposure 6 -.102 .134 .446 .903 .694 1.175 

Constant * -4.865 1.031 .000 .008 * * 

 

 

Using the current dataset and statistical techniques employed, there is no clear indication as to 

which variable contributes to crack events occurring, apart from the degradation state of the material 

and possibly the maintenance interval time. However, these variables may only indicate that the 

probability of a crack occurring increases the longer the component is in service. As it was not possible 

to isolate a variable that could reliably predict the onset of cracking with a significant degree of 

confidence, this failure mode is investigated further using different means, namely a study on the effects 

of incorrect installation practices on the probability of a diaphragm developing a crack in service. In 

order to reduce the likelihood of a crack occurring during the lifetime of a component, the initial 

probability of a crack occurring must be minimised. According to Ohlsson [302], tightly controlling bolt 

torqueing procedures during component installation will have this affect. Material characterisation 

analysis will be used to help ascertain if physical or chemical stresses or interactions also contribute to 

cracks developing in the material, and if material quality is consistent.
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Chapter 4 

Material characterisation of component degradation 

 

 
 

4.1 Introduction and research rationale 

In order to verify one of the conclusions from chapter 3, that NaOH exposure, NaClO exposure, 

H3PO4 exposure, and the interaction between steam and NaClO exposure also influence degradation 

state transition events, a controlled study of the effects of these variables was necessary to better 

understand the EPDM degradation process occurring in the case study plant. Therefore, an analysis of 

the EPDM material pre and post-exposure to varying quantities of the environmental variables they are 

exposed to in service was undertaken. This ties into the overall methodology by describing the physics 

of the degradation processes of the components for the first time. The objectives of this chapter therefore 

are: 

 

1. To determine if exposure to the common CIP constituent chemicals has a degradative effect on the 

EPDM diaphragms 

2. If degradative effects exist, to elucidate the physics of the degradation mechanisms 

 

Unfortunately, at the time of testing it was impossible to expose diaphragm samples to controlled 

saturated steam conditions matching those seen in industry due to both safety issues and practical issues 

related to steam generation on a small scale. It was not possible therefore to isolate the effect of steam 

exposure on the diaphragms. Accordingly, to try and replicate the interaction effects between steam and 

NaClO, some samples were exposed instead to 100°C H2O before being exposed to NaClO. This was in 

an attempt to replicate the thermo-oxidative damage which might occur due to steam exposure. 

4.1.1 Testing methodology 

In order to address a gap in the available literature, which is to understand the impact that the 

aqueous chemical solutions detailed in  
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table 4.1 and table 4.2 have on the EPDM material, 24 virgin samples were utilised for testing. The 

24 samples were taken equally from four different manufacturing batches from the diaphragm OEM 

identified in chapter 3, representing the previous 2 years of EPDM diaphragm production. This was in 

order to clarify if batch differences were responsible for differences in material performance. 12 virgin 

samples were tested using an array of chemical and physical analysis methods the results of which were 

collated after every test in order to develop a foundation for the characteristics of the virgin material. 

The approach was then to expose the remaining samples to an individual chemical under investigation 

in order to examine the effect that the chemical exposure had on the material. This allowed a direct 

comparison of the degradation effects attributable to the chemical exposure. All diaphragms were of 

equal size, and, being virgin components, initially had no cracking or other forms of degradation present. 

A graphical representation of the adopted methodology is shown in figure 4.1. Table 4.4 and figure 4.54 

in chapter section 4.9 summarise the results of each test. 

 

 
Figure 4.1: Sample selection and testing methodology 

 

The chemical exposures details that sample set (ii) are subject to, represented by the use of the label 

‘1’, are shown in table 4.1. The subscript ‘C’ in the sample ID denotes that the sample was exposed to 

the chemical solution under constant 5mm compression in a valve assembly. One sample from each 

chemical exposure type was compressed continuously during chemical exposure to investigate if the 

material degradation is further affected by material compression, for e.g. environmental stress cracking. 

To achieve this, a bespoke valve assembly was kept in the ‘closed position’ during chemical exposure. 

This issue is common in normally opened valves, which comprise 95% of those used within the industrial 

case study facility, being in the ‘closed’ position during chemical exposure. Details of this valve assembly 

set-up are shown in figure 4.9 in section 4.3.  
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The chemical concentrations, given in units of Molarity (M), the temperatures, and the pH values 

of the chemical solutions match exactly those used during the chemical cleaning cycles in the case study 

facility. 

Table 4.1: Chemical exposure specifications of set (ii) test samples.  

Sample 
ID 

Chemical 
(Concentration) PH 

Chemical 
Exposure 

Duration (Hours) 

Exposure 
Temperature (°C) 

Material 
Compression 

A1 NaOH (0.5 M) 13.5 504 65 None 

B1 NaOH (0.5 M) 13.5 168 65 None 

C1C NaOH (0.5 M) 13.5 168 65 5mm 

D1 NaClO (0.87 M) 10.75 504 45 None 

E1 NaClO (0.87 M) 10.75 168 45 None 

F1C NaClO (0.87 M) 10.75 168 45 5mm 

G1 H3PO4 (0.033 M) 1.5 504 23 None 

H1 H3PO4 (0.033 M) 1.5 168 23 None 

I1C H3PO4 (0.033 M) 1.5 168 23 5mm 

J1 100°C H2O / 
NaClO (0.87 M) 

6.14/10.75 504 100 / 45 None 

K1 100°C H2O / 
NaClO (0.87 M) 

6.14/10.75 168 100 / 45 None 

L1C 100°C H2O / 
NaClO (0.87 M) 

6.14/10.75 168 100 / 45 5mm 

 

The full exposure details of each sample is given in table 4.2. 

 

 Table 4.2: Chemical exposure conditions of all samples used for testing 

Manufacturing 
Batch 

Sample 
ID 

Cumulated 
NaOH 

Exposure (Hrs) 

Cumulated 
H3PO4 Exposure 

(Hrs) 

Cumulated 
NaClO 

Exposure (Hrs) 

Cumulated 
H2O Exposure 

(Hrs) 

Set (i) - Virgin Samples 

1 A 0.00 0.00 0.00 0.00 
1 B 0.00 0.00 0.00 0.00 
1 C 0.00 0.00 0.00 0.00 
2 D 0.00 0.00 0.00 0.00 
2 E 0.00 0.00 0.00 0.00 
2 F 0.00 0.00 0.00 0.00 
3 G 0.00 0.00 0.00 0.00 
3 H 0.00 0.00 0.00 0.00 
3 I 0.00 0.00 0.00 0.00 
4 J 0.00 0.00 0.00 0.00 
4 K 0.00 0.00 0.00 0.00 
4 L 0.00 0.00 0.00 0.00 

Set (ii) - Chemically Exposed Samples 

1 A1 504.00 0.00 0.00 0.00 
1 B1 168.00 0.00 0.00 0.00 
1 C1C 168.00 0.00 0.00 0.00 
2 D1 0.00 0.00 504.00 0.00 
2 E1 0.00 0.00 168.00 0.00 
2 F1C 0.00 0.00 168.00 0.00 
3 G1 0.00 504.00 0.00 0.00 
3 H1 0.00 168.00 0.00 0.00 
3 I1C 0.00 168.00 0.00 0.00 
4 J1 0.00 0.00 504.00 30.00 
4 K1 0.00 0.00 168.00 30.00 
4 L1C 0.00 0.00 168.00 30.00 
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The exposure durations were chosen in order to ensure that any potential degradation effect would 

be seen upon material testing. While these are an extreme representation of field exposures, it was 

important that any chemical and physical changes would occur to their full effect in order to gauge their 

contribution towards diaphragm degradation. 504 hours, or 21 days, exposure time was chosen in order 

to discover if further extreme exposures had additional degradation effects, or if full damage had already 

occurred at 168 hours, corresponding to 7 days’ exposure. 

It should be noted that a full design of experiments was not conducted as the interaction effects 

between the four different chemical exposures was not being considered, only the main effects that each 

individual chemical had on the virgin EPDM. This in accordance with the sparsity-of-effects principle, 

whereby single factors are considered to have the most significant responses and higher order interactions 

are regarded as very rare [303]. This rationale was based on the process knowledge gained from chapter 

3, whereby not all of the chemicals under investigation interact during the production process. 

Accordingly, a fractional factorial design was conducted, valid in this case study for its economy and 

versatility in allowing the elucidation of the physics of the degradation mechanisms of the EPDM 

material [304]. Accordingly, the statistical significance of the effect of each chemical exposure could not 

be determined due to the limited sample size. Rather, the results are used as an indicative measure to 

the effect of chemical exposure on the EPDM material. 

In addition, while compressing a subset of the diaphragms during chemical exposure constitute an 

analogous to the ISO standard bent strip method [305] to discover if environmental stress cracking (ESC) 

plays a role in early EPDM diaphragm failure, a full study of the structural parameters that govern the 

ESC phenomenon was not feasible in this work. This is because a full ESC study would need to take 

into account constant displacement rates, constant loads, and constant displacements for every exposure 

type, greatly increasing the scope of the testing [306]. Rather, changes in stiffness during tensile 

displacement was used to indicate if the EPDM material has become susceptible to stress cracking due 

to increased crosslinking and chain entanglements, as this has been shown to be a fast and reliable 

indicator for evaluating ESC in polymers [307]. 

The testing order is outlined in table 4.3 below. This order was designed to minimise the impact of 

each test on the subsequent tests and the results obtained. 

 

Table 4.3: Testing order and sample type used per test 

Test Test Type Test Order Sample Type Used 
Fourier transform infrared spectroscopy 

Non-
destructive 

1 

Full diaphragm Shore hardness 2 
Flexural modulus testing 3 

Cyclic compression testing 4 
Compression set testing 

Destructive 

5 

Sample from diaphragm 
(different sample per test) 

Thermogravimetric analysis 6 
Soxhlet extraction 7 

Gas chromatography mass spectroscopy 8 
Dynamic mechanical thermal analysis 9 
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The testing conducted is divided into 4 technical areas to fully assess the changing physical and 

chemical properties of the EPDM composites. Some of the tests involved are a combination of two 

techniques. All tests and their functional areas are detailed in figure 4.2. 

 

 
Figure 4.2: Full testing regime conducted during material characterisation 

 

The testing rationales, testing methods, and results for each test are described in detail in the rest 

of the chapter. A discussion on the details the main findings of each test can be found at the end of the 

chapter. The sequence of the remainder of the chapter is as follows: 

 

1. Mechanical testing 

a. Shore hardness 

b. Dynamic flexural testing 

c. Compression set testing 

d. Dynamic mechanical thermal analysis 

2. Thermal testing 

a. Thermogravimetric analysis 

3. Spectroscopic testing 

a. Fourier transform infrared spectroscopy 

4. Chemical testing 

a. Soxhlet extraction 

b. Gas chromatography mass spectroscopy  
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4.2 Shore hardness 

4.2.1 Method 

The mechanical property of hardness was assessed using a CV Instruments DS series shore A 

durometer in conjunction with a 1 kg shore bench stand, as shown in figure 4.3. 

 

 
Figure 4.3: Shore hardness scale A durometer test equipment. Adapted from [108]. 

 

The testing was conducted according to ISO 7619:2010 [108]. The test piece was placed on the bench 

stand parallel to the pressure foot which mounts the indenter. Force was applied to the rubber for 3 

seconds, after which the reading was taken. In accordance with the ISO standard, five measurements 

were taken in total on different positions on the sample, the median value of which was used as the final 

hardness value. The instrument is calibrated internally before every test using six standard rubber blocks 

in the range of 30 to 90 IRHD (International Rubber Hardness Degrees), using a spring force of 445 mN. 

The accuracy of the durometer was 0.1 shore A hardness. 

4.2.2 Results 

The data for the results between batches for all virgin EPDM material, and between virgin EPDM 

and the chemically exposed EPDM, are displayed in box plots for the remainder of this chapter. Figure 

4.4 is a legend to illustrate the meaning of the different components of these box charts. 

The differences in the hardness values of the virgin samples as a function of production batch are 

illustrated in figure 4.5. As shown, there is little variation in the hardness values between production 

batches within the virgin samples. This means that peroxide crosslinking initiated during production is 

consistent across production batches. Any additional crosslinking present in the material surface due to 

increased crosslinking is therefore attributable solely to the additional chemical exposure. 
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Figure 4.4: Box plot legend 

 

 
Figure 4.5: Shore A hardness of virgin samples as a function of production batch 
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Figure 4.6: Shore A hardness results of all samples as a function of chemical exposure 

 

The results of the variation in hardness values as a function of chemical exposure are shown in figure 

4.6. There are clear variations in the hardness values of the exposed samples in comparison to the virgin 

samples, indicating that additional crosslinking has occurred. It is apparent that NaOH and 100°C H2O 

/ NaClO exposure have the largest effects on the material in this regard. It is also apparent that the 

addition of 30 hours 100°C H2O exposure has had an additional effect on the material in terms of 

increased degradation, as a result of either increased material oxidation or through the removal of 

additional plasticiser from the EPDM composite, in comparison with NaClO alone. There is no 

substantial difference in the hardness values of the NaClO and H3PO4 samples.  

 

 
Figure 4.7: Shore A hardness results as a function of exposure type and duration 

 

Figure 4.7 illustrates the differences in hardness values for each sample, based on both exposure type 

and exposure time. For the NaOH and H3PO4 exposed samples, hardness decreases when the material is 

compressed during exposure, and further decreases when the material is exposed up to 504 hours, in 

comparison to non-compressed 168-hour exposure. For both NaClO exposures, it appears that material 

compression results in increased crosslinking. For the 100°C H2O / NaClO exposed sample the hardness 

value for both 168 hours and 504 hours is the same, indicating no additional crosslinking or chain scission 

behaviour after 168 hours. However, the NaClO exposed samples appear to continually crosslink with 

additional exposure.  In the 100°C H2O / NaClO exposed variables there was no increase or decrease in 
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crosslinking after 168 hours exposure. A small increase was seen however due to EPDM compression at 

168 hours. The addition of the 30 hour 100°C H2O exposure has resulted in increased degradation of the 

EPDM. The increased hardness of the EPDM surface can result in surface brittleness, which can reduce 

crack propagation resistance. 

4.3 Dynamic flexural testing 

4.3.1 Cyclic compression testing 

Method 

As the EPDM materials under investigation in this work are composite products with multiple layers, 

traditional tensile testing would not yield satisfactory results as tensile strength and elongation at break 

would be determined by the strength of the nylon layer rather than the EPDM layers. In order to 

elucidate therefore if additional crosslinking has occurred due to chemical exposure, dynamic cyclical 

and flexural compression testing was conducted. Cyclical compression testing was conducted keeping 

both strain and strain rate conditions constant while observing the changes in the force and the work 

required to displace the material. The cyclic compression testing was performed using a Lloyd LRX 

universal testing machine designed for use in dynamic loading applications, as shown below in figure 4.8. 

In order to measure the force and work required to fully compress the samples, each diaphragm sample 

was cyclically actuated within an industrially standard valve setup. Using a sine frequency function, this 

corresponded to fully actuating, from the fully open to the fully closed position, a normally open 

diaphragm valve. The testing parameters are also given below in figure 4.8. The value of 10,000 test 

cycles was chosen to represent the average number of actuations the diaphragms in this case study 

undergo in a typical 24-month period. 

 

 
 

Figure 4.8: Universal testing machine specifications and cyclical compression test parameters 

 

The valve assembly was recreated loyally from those parts used as standard in service, to help ensure 

the accuracy and transferability of all test results. The final valve assembly is shown in figure 4.9. 
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Figure 4.9: Valve assembly flexural test setup. Adapted from [308] 

 

The compressor and actuator stem were placed inside the actuator stem casing, which was then 

placed inside the valve bonnet. The diaphragm was then screwed into the compressor as per SOP 

guidelines. Finally, the valve weir was connected via 4 bolts, one in each corner, and torqued 

appropriately according to manufacturer’s specifications. In order for the diaphragm to be actuated into 

the closed position, the top works of the valve was removed, allowing the actuator stem to protrude 

from the assembly. This was then manually tightened into a test rig connector. A stabilisation frame 

was also built to ensure the valve stayed upright and that the diaphragm was consistently normal to the 

direction of applied force. 

Critical to the accuracy of the testing was the bolt/washer/nut combination. To ensure that the 

clamping force applied to the valve assembly was consistent across each test, new bolts, nuts, and 

washers were used for every test. This was essential as clamping force has a profound effect on the force 

required to actuate the valve, as illustrated in figure 4.10 below. The results shown were generated from 

a different virgin sample to the others being tested. Initially, each bolt was tightened to 2.3Nm torque, 

the minimum of the diaphragm manufacturers specifications. The diaphragm was then subjected to the 

standard testing conditions described above. After the completion of each testing cycle, the valve bolts 

were tightened by a further 0.2Nm, and the test was re-run. The final testing torques used in each M6 

bolt was 4.5Nm, the maximum limit of the diaphragm manufacturers specifications. The range of values 

from 2.3 to 4.5Nm is still therefore within manufacturers guidelines. The results below demonstrate that 

if the torque was not applied consistently during testing, there was a possibility that the results could 

be inconsistent or erroneous. This issue is addressed further in chapter 5. 
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Figure 4.10: Loads required to actuate valve through varying bolt torques 

 

As figure 4.10 illustrates, the full displacement load differences which exist between different bolt 

torques made it imperative that the torque could be accurately reproduced for every test. This also 

applies to the installation of the diaphragms in service. The force required to actuate the valve at 4.5Nm 

is approximately 220% larger than the force required to actuate it when the bolts are tightened to 2.3Nm. 

Over-torqueing therefore may induce considerable stress into the diaphragms, potentially leading to early 

failure. The two assembly factors therefore which affect the clamping force the most are the torque of 

the bolts and the friction coefficient of the threaded interface (μ) between the bolt and nut. In this 

assembly, the friction coefficient between the nut and valve body (𝜇 ) was not critical, as the nut was 

allowed to spin during torqueing. As the nut interfaces with the smooth plastic surface of the valve 

bonnet the friction coefficient at this location is low. For this application 𝜇   was estimated to be 0.1, 

corresponding to a median value of under head friction for a low resilience connection of stainless steel 

A4 grade with no lubrication [309]. The bolt tightening torque used as standard is 4.5Nm, so the only 

variability is the friction of the threaded connection. This can be affected in a number of ways, the most 

pertinent of which is galling of the mating surfaces, resulting in a decrease in clamping force, or accidental 

lubrication resulting in an increase in clamping force when a torque is applied. 

The theoretical clamping force and subsequent axial stress as a function of 𝜇 was calculated via the 

following relationship [310]: 

 

 𝑇 = 𝐾𝐹 𝑑 (4.3.1) 

 

where 𝑇 is the torque (Nm), 𝐹  is the clamping force (N), 𝑑 is the diameter of the bolt (m), and 𝐾 is the 

torque coefficient given by: 

 

 𝐾 =
𝑑

2𝑑

𝑡𝑎𝑛𝜆 +  𝜇 𝑠𝑒𝑐𝛼 

1 − 𝜇 𝑡𝑎𝑛𝜆 𝑠𝑒𝑐𝛼
+  0.625𝜇  (4.3.2) 

 

where 𝜇 = friction coefficient of the threaded interface, 𝜇  = friction coefficient between the nut and 

valve body, and 𝑑  = 
 

  = mean thread diameter (m) where 𝑑  = M6 pitch diameter (m) and 𝑑  

= M6 root diameter (m) given by: 

 

 𝑡𝑎𝑛𝜆 =
𝑃

𝜋𝑑
 (4.3.3) 
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where 𝑃 = thread pitch and 𝛼 =  where 𝜑  = thread angle (degrees). The values of μ used in the 

calculation, referenced from BS EN ISO 3506-1:2009 [309] for screws made from A2 or A4 stainless steel 

and anti-corrosion steel, were ranged from 0.1 to 0.16 for lubricated connections, and 0.23 to 0.5 for 

unlubricated connections. The clamping force Fc (N) in the valve and the tensile stress σt (N/mm2) 

experienced by the bolts are proportional, given by: 

 

 
𝐹

𝐴
 (4.3.4) 

 

where 𝐴 , effective tensile area (mm2), is given as 𝐴 =  ×  𝑑  

 

 
Figure 4.11: Axial stress as a function of friction coefficient of threaded connection 

 

Figure 4.11 demonstrates how the axial stress experienced by the bolts, and hence the pre-load or 

clamping force, is affected by the friction coefficient of the threaded interface. In the range of friction 

coefficients between 0.1 and 0.5 the axial stress experienced by each M6 bolt ranges from 24% to 60% 

of the 0.2% yield strength of A4-70 stainless steel, which is 450N/mm2, a variability of over 35% [309]. 

In order to ensure repeatability of the tests, as a control method, new and unlubricated nuts, bolts, and 

washers were used for all tensile tests. 
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In order to calculate the average work required to strain the samples between the pre-set strain 

limits, the areas within and under the curve of the elastic hysteresis loop were determined. In this 

scenario, displacement of the test samples can be considered equivalent to strain, as the total 

displacement is measured relative to the null displacement of the sample. As shown in figure 4.12 (a), 

the first cycle requires the highest force to fully strain the sample. The diminishing maximum stress 

values eventually stabilise at a constant value, known as the Mullins effect [311]. Therefore, to calculate 

the average energy, the first 100 cycles are ignored, after which the average area within all hysteresis 

loops is calculated, as shown in in figure 4.12 (b). The elastic hysteresis loop is a result of the material 

viscoelasticity, as the rubber exhibits a time delay in returning to its original shape [312]. In figure 4.12 

(c), the total average hysteresis loop of all cycles is isolated. Using this, as shown in figure 4.12 (d), the 

total elastic strain energy, the energy dissipated due to heat, and the useful recoverable energy can be 

determined. The area within the elastic hysteresis loop, shown in red, is the amount of energy lost in 

the rubber to due internal friction, this energy is then dissipated as heat. The area underneath this 

curve, shown in green in figure 4.12 (d), is the remaining energy thereafter, also known as the recoverable 

energy. The total energy required to strain the sample is therefore the sum of these two energies, 

corresponding to the total area underneath the loading curve, also known as the work to maximum 

compression  [313]. The average force to maximum load is calculated as the average of all forces required 

to complete full strain of the samples, again excluding the first 100 values to negate the Mullins effect. 

 

 

 
Figure 4.12: Calculation of energy required to strain samples from hysteresis loop 
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Results 

Figure 4.13 and figure 4.14 illustrate the differences in the average work and force required to 

compress the virgin diaphragms as a function of production batch number respectively. There is some 

variation in the average work to maximum compression, with production batch 1 needing the least work 

to compress. Batches 2 and 3 require similar amounts of work for diaphragm compression. Production 

batch 1 also has the largest variation in force required to actuate, followed production batch 4. 

Production batches 2 and 3 require the least amount of force to actuate and have less variation.  

 

 
Figure 4.13: Average work to maximum compression of virgin samples as a function of production 

batch number 

 

 
Figure 4.14: Average force at maximum compression of virgin samples as a function of production batch 

number 

 

Despite the variations in both metrics across virgin production batches, these variations are minor 

in comparison to the variation elicited as a result of chemical exposure, as seen in figure 4.15 and figure 

4.16. As shown in figure 4.15 there is a large increase in the average work required to maximally compress 

the exposed samples in comparison to the virgin samples, indicating a large increase in crosslinking. All 
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exposed samples require similar energy to compress, although the samples exposed to NaClO alone have 

a larger variation and may require more energy than the other exposed samples.  

 

 
Figure 4.15: Average work to maximum compression of all samples as a function of exposure type 

 

 
Figure 4.16: Average force at maximum compression of all samples as a function of exposure type 

 

Figure 4.16 illustrates a similar conclusion, whereby there is a large increase in the force required to 

actuate the exposed samples in comparison to the virgin samples. There is some variation in the average 

force required to actuate the diaphragms among the exposed samples. The H3PO4 exposed samples have 

a smaller variation than the other exposed samples. 
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Figure 4.17: Average force at maximum compression of all samples as a function of exposure type and 

duration 

 

As figure 4.17 illustrates, with both NaClO exposures, that there was a large increase in the average 

force required to actuate the samples after they had been compressed for 168 hours in comparison with 

the non-compressed 168 hour exposed samples. There was also an increase in the force required to actuate 

the 504 hour exposed samples in comparison to the 168 hour exposed samples, although this was less 

pronounced in the 100°C H2O / NaClO samples. This signifies that additional crosslinking is occurring 

in the material upon compression and upon continued exposure up to 504 hours. In both the H3PO4 and 

NaClO exposed samples, compression may have inhibited crosslinking formation, while additional 

exposure up to 504 hours has had little effect. This would indicate that the rate of crosslinking is 

accelerated in the H3PO4 and NaClO exposed samples, and that crosslinking saturation has already 

occurred at 168 hours, in contrast with the NaClO exposed samples which have a slower rate of crosslink 

formation. 
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Figure 4.18 shows minimal variation in the results, particularly in comparison with figure 4.17. In 

the NaClO exposed samples of both types, there is a very modest increase in the energy required to 

compress the samples after they have been compressed for 168 hours, in comparison to the non-

compressed 168 hour exposed samples. In the samples only exposed to NaClO, the results agree with 

those seen in figure 4.17 whereby there is a continued large increase in energy required to compress up 

to 504 hours. In the H3PO4 exposed samples there is a modest decrease in the energy required to actuate 

the diaphragms after 168 hours of exposure through compression. There is little to no variation in the 

energy required to compress the NaOH exposed samples across the three test types. 

 

 
Figure 4.18: Average work to maximum compression of all samples as a function of exposure type and 

duration 

 

The results shown in figure 4.17 and figure 4.18 correlate well to the shore hardness results. Both 

the Work to and force at maximum compression indicates increased crosslinking behaviour in the 504 

hour exposed NaClO samples and the 168 hour compressed 100°C H2O/NaClO samples. Likewise, a 

reduction in force and Work is seen in the NaOH and H3PO4 samples exposed under compression and 

up to 504 hours. This correlates to the reduction in hardness seen in those samples in comparison to the 

168 hour exposures. The commonality in the agreement of the results can be attributed to the hardened 

layer that has been shown to have formed, and how that hardened layer evolves via further crosslinking 

or chain scissions. The results imply that a heavily crosslinked layer requires more force and Work to 

strain, indicating that monitoring force and Work during diaphragm use may be a useful indicative 

measure of EPDM diaphragm degradation. 

After the 10,000 actuations of the cyclic compression testing was completed, each sample was visually 

assessed using the qualitative methodology developed in chapter 3 to evaluate its degradation state and 

if cracking was present. All exposed samples were classified as degradation state 2, mainly due to slight 

material deformation. There were no cracks present in any samples, except for the 100°C H2O / NaClO 

exposed samples. Each of these samples had significant cracking present. The virgin samples were all 

classified as degradation state 1, with no material deformations or cracking present. 
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4.3.2 Flexural modulus testing 

Method 

The flexural modulus testing was performed using the same Lloyd LRX universal testing machine 

as detailed in section 4.3.1 in order to help determine the flexural properties of the EPDM samples 

according to ISO 178 [110]. The test applies to a freely supported beam loaded at mid-span, which is 

then loaded until the material yields. During this time the loading force is continuously monitored. The 

test speed, or displacement rate, was kept constant at 200mm/min, the pre-load on the loading edge was 

set at 5N, and testing temperature was controlled at 22.6ºC. The pre-load was necessary to reduce the 

curvature at the start of the force-displacement region. The sample displacement 𝑠 (mm), and the 

flexural modulus (MPa), are given as a function of the load at material yield. As detailed in table 4.3, 

samples from the EPDM diaphragms were cut out and used to conduct this investigation. 

Results 

As figure 4.19 and figure 4.20 show, there is little variation in either the flexural modulus or the 

overall displacement of the virgin samples among the four different production batches. Production batch 

2 has the largest variation in flexural modulus. 

 

 
Figure 4.19: Flexural modulus of virgin samples as a function of production batch 
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Figure 4.20: Displacement at max. load of virgin samples as a function of production batch 

 

 
Figure 4.21: Flexural modulus as a function of chemical exposure type 

 

Figure 4.21 illustrates a marked increase in the flexural modulus of the samples post chemical 

exposure. This corresponds to an increase in the elastic modulus which strongly suggests that the EPDM 

matrix is more rapidly degraded, likely as a result of crosslinking [106,314].  
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Figure 4.22: Sample displacement as a function of chemical exposure type 

 
In relation to the flexural modulus differences between different exposure durations and types, figure 

4.23 shows that the samples solely exposed to NaClO exhibit the largest difference. This is seen as a 

sharp increase in flexural modulus due to sample compression and to prolonged exposure up to 504 

hours. The 100°C H2O / NaClO and H3PO4 exposed samples show a minor increase in flexural modulus 

up to 504 hours. The NaOH exposed samples have a decreased flexural modulus due to material 

compression, which again may indicate that compression has inhibited crosslink formation. 

 

 
Figure 4.23: Flexural modulus as a function of chemical exposure duration 

  



Material characterisation of component degradation 

121 

 

There is little variation in the displacement of the sample at maximum load between the NaOH and 

H3PO4 exposure types as shown in figure 4.24. There is a modest reduction in the displacement of both 

NaClO exposure types after material compression, which indicates a possible trend towards increased 

crosslinking. 

 

 
Figure 4.24: Total sample displacement as a function of chemical exposure duration 

 

Chemical exposure during material compression largely seems to have had a negative effect on both 

the NaClO exposure types with regards to elastomer elongation and flexural modulus, again indicating 

a higher crosslink density. Continued exposure up to 504 hours also appears to have induced additional 

crosslinking in both NaClO exposure types. The H3PO4 exposed samples show little change in flexural 

modulus or elongation with regard to continued exposure or compressed exposure, however compressed 

exposure may have initiated chain scissioning in the NaOH exposed samples due to the decrease in 

flexural modulus evident. Critically, 100ºC H2O / NaClO exposure has resulted in cracks developing in 

the samples exposed to those variables after 10,000 cyclical actuations. As the NaClO exposed samples 

did not show signs of cracking, it can be concluded that the addition of 30 hours of 100ºC H2O exposure 

has had an additional degenerative effect on the samples. 

The results of the flexural modulus testing agree well with the cyclic compression testing results. 

The displacement at max. load and the flexural modulus indicate increased crosslinking in both of the 

504 hour and 168 hour compressed NaClO type exposed samples, in comparison to the 168 hour non-

compressed exposure. Similarly, a reduction in displacement and flexural modulus is seen in the NaOH 

exposed samples, indicating that chain scissioning has occurred post 168 hour non-compressed exposure. 

This is also in agreement with the shore hardness results. The strong correlation of results among the 

tests is a good indicator of the degradation mechanisms occurring and their evolution in the EPDM 

material. 
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4.4 Compression set testing 

4.4.1 Method 

In accordance with ISO 815 [111], the dimension of the test specimens was measured  after which 

they were compressed by 25% in an ISO creep fixture and held for a duration of 24, 84, and 168 hours 

at 125ºC. The samples were then removed from the fixture and cooled at room temperature for 30 

minutes before their new dimensions were measured. The ISO compression rig setup is shown in figure 

4.25. 

 

 
Figure 4.25: ISO 815 test parameters and creep fixture setup. Adapted from [111]. 

4.4.2 Results 

Figure 4.26 shows the creep results of the virgin samples across the four different production batches. 

There is some variation in the creep percentage among the batches, particularly batch 3, all of which 

clearly worsen with time under compression. This indicates that the raw EPDM undergoes strain induced 

elasticity loss at high temperatures. The potential reasons for this are discussed in section 4.4.2. As 

shown, there is large variation in the creep percentage results across the three compression durations. 

 

 
Figure 4.26: Creep percentage results of virgin samples 
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Figure 4.27 shows the creep results for all samples. After 24 hours compression there is not a large 

difference between the creep of the chemically exposed samples and the virgin samples. The relative 

difference in permanent compression between the chemically exposed and virgin samples increases 

however after 84 hours, and again after 168 hours of compression. It is clear that prior chemical exposure 

accelerates or aids the degradation mechanism responsible for permanent loss of material elasticity under 

induced strain. There are some relative differences in the creep between the chemically exposed samples, 

with the NaOH exposed samples show slightly reduced compression set after 84 hours. There is very 

little difference in the creep values between the two NaClO variables. It could be foreseen that prior 

material degradation negatively impacts the materials’ ability to withstand further stresses induced 

under elevated temperatures.  

 
Figure 4.27: Creep % as a function of chemical exposure and type and duration 

 
As shown in figure 4.27, exposure to NaClO under 168 hours of compression prior to creep testing 

may have had a protectionist effect. The creep percentage of these samples, designated as ‘168c’, is 

reduced in comparison to those samples which were not-compressed when exposed to NaClO for 168 

hours, designated simply as ‘168’. A similar effect can also be seen with continued NaClO exposure up 

to 504 hours, particularly evident as compression set testing time is increased. The opposite trend is true 

of the H3PO4 and NaOH exposed samples which show worsening creep in those samples exposed to 

chemical solutions for 504 hours, and 168 hours in a compressed state, prior to testing. 
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4.5 Dynamic mechanical thermal analysis 

4.5.1 Method 

 
Figure 4.28: Dynamic mechanical thermal analysis testing setup and test parameters 

 

The viscoelastic properties of the samples were measured using a Rheometric Dynamic Mechanical 

Thermal Analyser Mk III in cantilever mode according to the specification given in figure 4.28. 

4.5.2 Results 

 

 
Figure 4.29: Virgin samples storage modulus curves 

 
As shown in figure 4.29, the storage modulus curves of the virgin samples show three distinct regions; 

a glassy high modulus region where the segmental mobility is restricted, a transition zone where the 𝐸  

values decrease with increasing temperature, and a rubbery region given by a decay in the modulus with 

further temperature increase. Sample G from batch 3 has considerably larger crosslink density than the 

other virgin samples. Note the narrow shoulders of the curves, indicating a narrow transition region.  
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As illustrated in figure 4.29 there is variability in the storage modulus, and hence crosslinks density, 

of the virgin samples. In particular, production batch 3 has a large variability in crosslinking, while 

production batch 1 has low variability and low overall crosslink density. 

In figure 4.30, the storage modulus of sample G from batch 3, which had the largest modulus 

magnitude of the virgin samples, is shown in comparison to the exposed samples. As shown, the total 

magnitude of the virgin sample is greater in the glassy region below 𝑇 , but this trend starts to changes 

above 𝑇  in the transition and rubbery regions, beginning above approximately -60ºC. As noted, the 

virgin samples in figure 4.29 largely show narrow bands and quick transitions between phases, while the 

exposed samples below show broad transitions, with a much larger transition zone, indicating the 

presence of heterogeneous zones in the polymer matrix [103]. This heterogeneity increase may correspond 

to a decrease in polymer network swelling, potentially due to a loss of plasticiser in the polymer network 

due to solvent effects from the chemical exposure, or may be due increased crystallisation of the polymer 

due to increased chain linking [103,315].  

 

 
Figure 4.30: Storage modulus of exposed samples 

 

At the interface of the transition and rubbery regions, above 𝑇 , almost all exposed samples show 

higher storage modulus values. This is important as the modulus in this area is contributed to by the 

ability of the macromolecules to resist intermolecular slippage which is a function of crosslink density 

[103]. Investigating the potential shifting of the glass transition temperatures enables the qualification 

of this more substantively. 
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Figure 4.31 is an example of the damping factor curves for one sample from each of the virgin 

production batches and one from each chemical exposure type. It demonstrates how the glass transition 

temperatures 𝑇  are shifting towards higher temperatures after chemical exposure. As illustrated, the 

glass transition temperatures correspond to the peak of the damping factor curves. 

 

 
Figure 4.31: Damping factor as a function of temperature 

 

Figure 4.32 shows the glass transition temperatures for each of the virgin production batches. The 

transition temperatures vary from approximately -52ºC to -58ºC. The transition temperatures of batches 

1 and 4 are similar, as are the transition temperatures of batches 2 and 3. Batch 3 has the largest 

variability in temperature, but still within the range of all other batches. 

 

 
Figure 4.32: Glass transition temperature of the virgin samples 
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The mean values and variability of the transition temperatures amongst the virgin production 

batches is dwarfed by the variability and mean values of the chemically exposed samples, as shown in 

figure 4.33. The glass transition temperatures of all the exposed samples has increased substantially, 

from approximately -40ºC to -20ºC. The NaOH and H3PO4 exposed samples have slightly higher 

transition temperatures than either NaClO exposures. The addition of 100ºC H2O to NaClO has had a 

modest affect, increasing the glass transition temperature slightly and decreasing the overall variability. 

 

 

 
Figure 4.33: Glass transition temperature of all samples 

 

Figure 4.34 shows the variability among the glass transition temperatures as a function of chemical 

exposure type. The 100ºC H2O / NaClO exposed samples show a minor increase in transition temperature 

due to material compression and continued exposure up to 504 hours. The samples only exposed to 

NaClO however show a large increase in glass transition temperature due to compression and continued 

chemical exposure. This indicates that continued exposure and exposure during compression to NaClO 

results in increased crosslink density. The 100ºC H2O exposure may have accelerated the crosslinking 

reactions, which is why a smaller difference is observed in these samples, as the samples may be closer 

to crosslink saturation. There is an additional increase in 𝑇 , and crosslink density, of the compressed 

NaOH sample, but the crosslink density appears to lessen upon further exposure up to 504 hours. The 

same is true of the H3PO4 exposed samples, which all show decreasing 𝑇  and crosslink density. This 

may signify that crosslink density has reached a peak in these samples, and continued exposure is now 

resulting in chain scission reactions within the polymer matrix. 
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Figure 4.34: Glass transition temperature as a function of chemical exposure type and duration 

 

4.6 Thermogravimetric analysis 

4.6.1 Method 

 
Figure 4.35: Thermogravimetric analysis experimental setup and test parameters 

 

It was important to perform compositional analysis in these investigations to ensure that the ratios 

of carbon black and solid filler materials to pure polymer content was not partly responsible for any of 

the mechanical property differences seen in other tests. The TGA testing is divided into two distinct 

phases; the test is performed firstly under nitrogen to decompose the organic matter within the polymer, 

and then the test is finished under oxygen to burn the remaining carbon content [116]. Firstly, samples 
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weighing between 10-12 milligrams were placed in an Alumel crucible enclosed in an oxygen free 

atmosphere of N2. Compounded polypropylene with a 30% glass-filled concentration acted as the 

calibration reference material pre-test. The samples were then isothermally heated to two distinct pre-

set temperatures, firstly to 600ºC, and then to 750ºC, via a linearly increasing temperature rate of 

160ºC/min. The samples were kept at the target temperatures for a set amount of time to ensure all 

volatile matter was thermally decomposed. The isothermal 750ºC temperature hold was performed under 

oxygen to halt pyrolysis. The weight loss of the samples was monitored continually throughout the test 

as the samples thermally decomposed. From the resulting thermograms, the composition of the samples 

and their thermal stabilities were concluded [73,102]. 

 

 
Figure 4.36: TGA thermograms of multiple samples 

 

Figure 4.36 shows the weight loss of multiple samples, both virgin and chemically exposed, as a 

function of time and temperature. Regarding the testing stages, step 1 of decomposition up to 600ºC 

results in the loss of oils, waxes, and pure polymer, the 600ºC hold of step 2 ensures all polymer content 

is decomposed, the temperature increase from 600ºC to 750ºC in step 3 initiates the decomposition of 

carbon black, which is then accelerated and ensured by the 750ºC hold and oxygen exposure of step 4. 

The change in weight percentage during each step is then measured. The remaining char at the end of 

the test corresponds to the percentage of solid filler, likely metallic oxides, which were in the polymer 

matrix. 
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4.6.2 Results 

Shown in figure 4.37 are the relative weight loss percentages of the constituents of the virgin samples 

as a function of production batch. As illustrated, the batches have almost identical relative amounts of 

constituents as one another, with little difference in the relative amounts of pure polymer, additive 

carbon black, and filler material. This is evidence of the conformity of the diaphragm production process 

over a two-year period. As weight loss of the polymer content is dependent on the thermal stability of 

the polymer blend, it can be concluded that there is no thermal history in any of the virgin samples, 

which could have arisen due to poor storage conditions for example [115]. 

 

 

 
 

Figure 4.37: Constituent weight loss percentages of virgin samples 
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Figure 4.38: Constituent weight loss percentages of all samples 

 
Figure 4.38 shows the relative weight loss percentage of the constituent parts of all samples. As 

shown, all samples have almost identical relative weight losses of polymer, carbon black, and filler 

content. The 100°C H2O / NaClO exposed samples show more variation in the amounts of pure polymer 

and carbon black content in comparison to the other samples, likely due to the increased thermal stability 

of the polymer blend induced from the 100°C H2O exposure, as pure NaClO exposure has not had a 

similar effect. 
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Figure 4.39: Constituent weight loss percentages of all samples as a function of exposure duration and 

type 

 

According to figure 4.39 there are large differences in the relative weight losses of polymer, carbon 

black, and filler content of the 100°C H2O/NaClO exposed samples in comparison to the virgin samples. 

Again, this is contrary to the NaClO only exposed samples, indicating that the 100°C H2O exposure has 

had a thermal impact. This indicates that some thermal degradation, leading to increased thermal 

stability, has occurred in the material. In the 100°C H2O/NaClO exposed samples there is a large 

reduction in the polymer content loss due to compression during exposure. This has resulted in a relative 

increase in both the carbon black and filler contents. A similar phenomenon is seen in the NaOH exposed 

samples, which also exhibits a loss of polymer content during compression, but not as much as the 100°C 

H2O/NaClO exposed samples. 
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4.7 Fourier transform infrared spectroscopy 

4.7.1 Method 

Fourier transform infrared spectroscopy (FTIR) coupled with a 45º single reflection Germanium 

attenuated total reflection (ATR) crystal with a spectral range of 4,000 – 650 cm-1 was chosen to aid 

the characterisation of the change in surface chemistry due to changes in the chemical functionalities of 

the EPDM samples, to elucidate the interfacial chemical degradation mechanisms. 

The FTIR-ATR spectroscopy analysis was conducted using the exposed side of the samples. The 

samples were clamped in place using a load-limiting ratchet system available on the test equipment. The 

load-limit ensured no damage would occur to the crystal. Testing was conducted under ambient 

conditions. Before each reading, the spectrometer was cleaned and background calibration was conducted 

with no sample in the ATR holder. The ATR sampling accessory utilised software correction. The tests 

were conducted using a Perkin Elmer Spectrum One FTIR with a 100 scan per sample cycle and a 

resolution of 8 cm-1. The spectrometer is calibrated annually. 

 

 
Figure 4.40: FTIR-ATR Perkin Elmer Spectrum One spectrometer specifications 

 

In order to determine the degree of polymer degradation due to oxidative damage that has occurred 

within the material post exposure, it is necessary to calculate the oxidation index (𝑂 ), also known as 

the carbonyl index, of each sample. The method adopted in this work for calculating the 𝑂  is adapted 

from Blackmore et al [76] and Su et al [65]. The oxidation index can be defined as the ratio of the peak 

height, i.e. the absorbance intensity, between 1800 and 1500cm-1 (A1800–1500), typically peaking 

between 1730 to 1780 cm-1, and the absorption of the peak of the hydrocarbon C-CH2 scissoring region 

between 1500 and 1400cm-1 (A1500-1400), which typically peaks at approximately 1460 to 1450cm-1 

[65,76,316]. The C-CH2 scissoring region is used as a stable internal reference representing sound polymer 

[76]. 

The oxidation index (𝑂 ) of each individual sample can be written as: 

 

 𝑂 =  
𝑃

𝑃  (4.7.1) 

 

where 𝑃  is the peak height of the Carbonyl region and 𝑃  is the peak height of the hydrocarbon region. 

The peak heights are calculated as the height above the two separate tangential base-lines located on 

either side of the measured peaks at A1800–1500 and A1500-1400, as shown in figure 4.42. The 

calculation of the oxidation index is based on Beers law, which assigns a relationship between the ratio 
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of peak heights in an infrared spectrum and the concentration of the functional group responsible for 

that peak. Beers law is described as [76]: 

 

 𝐴 =  𝑎𝑏𝑐 (4.7.2) 

 

where 𝐴 = 𝑙𝑜𝑔 (𝐼 𝐼⁄ ) is the absorbance of an infrared peak, with 𝐼  and 𝐼 being the intensity of the 

incident and transmitted radiation respectively. The absorptivity of the functional group is given as 𝑎, 

while 𝑏 is the thickness of the sample, and 𝑐 is the concentration [76]. In this work, the thickness of all 

samples are identical. Assuming that absorptivity remains constant with concentration, the changes in 

the relative concentrations of functional groups present in the infrared spectra in this work are therefore 

independent of the sample thickness value.  

Different methods have been suggested for calculating the oxidation index. For example, Wang et al 

[316] use the peak height of the CH3 symmetrical stretching band at 1376cm-1 as the internal reference, 

instead of the C-CH2 scissoring band used in this work. Similarly, Pourmand et al [105] use an aluminium 

trihydrate band centring at 800cm−1 as the internal reference in their work. Pourmand et al also calculate 

the total area under the curve of the respective regions, rather than calculating absorbance intensity 

using the peak height method which is most commonly used. The authors offer no potential advantages 

for the use of this method. 
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4.7.2 Results 

Shown in figure 4.41 is the FTIR spectrum of the unadulterated EPDM samples A, D, G, and J 

representative of the four virgin batch samples. As shown, there is very little chemical difference between 

each batch, demonstrative of the chemical consistency of the product over a two-year period. The bands 

shown, typical for EPDM, include asymmetrical stretching of the CH3 and CH2 groups at 2952cm-1 and 

2,921 cm-1 respectively, symmetrical stretching of the CH2 group at 2,850 cm-1, symmetrical stretching 

of the C=O bonds at ~1600cm-1, scissoring of the C-CH2 bonds at ~1,450 cm-1, and symmetrical C-H 

stretching of CH3 from the propylene unit at 1,375 cm-1  [79,85,94,317]. The lower peaks, in the region 

of 1152 cm-1 and 1100 cm-1, possibly represent the asymmetric and symmetric vibrations of C-O-C, 

respectively, however it is more probable that a coagent such as triallylcyanurate (TAC) has been used 

to facilitate peroxide crosslinking for greater heat resistance properties [85]. TAC suppresses the chain 

scission associated with the presence of tertiary hydrogen in the main EPDM backbone during peroxide 

curing, and forms crosslinks through its reactive double bonds and reacts with the scission products, 

resulting in better crosslinking efficiency. The presence of TAC explains the lower bands at 1152, 1100 

and 855 cm-1, which would be due to C-N-C, N-CH2 and C=C stretching vibrations, respectively, arising 

from the TAC domains associated with crosslinks [94]. The presence of TAC also explains the existence 

of the broad bands between ~1600cm-1 and ~1750cm-1, as a result of N-(C=O)-N stretching vibrations 

from crosslinks associated with TAC domains which may be present as a part of the EPDM crosslinked 

domain. [65,73,94]. 

 

 
Figure 4.41: Chemical structure of virgin EPDM samples 
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Figure 4.42: Increase in absorbance within Carbonyl and Phenol regions due to oxidative damage 

 

As illustrated in figure 4.42, there are two distinct areas where oxidative damage is occurring in the 

EPDM material post chemical exposure. These are the Alcohol/Phenol (hydroxyl O-H) region between 

3200 and 3500cm-1, and the Carbonyl (C=O) region between 1500 and 1800cm-1 [65,66,73,79,118]. Figure 

4.42 illustrates the damage occurring after exposure to NaOH at 65°C, in comparison with virgin sample 

A, representative of all virgin samples. Formation of the hydroxyl groups can possibly be attributed to 

the dissociation of the peroxide curing agent and can account for the very broad yet weak bands in the 

region of 3200 to 3500cm-1 [94]. The decrease in intensity of ~1460 cm-1 is associated with the change in 

the allylic group associated with TAC [94]. It is apparent that two maxima form in the Carbonyl regional, 

at approximately 1580 and 1540cm-1. The band at 1540cm-1 may be due to the absorption of vulcanisation 

products present on the material surface [87]. The peak at 1580 cm-1 is characteristic of the presence of 

O=C-C carboxylate groups, and in the presence of aqueous mineral acids, O-H and O=C-C groups could 

possibly combine to form ester (C-O-C=O) or ether (C-O-C) groups [92]. Mitra et al [94] linked the 

presence of ester and ether linkages to the recombination of macro oxygenated species combining with 

each other to form new crosslinks. The same authors state that the chain scissions and crosslinking 

reactions could compete with each other throughout the degradation process.  

Figure 4.43 shows the oxidation indexes of each of the virgin sample production batches. As shown, 

there is little difference in the degree of base oxidation levels, although batches 3 and 4 have slightly 

wider distributions. 
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Figure 4.43: Oxidation index as a function of virgin sample production batch 

 

 
Figure 4.44: Oxidation index as a function of chemical exposure type 

 

In contrast, in figure 4.44, the oxidation indexes for each chemical exposure is compared against the 

virgin samples. It is apparent that all of the exposed samples have considerably higher oxidation indexes 

than the virgin samples, indicating that considerable oxidation products are present in the exposed 

material. The NaClO exposed samples have accrued the least oxidative damage of the exposed samples, 

followed by the 100°C H2O / NaClO samples. There is little difference between the NaOH and H3PO4 

samples. There is a small amount of overlap between the two NaClO exposures, but it is likely that the 

addition of the 30 hour 100°C H2O exposure has resulted in further damage to the material. There is 

little to no separation of the data between the H3PO4 and NaOH exposure indexes. 
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This same relationship in terms of degree of oxidation is observed in figure 4.45. As shown, the 

relationships hold regardless of the length of duration of chemical exposure, or whether the material was 

compressed during exposure, although it would appear that the 100°C H2O / NaClO sample has been 

particularly negatively affected due to compression in comparison the NaClO exposed sample. Note how 

there is a large separation of the data between both NaClO samples and the NaOH and H3PO4 samples 

at 168 hours, which decreases with continued exposure. This suggests that the NaOH and H3PO4 samples 

become degraded at an accelerated rate compared to the samples exposed to NaClO. 

 

 
Figure 4.45: Scatterplot of oxidation index as a function of chemical exposure hours 

 

For the NaOH, NaClO, and H3PO4 exposed samples, oxidation is reduced during compression. The 

100°C H2O / NaClO exposed samples have increased oxidative products during compression, which 

remains constant up to 504 hours’ exposure, indicating no further damage to the material. For the NaClO 

exposed samples, 504 hours of exposure produces more oxidation than the 168 hour compressed samples. 

However, in the H3PO4 and NaOH exposed samples, the 504-hour exposure exhibits less oxidation 

products than the 168 hour exposed samples. As stated, this is not true of the NaClO samples, which 

shows continued oxidation with continued exposure. 
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4.8 Soxhlet extraction 

4.8.1 Method 

 
Figure 4.46: Soxhlet extraction apparatus setup. Adapted from [119] 

 

In order to evaluate the changing soluble fractions of the samples, Soxhlet extraction was employed. 

The soxhlet extraction setup and test parameters are shown in figure 4.46. Pentane was used as the 

extraction solvent to remove all non-polar substances, such as oil, plasticisers, and non-crosslinked 

polymer residues. The samples were then dried in a vacuum oven at 40ºC and were weighed until 

constant weight was achieved, meaning no further substantial amounts of solvent could be extracted. 

The mass of the samples was determined pre and post extraction using a calibrated analytical balance. 

After the soluble fraction was extracted, its chemical composition was characterised via FTIR-ATR as 

described in section 4.7.  
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4.8.2 Results 

 

 
Figure 4.47: Soluble fraction of virgin samples as a function of production batch 

 
As shown in figure 4.47 there is little difference in the soluble fractions of the virgin samples. Batch 

4 either has slightly higher amounts of additives or slightly lower levels of vulcanisation leading to fewer 

initial crosslinks, but the difference is marginal. 

 

 
Figure 4.48: Soluble fraction of all samples as a function of chemical exposure 

 

There is however a large decrease in the soluble fraction of the exposed samples in comparison to 

the virgin samples. The 100°C H2O/NaClO exposure had the largest insoluble fraction, followed by the 

NaClO only exposure, both of which had greater insoluble fractions than either H3PO4 or NaOH.  
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Figure 4.49: Soluble fraction as a function of exposure type and duration 

 

Figure 4.49 shows that there is very little variation in the soluble fraction for all exposure types 

apart from the 100°C H2O/NaClO exposed samples. This suggests that for this exposure type there is 

continued crosslinking and oil leaching due to material compression and due to continued exposure up 

to 504 hours. The H3PO4 exposed samples show a mild decrease in crosslinking and oil extraction due to 

both compression and continued exposure. 

 

 
Figure 4.50: Chemical structure of extracted oil 

  

As figure 4.50 shows, there are a considerable numbers of peaks from 650 to 1800cm-1 which 

constitute the bulk of the extracted oil. The oil was identified as an aliphatic hydrocarbon via the 

chemical matching database. The typical aliphatic hydrocarbon bands of the CH3 and CH2 groups are 

easily identified at 2952cm-1 and 2,921 cm-1 respectively [318]. 
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4.9 Gas chromatography mass spectroscopy 

4.9.1 Method 

The oil residue extracted during Soxhlet extraction was identified as an aliphatic hydrocarbon. To 

confirm the chemical composition of the oil residue and to gain further insight into the exact type of oil 

being lost during chemical exposure, gas chromatography mass spectroscopy (GCMS) was utilised. 

GCMS separates the constituents of an analyte in a wound column according to the mass and volatility 

of those constituents. The wound column is held in an oven which in which controlled temperature 

increases gradually occur. As the oven temperature increases, those compounds that have low boiling 

points elute from the column sooner than those that have higher boiling points, aiding in component 

separation. As compounds are separated they enter a spectrometer which detects each individual 

constituent, from which a chromatogram is created. From the chromatogram, the chemical can be 

identified via reference to an online or offline database. 

First, the EPDM samples were placed in a known quantity of the non-polar solvent pentane for 72 

hours. Then, four parts of this solvent were mixed with one part of the internal standard solution and 

analysed in the GCMS. 

 

 
Figure 4.51: Gas chromatography mass spectrometry test specifications 
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4.9.2 Results 

 
Figure 4.52: Chromatograph of non-polar solvent analyte pre and post chemical exposure 

 

Figure 4.52 shows the chromatographs of the analytes extracted both pre and post chemical exposure. 

The virgin samples exhibit more peaks of a higher intensity than the exposed samples. This indicates 

that the exposed samples may have lost numerous additives due to their chemical exposures. The location 

of some of the major peaks are however consistent, indicating commonality between the extracted 

masses. 

4.10 Discussion 

4.10.1 Per test 

In this work we consider two bases, NaOH and NaClO, and one acid, H3PO4. The main findings and 

the implications of the findings from each test performed are discussed in detail below. 

Shore Hardness 

Overall there was a clear increase in the hardness of all samples up to 168 hours exposure, therefore 

it is apparent that additional crosslinking has occurred in the exposed samples. The large increases seen 

in the hardness may indicate that severe brittle characteristics have been induced on the surface of the 

EPDM due to chemical exposure [88]. It is also apparent that chain scissions have occurred in the NaOH 

and H3PO4 exposed samples indicating an additional degradation type due to continued chemical 

exposure. This decrease in hardness can be attributed to chain scissions within the EPDM, as reported 

by Khan and Heinrich [319]. It is not clear if the reduced hardness due to compression may be as a result 

of less crosslinks forming due to compression, or as a result of chain scissions taking place due to 

compression. As the NaClO exposed samples do not show this behaviour, it is possible that crosslink 

saturation has occurred already at 168 hours of chemical exposure in the NaOH and H3PO4 exposed 

samples, indicating a higher rate of degradation due to these chemicals than NaClO. NaClO exposure 

on its own appears to have a continual crosslinking effect over time, although this effect may be minor. 

Dynamic flexural testing 

The cyclic compression testing signified that for both NaClO exposure types, additional crosslinking 

occurs in the material when they are compressed for 168 hours during exposure, in comparison to the 
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non-compressed 168 hour exposed samples. The mechanism responsible for this behaviour may be that 

compression during exposure leads to higher molar mass phases developing in the material. Greater levels 

of higher molar mass phases and long chain branching results in more crosslinks developing under 

identical conditions in comparison to lower molar mass EPDM with lower levels of chain branching [94]. 

In these samples additional crosslinking continues up to 504 hours of exposure. Contrary to this, 

compression appears to have either inhibited crosslinking in the H3PO4 and NaOH exposed samples, or 

initiated chain scissioning. The rate of crosslinking may therefore be slower in both NaClO exposure 

types, meaning crosslink saturation has not occurred at 168 hours of exposure. In these samples 

crosslinking appears to have reached saturation at 168 hours, indicating that the rate of crosslinking is 

higher when the EPDM is exposed to H3PO4 and NaOH. 

In the flexural modulus test, an increase in the elastic modulus was observed in all samples. There 

is a large decrease in the displacement of each sample before material yield is achieved. This suggests 

that the material has become more brittle and that the softness and the flexibility of the elastomer has 

been reduced [320]. An increase in the elastic modulus corresponds to the preponderance of crosslinking 

[106,314]. A strong increase in the modulus increases the stress level at given strain  [314].  As the 

average values of fracture stress and modulus for the exposed samples are higher while sample 

displacement was reduced, this implies that exposure increases the crosslink density and reduces both 

the softness and the flexibility of the elastomer [73,320]. It is well known that crosslinking leads to a 

decrease in the elongation at break of elastomers, of which this can be considered an equivalent [73]. 

The elongation at break of an elastomer is therefore an indicator of the state of its degradation, with a 

reduction in elongation to 50% of its absolute considered as a failure criterion [73,80]. The exposed 

samples in this work had a reduction in elongation of approximately 10 to 15%, well below this figure. 

Despite this, degradation has occurred in the elastomer, as noted by the sharp rise in the elastic modulus.  

Compression set testing 

It is evident that the EPDM samples have lost elasticity due to chemical exposure, producing higher 

permanent set due to compression, or lack of spring back after the release of compressive force. It is 

known that the density of chemical crosslinks largely determines the elastic behaviour of EPDM. This 

is because physical network junctions are not efficient in bearing the applied forces during compression, 

therefore the force will be carried mainly by chemical crosslinks and trapped chain entanglements. 

Therefore an increase in the density of chemical crosslinks is required for improvement of the elastic 

recovery [321]. Most linear polymer molecules assume the shape of a coil which can be distorted upon 

application of mechanical stress. The factors affecting the response to mechanical stresses include 

molecular weight, chain composition and flexibility, degree of interchain attraction, degree of crosslinking 

and entanglement, presence of plasticisers, and the temperature at which the measurements are recorded. 

Upon applied stress, chain slippage occurs as a response to force and deformation on a supramolecular 

level. At the microscopic level, voids, cavitation, and crack formation take place along with large scale 

viscoelastic deformation [113]. As detailed in the literature, upon stretching of the EPDM matrix network 

breakdown occurs, the crosslink density decreases, and the network becomes looser [67]. 

While higher creep percentage indicates a loss of crosslink density, i.e. chain scission has occurred, 

the cause of the increased sample creep seen here may have a more complex mechanism. It is important 

to remember that the technique employed here measures macroscopic, or volume-average properties. 

However, as indicated by both the shore hardness and dynamic flexural testing results, crosslinking at 

the polymer surface has occurred creating a hardened layer. The creep results seen here indicate however 

that chain scissions have occurred in the polymer matrix, as creep is increased in the exposed samples 

in comparison to the virgin samples. 

This contradictory information can be qualified by treating the hardened crosslinked layer as having 

created a sandwich, or composite, structure type in the samples whereby two different layers in the 
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polymer exist with each layer having slightly different bulk properties. As seen with the dynamic flexural 

testing results, the flexural modulus of the exposed samples has increased due to crosslinking. However, 

under constant strain, the flexural modulus of the crosslinked layer may result in proportionally less 

strain being applied in the hardened layer, but instead the majority of the induced strain may be 

dissipated into the remainder of the unhardened, less crosslinked, polymer bulk. This would ultimately 

result in more compressive stress being induced in the bulk, initiating strain induced chain scissioning, 

worsening the ‘sandwich’ effect. This hypothesis would explain why compression set worsens due not 

only to chemical exposure, but also due to continued static strain, as the hardened polymer layer 

continues to affect the stress distribution within the polymer under longer durations of compression. 

Unfortunately, mechanical tests alone do not allow for the determination of these factors for compressive 

force [321]. It is also apparent that continued chemical exposure up to 504 hours and chemical exposure 

under compression for 168 hours has an impact on the EPDM, whereby creep under these conditions 

worsens due to H3PO4 and NaOH exposure, and improves under both types of NaClO exposure. 

Dynamic mechanical thermal analysis 

A shift in the glass transition temperatures to higher temperatures was noted, meaning the viscous 

contribution in the elastomer behaviour has decreased, a sign of crosslinking [87]. This result is confirmed 

by the magnitude increase of the storage modulus above the glass transition temperature towards the 

rubbery region. It is plausible that NaOH and H3PO4 exposure results in accelerated crosslinking in 

comparison to NaClO exposure. It is also possible that NaOH and H3PO4 exposure beyond 168 hours 

results in chain scission reactions, seen as a reduction in the glass transition temperature. Compressing 

the samples during exposure has varying effects on the different samples. 

Thermogravimetric analysis 

With increased thermal stability of a polymer blend, less relative weight loss of the polymer occurs 

in comparison to the carbon black and filler contents [115]. A reduction in weight loss of the polymer 

content in the 100°C H2O exposed samples indicates that these samples have been affected due to their 

thermal exposure. The NaOH exposed samples may also have been thermally degraded, which is in 

accordance with the fact that the NaOH exposure is conducted at 65°C.  This indicates that chemical 

temperature has an additional effect on the material. Material compression during the 100°C and 65°C 

exposures has increased the thermal degradation effect, whereas continued exposure past 168 hours non-

compressed has not had as noteworthy an impact. 

Fourier transform infrared spectroscopy 

It is clear that there is oxidation occurring in the samples during exposure to the various chemicals, 

the degree of which varies modestly among the exposure types. The reason for the occurrence of the 

observed oxidation has been discussed by several authors. It is reported that radicals are first formed 

through the abstraction of tertiary hydrogen molecules which easily react with oxygen to produce 

polymeric peroxy radicals. These polymeric peroxy radicals then react further with one another to form 

ketones and many other types of oxidative products such as carboxylic acid, alcohols and ester 

[65,89,322]. It has been reported that aqueous chemical solutions attack the olefinic double bonds (C=C) 

bonds of the ENB diene and the presence of hydroxyl, carbonyl and carboxylic derivatives here justify 

this [94]. 

From the results obtained it can be concluded that NaOH and H3PO4 have a stronger oxidative effect 

compared to NaClO. It is possible that the rapid oxidation and hardening of the EPDM surfaces exposed 

to NaOH and H3PO4 suppressed the additional diffusion of oxygen molecules [88]. A similar phenomenon 

was also observed by Blackmore et al [76]. It is possible that oxidation saturation has already occurred 
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in the H3PO4 and NaOH exposed samples at 168 hours. After 168 hours, the diffusion of oxygen 

molecules, which is confined to the top 1.5-2mm of EPDM composites, appears to decrease [88,105]. It 

has been reported that low pH acidic particles within EPDM rubber composites can promote the 

formation of oxidative products such as ketones. It is possible that the formation of oxidative products 

is accelerated within EPDM composites by extreme pH environments [65]. This could partly explain 

why H3PO4 and NaOH exposures have a stronger oxidative effect on the EPDM material. 

This was not true of the NaClO exposed samples, which showed worsening oxidation with continued 

exposure. It is also apparent that the addition of 30 hours 100°C H2O exposure in combination with 

NaClO exposure has had an additional oxidative effect. Compressing the samples during exposure 

reduced the oxidation levels for all samples except the 100°C H2O/NaClO exposed samples.  

Soxhlet Extraction 

It can be seen that there is an increase in the crosslink density in the polymer matrix and that a 

substantial amount of additives and oil, ~62% on average, has been leached from the samples upon 

chemical exposure. It is possible that additional crosslinking in the polymer matrix may subsequently 

increase the polymer molar mass which in turn may lead to additive loss. It is also possible that the 

chemicals, particularly NaClO, have a solvent type effect on aliphatic oils in such a way that they leach 

the oil as a non-polar solvent would. This seems to be exacerbated when the samples are exposed to 

100°C H2O in addition to NaClO. 

Whatever the mechanism, both loss of oil and an increase in crosslink density will have a negative 

impact on the functional characteristics and physical properties of the components. In agreement with 

other testing, it is apparent that there is continued crosslinking and oil leaching with compression and 

continued exposure to NaClO, though in this case just to 100°C H2O/NaClO. Also, compression during 

H3PO4 exposure appears to lessen the leaching and crosslinking effects. There are several explanations 

for this. It is possible that NaClO has greater leaching ability than the other chemicals. It is also possible 

that there are more crosslinks in the NaClO exposed samples due to NaOH and H3PO4 having accelerated 

aging effects on the material, and that continued degradation due to these exposures has led to chain 

scissions after crosslinks were formed. 

Gas chromatography mass spectroscopy 

The peaks from 1 to 12 in both extracted samples, when compared to the internal reference, were 

identified as aliphatic straight chain hydrocarbon species from C10 to C32. Aliphatic compounds are 

petroleum hydrocarbons that do not contain benzene rings [323]. As shown in figure 4.53, the number 

of candidate additive oils is large. It can be concluded that there has been a loss of this oil due to 

chemical exposure, in agreement with the Soxhlet extraction results. 
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Figure 4.53: Petroleum fractions by carbon range. Adapted from [323]. 

4.10.2 Overall summary 

It is clear from the results discussed above that there is an overwhelming body of evidence to suggest 

that the virgin EPDM, upon chemical exposure regardless of exposure condition, degrades primarily due 

to the formation of new crosslinks in the top 1.5 to 2mm. Knowing that crosslinking is the dominant 

degradation mechanism, it is important to observe the difference between the amount of crosslinking 

present in the 168 hour exposed non-compressed samples, and those exposed for 504 hours and 168 hours 

in a compressed state. Therefore observing the difference in degradation mechanisms among the different 

exposure conditions is a more important consideration than observing the difference in crosslinking 

between the different exposure conditions and the virgin samples. The difference among exposure 

conditions informs us how the degradation mechanisms evolves depending on exposure condition / 

duration. 

The results from all tests regarding the additional affect that compression during exposure and 

continued exposure had on the EPDM material (in comparison to 168-hours of non-compressed chemical 

exposure) are summarised and visually represented in table 4.4 below. For every test in the discussion 

above, if the evidence from that test alluded to a further increase in crosslink density in comparison to 

the 168-hour non-compressed exposure, then the test is represented by a black dot. Conversely, if the 

evidence from that test alluded to a decrease in crosslink density in comparison to the 168-hour non-

compressed exposure, then the test was represented by a white dot. An X was used if the result from 

the test showed no difference. 
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Table 4.4: Summary of results of all tests. Comparisons to 168 hour non-compressed exposure 

Test 
NaOH NaClO H3PO4 

100°C 

H2O/NaClO 

504 168C 504 168C 504 168C 504 168C 

Shore hardness       X  

Cyclic compression testing (Work to 

max. compression)  
X X  X   X  

Cyclic compression testing (Force at 

max. compression) 
X    X    

Flexural modulus testing 

(Displacement at max. load)     X X X X 

Flexural modulus testing (Flexural 

modulus) 
X X   X X   

Compression set testing (Creep at 24 

hours) 
X X X    X X 

Compression set testing (Creep at 84 

hours)       X  

Compression set testing (Creep at 168 

hours)         

Dynamic mechanical thermal analysis 

(Glass transition temperature)         

Fourier transform infrared spectroscopy 

(Oxidation index)         

Soxhlet extraction (Soluble fraction)   X X     

 
 

 

As shown in in table 4.4, there is very good agreement among the different tests as to the degradation 

mechanisms involved and their evolution during the different exposure conditions. There is strong 

agreement among the tests that continued NaClO exposure beyond 168 hours results in increased 

crosslink formation, and that continued NaOH and H3PO4 exposure results in chain scissioning. Similarly, 

exposure during compression has the same impact with these chemicals, showing good agreement in all 

tests. The fact that compressed exposure shows the same trend as the continued long exposure indicates 

compression accelerates the underlying degradation mechanism. This could be a significant contributor 

to environmental stress cracking. 

Mitra et al [94] and Nandakumar and Kurian [95] both report that in the presence of aqueous acid 

solution crosslink density of EPDM blends decreases up to 7 weeks exposure, and upon further ageing 

the crosslink density rapidly increases up to 15 weeks exposure. The main findings of this work appear 

initially to be in contrast to that of Mitra et al and Nandakumar and Kurian, whereby it can be concluded 

from the gathered evidence that crosslink density off all samples increases up to 168 hours, or 7 days, 

exposure time. However, the different chemicals under investigation coupled with the reduced exposure 

times in this work, which much more closely match real world conditions for biopharmaceutical 

applications, compliments the work of previous authors. For example, the evidence suggests that upon 
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continued exposure up to 504 hours, or 21 days, both NaOH and H3PO4 exposure then results in chain 

scission reactions, in agreement with those authors. It is plausible that different acids and bases, 

particularly at different temperatures, have different effects on EPDM composites. However, it is 

apparent that the NaClO exposed samples continually form new crosslinks upon continued exposure, 

with no evidence of chain scission. This is evidence that NaOH and H3PO4 exposure results in an 

accelerated rate of crosslinking than NaClO in the early stages of exposure, thereby potentially degrading 

the EPDM material worse in relation to industrial exposure durations and practical applications. The 

effects due the chemical exposures seen in each test is discussed in detail below. 

To visualise the overall impact that each chemical exposure had, again in reference to the 168 hour 

non-compressed exposure, the result of each test as described in table 4.4 was assigned a numeric value. 

If the result indicates an increase in crosslink density, then the test outcome is assigned a value of 1. If 

the result indicates a decrease in crosslink density, then the test outcome is assigned a value of -1. If the 

result indicates no change in crosslink density, then the test outcome is assigned a value of 0. The overall 

results for each exposure type were then averaged, to see if the accumulated evidence signifies an increase 

or a decrease in the crosslink density due to that chemical exposure duration and type. For example, if 

the calculated average for an exposure type is greater than 0.0, the evidence suggests that this exposure 

results in increased crosslink density. If the calculated average is below 0.0, the evidence suggests that 

this exposure results in decreased crosslink density. The results are illustrated in figure 4.54 below. 

 

 
Figure 4.54: Average evidence test scores for chemical exposure type and duration 

 

As shown in table 4.4 and figure 4.54, the accumulated evidence from all tests indicates that NaOH 

exposure during material compression, and upon continued exposure up to 504 hours, results in a 

decrease of the crosslink density. Similarly, H3PO4 exposure beyond 168 hours up to 504 hours results in 

a decrease in crosslink density, as does compressing the material during exposure. Material compression 

during exposure has a crosslink reduction effect in the H3PO4 exposed samples. This decrease may be 

due to the initiation of chain scission reactions occurring after 168-hours of non-compressed exposure. 

Conversely, evidence from all tests suggests that NaClO exposure results in increased crosslink density 

due to exposure during compression and continued exposure up to 504 hours. Compression during 100°C 

H2O/NaClO exposure has a stronger crosslinking effect than NaClO exposure alone. This is evidence 

that 100°C H2O exposure has an additional degradative impact on the EPDM. 

The mechanism responsible for crosslink formation is likely due to carboxylate (O=C-C) and 

hydroxyl (O-H) group formation. Both of these group formations are evident in the FTIR-ATR spectra. 

These formed oxygenated species plausibly combine, resulting in crosslinking through ester formation by 
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reaction between C-O-O-H and O-H groups, and/or ether (C-O-C) formation through self-condensation 

of the O-H groups [92,94]. The reason for different crosslink densities, potentially due to chain scission 

having occurred, can be explained as follows. In a vulcanised rubber matrix, a mixture of different types 

of crosslinks are formed, for example poly, di, and mono-sulphidic bonds. In a chemical environment, 

poly-sulphidic bonds may undergo hydrolysis faster than di-sulphidic and mono-sulphidic linkages. The 

different rates of hydrolysis for the different kinds of crosslinks due to chemical degradation would change 

the crosslink density over time depending on the initial types of crosslinks present [95]. It is therefore 

possible that NaOH and H3PO4 exposure results in poly-sulphidic bond creation, whereas NaClO 

exposure may result in di or mono-sulphidic bonding. It has been reported that the degradation in an 

aqueous acidic environment initiates at the weakest links of the polymer matrix, and propagates from 

there [8]. 

In addition to crosslink formation, it is apparent that loss of plasticiser and thermo-oxidative 

degradation mechanisms are also partly responsible for the reduction in desirable mechanical properties. 

The interaction effects due to these mechanisms may be very complex to model from a first principles 

perspective. However, an understanding of these effects offers a potential for condition based monitoring 

to be developed for this application. 

According to Kwak and Choi [88] and Mitra et al [92], degradation of the EPDM surface alone is 

found to be enough to affect the macroscopic behaviour of EPDM to a considerable extent. Also, 

Pourmand et al [105] showed that after approximately 1.5mm depth, EPDM oxidation markers from 

degradation returns to virgin sample levels, i.e., no further degradation occurs at deeper levels. This 

same mechanism can be explained here, whereby a hardened surface layer has impacted the bulk 

mechanical properties, a theory corroborated by the compression set testing results. Given that the 

surface of the EPDM diaphragms is degraded due to crosslinking, the tear strength of the diaphragms 

will also be reduced, as tear strength reduces with increasing crosslink density [99]. This phenomenon 

may be a contributory factor in relation to sudden material cracking. 

In conclusion, it is apparent that each of these four variables has an impact on the degradation of 

the EPDM diaphragms, and each should be included in a model describing diaphragm lifetime. Modelling 

these variables may be challenging however, as given the lack of other data sources relating to them 

appropriate parameters may be difficult to calculate. While beyond the scope of this work, an appropriate 

solution may be to initially use modest, best guess estimates of the degradation parameters, and model 

the degradation for example within a Bayesian framework, or some other suitable method which updates 

the model over time as new evidence becomes available.
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Chapter 5 

Consideration of human factors contributing to component 

degradation 

 

 
 

5.1 Introduction and research rationale  

This section of the work investigates human error during valve maintenance activities as one variable 

contributing to component failure events, and explores how such human errors can be accounted for 

within the reliability modelling process. Existing reliability modelling approaches lack any real 

methodologies to take account of human maintenance actions in predicting system failure probability. 

One drawback of many modern modelling approaches therefore is the over-reliance on machine related 

data, which does not describe the full set of operating conditions in which systems are operating.  

The hypothesis is that including HOF metrics derived from the PSFs influencing the maintenance 

task can reduce the predictive uncertainty of the developed model, provided that the PSFs are found to 

be significant predictors of the failure event. 

In relation to the industrial case study, over-tightening of the valve bolts during torqueing procedures 

after diaphragm installation is investigated as a root cause of diaphragm cracking. In chapter 4 it was 

shown how different bolt torques leads to large variation in the force required to actuate the diaphragms. 

Therefore, this failure mode is investigated further via a study on the effects of incorrect installation 

practices on the probability of a diaphragm developing a crack in service. It is hypothesised that incorrect 

valve torqueing is caused partly due valve access difficulty encountered by maintenance technicians 

during service. This factor is show in figure 5.1. This would allow for individual components or sections 

of a system to have different instantaneous hazard rates as a direct result of differing PSFs that may 

exist. 
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Following from this, the scope and objectives of this section are to: 

 

1. define a methodological framework for the elicitation and quantitation of HOFs 

2. demonstrate the developed methodology within the industrial case study 

3. demonstrate the integration of significant PSFs alongside process related data sources to derive 

parametric models of diaphragm lifetime 

 

This work does not constitute a full human factors study, rather the presented methodological 

framework is limited to simply allowing the elicitation of HOFs as quantitative covariates which could 

then be used in a prognostic model. As such, human performance modelling is not investigated. 

There are several areas of novelty regarding this approach. Other authors, in particular Kiassat et 

al [149,154,246–248], consider the case of industrial operators who are in constant manual contact with 

production equipment, and provide no framework for quantifying a HOF metric [246], while this work 

considers the case of maintenance personal who have intermittent offline access only to the systems and 

present a clear methodological approach for HOF quantification. Kiassat et al also focus mainly on how 

operator skill, education level, and social skills change as new operators initially enter an organisation 

and continuously manually interact with production equipment. They observe how with increased 

operator experience, equipment productivity is increased [149]. This work focuses on HOFs specifically 

relating to offline maintenance activities, and critically considers the case where operator skill level is 

assumed to be consistent and stable across maintenance teams, and thereby does not significantly impact 

equipment reliability. 

In this scenario, one must consider a broader approach to the inclusion of HOFs, therefore this work 

acts as an extension to those developed models and aims to help bridge the research gap with the 

presented framework. As a point of clarity, this assumption was driven by the case study, and not the 

methodology, as records of which individual technician installed which valve wasn’t available. However, 

if such data were available, the methodology could easily extend to including such individual factors. 

 

 
Figure 5.1: Brainstorm of factors contributing to component degradation 
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The methodology outlined here is intended to provide a framework for maintenance decision makers 

to identify, assess, and encode any HOFs potentially impacting component reliability into a quantitative 

covariate for use in system lifetime estimation models. The full procedure is outlined in figure 5.2.  

1. If it is suspected that during a maintenance task a HOF influences the ability of the maintenance 

technicians to effectively complete a maintenance action, and therefore impact system lifetime, a full 

procedural task analysis (PTA) must be completed 

2. The PTA must then be reviewed and corroborated by a task expert, who is asked to identify the 

critical task(s). These are the steps identified as being the most significant in terms of component 

reliability, such that an incorrect maintenance action here is likely to have an undue effect on 

compononet lifetime 

3. Using the THERP classification, or another appropriate list of PSFs, all PSFs related to the entire 

PTA are identified 

4. Of that full PSF list, those that are not measurable are excluded from further analysis. The reason 

for non-measurability might be that particular records are not kept, or that there are legal or 

practical reasons why it is not possible to measure a particular metric. For example the measurement 

of a persons ability to complete a task. If the HOF is considered to be potentially significant, 

procedures may be put in place to gather the required information for future model development. 

5. From the measurable PSFs, select those that have the greatest potential influence on the critical 

maintenance steps. This elicitation can be conducted via interviewing appropriate subject matter 

experts 

6. With the filtered PSF list, identify those that are directly measureable and those that are not. If the 

metric is directly measurable, continue to step 8. Otherwise continue to step 7 

7. A proxy measurement must be created in order to measure the PSF. It is recommended to use a 

scale which uses ‘anchor points’ describing PSF severity at intervals along the scale, as outlined in 

the work of Baraldi et al [324] 

8. Measure the PSF, either online or offline depending on the metric. Online measurements are typically 

time dependant, while offline are time independent  

9. Combine the PSF metric with historic failure data or with indices of component health, such as 

CBM measurements in a database 

10. Using the combination of failure data and the PSF metric, determine the significance of the PSF 

metric. The final modelling choice related to significance determination should be left individual 

experts working on a particular case study, and is dependant on the context of the case study. 

Therefore, there is no definitive recommendation made here as to model selection 

11. If the PSF is significant, it can be immediately utilised in a covariate driven reliability model 

developed for the system, such as a Weibull proportional hazards model. If not, continue to step 12 

12. System walkdowns and interviews with subject matter experts should be conducted in order to 

determine if all procedures are being adhered to during maintenance tasks. PSFs can only work in 

a system degradation model if there is consistent compliance with SOPs 

13. If there are issues with non-compliance, then staff retraining should be initiated to ensure future 

compliance and understanding of maintenance procedures 

14. If there are no issues with task compliance, then the maintenance decision maker has two options: 

a. proceed to develop the model without including HOF metrics 

b. re-evaluate the system reliability and the assumption that HOFs have an impact on system 

lifetime 
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Figure 5.2: Full methodological framework for the inclusion of HOFs in Weibull distributed 

proportional hazards lifetime models 

 

5.1.1 Determination of PSF metric significance 

The method used to determine covariate significance in relation to failure events is the same filter 

and wrapper binomial logistic regression approach outlined in chapter 3. 

5.1.2 Covariate parameter likelihood estimation 

For the estimation of the covariate parameters, the maximum likelihood estimation method is utilised 

which is discussed in chapter 2. 
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5.2 Application of developed methodology within industrial case study 

5.2.1 The Role of Maintainer Competence 

The organisation involved in this research has previously identified maintenance technician 

competence as a key area for improvement in order to improve valve elastomer reliability. After 

investigating specific issues observed in the field, believed to be responsible for high infant mortality 

rates of the diaphragms due to EPDM cracking, multiple root causes for leaking valves were identified 

as elastomer failures from actuator, fastener, and installation issues. Following this, an optimised 

maintenance technician training program was designed and implemented. The revised diaphragm 

installation training scheme was introduced in an attempt to reduce errors and thereby reduce the 

variability of random failure events. The previous training had not been revised for several years prior. 

The revised training focused on the following: 

 

 inappropriate tooling and maintenance practices, specifying in detail all components and auxiliary 

equipment to be used  

 revised and detailed flow diagrams of the work to be carried out in a step-wise fashion 

 valve and elastomer design issues, previously resulting in valve failures, addressed via the 

introduction of new designs in conjunction with valve suppliers 

 fastener replacement initiated site-wide 

 

The responsibility of updating the maintenance training material on a bi-annual basis and 

communication of any changes made was handed over to maintenance technicians ensuring the ownership 

of the training material. Subsequent data showed an improvement in key metrics with failure and infant 

mortality rates more closely matching data from valve supplier led laboratory-based testing, specifically: 

1.  

 a reduction of corrective maintenance actions per batch by ~25% 

 a ~35% reduction in investigations related to damaged diaphragms and leaking valves 

 a ~270% increase in the number of successful batches with no quality investigations needed 

 a 95% batch success rate even at increased production rates 

 a reduced maintenance cost per batch 

 a ~12% decrease in potential batch contamination issues 

 

Despite the promising results from the pilot study, there was scope for further improvements due to 

the continued observance of sudden early stage random cracking failures of the components in service. 

The increase in component reliability due to increased maintenance technician training and investment 

partly led to the investigation explored here; whether further HOFs were responsible for reduced service 

life and unexpected failures. This work therefore explores the PSFs that may influence accurate and 

reliable completion of diaphragm installation procedures. 

It was critical to assess the difficulty of valve installation, as incorrect assembly and tightening of 

the actuator, diaphragm, and valve body is reported as being one of the main reasons for failure and 

leakage of diaphragm valves [302]. The valve assembly requires four bolts to be tightened to specific 

values, depending on valve size, in a crisscross pattern over three passes. If one or more bolts are torqued 

to a greater value than the others, the clamping force will be unevenly distributed over the diaphragm. 

Critically, this can result in uneven forces on the diaphragm, leading to premature and unforeseen 

cracking of the diaphragm, most likely due to uneven stress distributions within the EPDM [302].  



Consideration of human factors contributing to component degradation 

156 

 

In line with the developed methodology, a full PTA of the installation process was conducted. As 

the author was based fulltime in the biopharmaceutical company for the duration of the research, it was 

possible to employ an ethnographic approach to data collection [325]. Participant observation was used 

to gain a detailed understanding of the context and specific issues associated with the valve installation 

and this was formalised in the PTA. The PTA was validated with senior engineers in the organisation 

in order to identify the critical process steps. The next task was to identify the PSFs that may influence 

these critical tasks. A review of PSFs in THERP [229] was undertaken and the contextually relevant 

PSFs were identified. These were then used to develop a semi-structured interview format. The 

interviews were designed to identify the factors that increase the difficulty of component installation, 

and to develop an installation difficulty metric which could be applied to each component in the study. 

The full PTA is shown in figure 5.3. 

 

Table 5.1: Plant data summary 

Crack 0 1 Total 

Degradation State    
1 72 6 78 
2 21 4 25 
3 1 3 4 

Total 94 13 107 
 

Logically, the developed methodology could only be applied to those valves within the industrial 

organisation. Therefore, the relevant dataset to use was the data exclusively retrieved from the plant 

itself. The breakdown of the samples retrieved from service after industrial usage of between 6 and 24 

months in this case study is shown in table 5.1. As shown, there are examples of cracking in each of the 

three degradation states, validating the need to treat the cracking failure mode separately. 
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Figure 5.3: Full procedural task analysis of component installation 
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5.2.2 Identification of performance shaping factors 

A review of external PSFs in THERP [229] was undertaken to identify those PSFs that may be 

relevant to the valve installation task. THERP was used as it contains the most comprehensive set of 

performance shaping factors among the numerous human reliability analysis methods. The following 

PSFs were identified as relevant to this case study: 

 

 Quality of the environment, e.g. temperature, humidity, lighting, noise 

 Work hours / work breaks 

 Availability / adequacy of special equipment, tools, supplies 

 Frequency and repetitiveness of tasks 

 Task speed 

 Task load 

 Distractions 

 Fatigue 

 Movement constriction 

 State of current practice or skill 

 

Some of these PSFs had to be disregarded, as it was not possible in this study to identify individual 

technicians or collect data on their individual state while installing the specific valves used in the case 

study, as this work was completed before the research started and accurate records were not available. 

This corresponded to the PSF filtering stage 1. Therefore, work hours, task load, distractions, and fatigue 

were not further investigated. The remaining PSFs were investigated in more detail in a set of interviews 

with the technicians responsible for the installation task. 

5.2.3 Technician Interviews 

The basic structure of the interview centred on the following questions, however the interview was 

structured in a semi-formal manner to help elicit a more natural response from the interviewee: 

 

 What makes maintenance process more difficult from a technician’s perspective? 

 Could any of the valve components become damaged during installation or maintenance? 

 In what ways can a diaphragm be installed incorrectly? 

 How much does each of the following factors increase the risk of incorrect diaphragm installation, if 

at all? 

o Valve assembly complexity 

o Valve size 

o Procedural information for the valve 

o Accessibility of the installation location 

o Lighting in the installation location 

o Noise in the installation location 

o Distractions in the installation location 

o Technician experience level 

o Time available to perform the task 

o Time of day or night 

The conclusions reached from the interview was that the enhanced training programs have largely 

eliminated many of the human factors issued previously encountered, such as procedural information 
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errors, incorrect installation practices, and time pressure issues. However, the interviews with the 

technicians revealed two key PSFs acting as limiting factors in the successful installation and 

maintenance of the valve diaphragms. These were the accessibility of the valve location, and the size of 

the valves. The accessibility was important as this affected the technician’s ability to manoeuvre either 

their bodies or the tooling into the correct position. For example, if the valve is located at height, or 

behind a bank of pipework, or in a tight crawl space, the ability of the technicians to apply the correct 

torque values with an appropriate torque wrench to the valve bolts is diminished. Similarly, the size of 

the valves, with diaphragms ranging from 25mm to 100mm, has the effect of making it more difficult to 

install if the valve is smaller, due to smaller auxiliary components such as bolts which are more difficult 

to handle. The technicians felt however that the valve size would have only a minor impact in comparison 

to valve accessibility. The difficulties posed to maintenance technicians in accessing the valves due to 

the valve location is illustrated in figure 5.4. 

 

 
Figure 5.4: Access difficulty of valve locations 

 

Figure 5.4 A) shows a group of valves at height and behind steam line pipework. Due to these factors 

and the tight grouping of the valves it is difficult to access each of the components adequately with the 

requisite tooling, in particular the fastener bolts with torque wrenches. This means sub-optimal methods 

of fastener tightening must be applied, which may have an impact on diaphragm reliability. Figure 5.4 

B) illustrates a similar issue, this time with a single valve located behind sterile stainless steel production 

lines. As these lines cannot be dismantled once the system is operational, valve access is again extremely 

limited. A human technician would be required to crawl into an appropriate space and then stretch to 

access the individual valve components. Again, it is believed that sub-optimal maintenance practices 

here would limit the reliability of the valve components due to inadequate installation methods 

employed. 

When it is not possible to use a torque wrench to apply the correct torque to the valve bolts, many 

maintenance technicians were observed and reported using older, outdated installation procedures, in 

particular, a method known as the ‘bulge technique’. This entails tightening the valve bolts until the 

EPDM material deforms and flows from the weir due to being compressed. This method is no longer 
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recommended by the valve OEM due to the stress induced in the diaphragm. An example of a diaphragm 

tightened using this method is shown below in figure 5.5. 

 

 
Figure 5.5: EPDM diaphragm 'bulging' due to over-torqueing 

 

5.2.4 Incorrect installation testing 

In order to validate the conclusions from the maintenance technicians and that of Ohlsson [302], a 

maintenance installation testing procedure was designed and implemented. This involved purposefully 

incorrectly installing several diaphragms into an experimental test rig designed to mimic 

biopharmaceutical conditions, and subjecting the diaphragms to real world exposure conditions in order 

to determine if incorrect installation had an effect on component lifetime. The testing procedure involved 

three scenarios: 

 

1. Ten 25mm diaphragms installed correctly using the correct fastener torque of 7.9Nm 

2. Ten 25mm diaphragms installed incorrectly using a mixture of correct fastener torque of 7.9Nm and 

an incorrect fastener torque of 22.6Nm. In this test, two fasteners are incorrectly torqued while the 

other two are correctly torqued. This creates an uneven torque profile in the diaphragms 

3. Ten 25mm diaphragms installed incorrectly using an excess fastener torque of 22.6Nm 

 

The test sequence for each torque setting is as follows:  

 

1. Install new, unused diaphragm into actuator compressor 

2. Torque new, unused bolts up to required value for test, over three passes 

3. Open steam inlet valve until desired pressure of 1.05 barG reached in test rig 

4. Actuate valve 10,000 times 

5. Close steam inlet valve and drain system condensate 

6. Remove diaphragm from actuator 

7. Record diaphragm condition 

8. Repeat test until 10 virgin diaphragms have been tested 
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The experimental test rig is shown below in figure 5.6. 

 

 

 
Figure 5.6: Diaphragm testing rig used for installation torque testing 
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The following testing conditions were used in order to recreate industrial usage conditions 

 

 Process fluid exposure: Saturated steam at 127°C 

 Process fluid exposure duration: 300 min 

 Component size: 25mm 

 Fastener thread size: M8 

 ‘Correct torque’ value: 7.9Nm 

 ‘Excess torque’ value: 22.6Nm 

 Number of actuations per test: 10,000 

 

Each test used new diaphragms and fasteners to ensure independence of results. The 300-minute test 

duration corresponds to the average duration of a single steaming sterilisation procedure common in the 

industry. It was decided to expose the diaphragms to a steaming procedure during testing in order to 

expedite any damage which might occur due to the over-torqueing. A typical component will be exposed 

to an average of 30 – 40 steaming cycles of similar duration during its service life, so the steaming cycle 

alone should not adversely negatively impact the diaphragms. 10,000 valve actuations corresponds to 

the average maximum number of actuations commonly seen during service life. This was again included 

to expedite any potential diaphragm damage. The diaphragms are rated up to 100,000 actuations during 

service life, so the test value alone should again not adversely affect the diaphragm state. The over-

torque value of 22.6Nm was chosen as it was discovered, after multiple bench tests, to be consistently 

the lowest torque value required to initiate the material flow evident when using the bulge technique. 

Although it represents a torque value 2.86 times greater than the recommended OEM value of 7.9Nm, 

it was evident from walk-downs of the systems that this torque was still being applied to valves in certain 

locations. 
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Results 

As shown in figure 5.7, all components which were correctly installed using a torque value of 7.9Nm 

were still in degradation state 1 post testing, exhibiting no damage. The unevenly torqued components 

showed worsening degradation, as four were now considered as having moderate damage corresponding 

to state 2 degradation. The over torqued components were considerably worse again, with eight being 

considered degradation state 2 and two considered as degradation state 3 post testing. The degradation 

state 3 classification meant of course that two diaphragms had severe deformities corresponding to 

failure. Both of these components were also cracked.  

 

 
Figure 5.7: Number of components found in different degradation states as a direct result of installation 

settings 

 

To statistically determine the association between increasing torque values and increasing material 

degradation a chi-square test for association was conducted between torque setting applied during 

installation and the degradation state of the component after testing. There was a statistically significant 

association between torque setting and degradation state, χ2 (4) = 21.500, p = <.0005. There appears to 

be a reasonably strong association between torque settings and component degradation state with a 

Cramer’s V value = 0.599, p = <.0005. It is also visually apparent in figure 5.7 that as torque increases, 

so does the degradation state of the material. Given these results, it was concluded that incorrect 

torqueing has a negative effect on component lifetime as per interview conclusion, and it was pertinent 

to investigate HOFs which may influence the ability of maintenance technicians to correctly install the 

components. 

5.2.5 Development of PSF severity classification scale 

Similar to the work of Baraldi et al [324] and Zio et al [326] a visual interface was developed for 

maintenance technicians to assess the PSFs characterising the context in which the maintenance and 

installation tasks are performed. In this case, the most relevant PSF was the difficulty of accessibility of 

the valve during torqueing of the bolts at steps 13, 17, and 18 shown in the PTA in figure 5.3. As valve 
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access difficulty is not a directly measurable quantity, the interface was developed in order to elicit a 

useable quantitative metric to be used as a model covariate. This corresponds to stage 7 of the developed 

methodology. The intuitive interface supports assessment repeatability across all systems, as 

demonstrated by Baraldi et al [324]. The proposed interface is based on the use of anchor points that 

represent particular conditions which are well defined. The allocation of the anchor points on a numerical 

scale was performed by interviewing maintenance technicians with considerable experience in valve 

installation and appropriately aggregating their conclusions. The sub PSF allocations defining the anchor 

points of the scale, defined in conjunction with technicians, are shown in table 5.2. 

 

Table 5.2: Anchor points scale PSF allocation description 

Sub PSF Allocation Sub PSF Allocation Description 

No Access Difficulty Valve at an appropriate height, facing towards the technician, with no 
discernible obstructions in the area 

Mild Access Difficulty Valve at height. Installation or maintenance tasks require auxiliary 
equipment to reach valve location. Otherwise no obstruction 

Moderate Access 
Difficulty 

Valve obstructed by other equipment, such as pipe work, pumps, 
motors etc., or valve in physically difficult to reach location, such as in 

a crawl space 

Severe Access Difficulty Combination of two or more of any mild or moderate valve obstruction 
conditions 

 

The scale is valued from 0 to 100. A value of 0 acts as the first anchor point, ‘No Accessibility 

Difficulty’, with a value of 100 acting as the fourth anchor point, ‘Severe Accessibility Difficulty’. The 

second and third anchor points lie in intermediate points along the scale. As the scale measured access 

difficulty and subsequently associated a single ‘difficulty’ value to each valve, the scale and subsequent 

values derived from it became known as the accessibility difficulty metric (ADM). The ADM scale used 

in the elicitation scale is shown below in figure 5.8. 

 

 
Figure 5.8: Accessibility Difficulty Metric scale 

 

Each system and valve used in the field data database was then assessed separately via walk-downs 

of the systems with a lead maintenance technician from the field and an expert from the valve OEM. 

For each valve they assigned a specific value from 0 to 100 describing the difficulty of torqueing a 

diaphragm correctly at that location, based on their own experience, with the anchor points continually 

used as a reference. An example of the values assigned to specific valves, which have been neutralised 

for publication purposes, is shown in table 5.3. 

 

Table 5.3: ADM data example from four systems 

System Valve ID Code ADM Expert 1 ADM Expert 2 
Size 2 Vessel B V-005 25 22 
Size 1 Vessel A V-047 10 20 
Size 1 Vessel B V-106 30 21 

Filtration System C V-069 30 22 
 

The hypothesis was that the ADM score can then be incorporated into a probabilistic assessment of 

both degradation state and diaphragm cracking in service based on valve location. Further combining 
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this information with quantitative service history data would then represent a novel data fusion approach 

whereby qualitative assessments are combined with traditional process related data sources in order to 

predict component RUL. 

5.2.6 ADM Analysis 

The ADM scores obtained from each expert were tested against both the presence of cracking and 

the transition from state 1 to state 2 for each component to determine whether a statistically significant 

relationship existed. With regards to the RUL estimation model for the diaphragms, the effect of the 

covariates is assumed constant across degradation states, so treating the transition between state 1 and 

state 2 as a failure is valid. The data collected consisted of a continuous real variable, the ADM score, 

and the dichotomous variable for both the presence of a crack and the two degradation states.  To test 

for independence where the two failure modes act as the dependant variables, binomial logistic regression 

was used for methodology stage 10. Purely testing for independence, treating the ADM as a rising 

continuous variable is valid as we are trying to identify whether the probability of component failure 

increases with increasing ADM score. Therefore, the logistic regression model becomes: 

 

𝐿𝑜𝑔𝑖𝑡(𝜋(𝑥𝑖)) =  𝛼 + 𝛽. 𝑥𝑖, where 𝜋(𝑥𝑖) = 𝑃(𝐹𝑎𝑖𝑙𝑢𝑟𝑒 = 1|𝐴𝐷𝑀 = 𝑥𝑖) (5.2.1) 
 

i.e. the probability of a fail state given a particular ADM score. We test the hypothesis:  

 

𝐻0: 𝛽 = 0 (𝐴𝐷𝑀 𝑎𝑛𝑑 𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑠 𝑎𝑟𝑒 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑎𝑛𝑡) 
𝐻1: 𝛽 ≠ 0(𝐴𝐷𝑀 𝑎𝑛𝑑 𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑠 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑎𝑛𝑡)

 

 

5.2.7 ADM Results 

 
Figure 5.9: Scatter plot of ADM score agreement between the two experts 

Shown in figure 5.9 is the scatter plot of the ADM scores attributed by each expert to each data 

point in the study. Neither variable was normally distributed, as assessed by Shapiro-Wilk's test (p < 
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.05), however as shown in figure 5.9 the data appears to be monotonically increasing indicating general 

agreement between the two experts with regards to the location difficulty of the valves. To help clarify 

the data, it has been binned using the centroid of the agreement points. Those areas of highest colour 

intensity indicate where there were multiple agreements between the two experts. Despite a general 

agreement being apparent, there are clear instances where there were multiple large scale disagreements 

between them, such as the centroids highlighted in the blue dashed line box. For this reason both 

Spearman's rank-order correlation [327] and Pearson's product-moment correlation [328] were used to 

test the hypothesis of association between the two variables. Results indicate a strong (r > 0.5) positive 

correlation between the two variables, with a Pearson’s correlation r(97) = 0.615 (p < 0.005) and a 

Spearman’s correlation rs(97) = 0.602 (p < 0.005), again indicating general agreement, albeit with notable 

exceptions as highlighted [329]. To avoid issues with multicollinearity, each individual expert’s scores 

are assessed separately to ascertain their significance and impact with respect to both component 

degradation and crack events. 

Material degradation category 

Three regressions were performed to ascertain the effects of component access difficulty on the 

likelihood that the components have degraded in service. The three covariates investigated were the 

access difficulty metrics derived from both experts, and an interaction variable between the two. None 

of the logistic regression models were statistically significant, with no p value for the χ2(2) analysis results 

< .05. The models were only able to explain between 1% to 16%, based on Nagelkerke R2, of the variance 

in component degradation level. The three analysed covariates are shown in table 5.4 below. 

 

Table 5.4: Binary logistic regression model predicting likelihood of component degradation state based 
on ADM score 

 β S.E. Wald df Sig. Exp(β) 
95% C.I. for EXP(β) 

Lower Upper 

Expert One ADM 
Score .002 .011 .033 1 .855 1.002 .981 1.023 

Expert Two ADM 
Score 

-.009 .009 1.027 1 .311 .991 .975 1.008 

Expert ADM Score 
Interaction -.006 .011 .295 1 .587 .994 .974 1.015 

 

In figure 5.10 a greater separation of the data would be expected if the access difficulty of the valve 

was a significant influencer of component degradation, with two easily defined clusters of category one 

and category two components. The results of the three seperate binomial logistic regressions reflect this. 
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Figure 5.10: ADM score considering component degradation state 

Material cracking 

Again three regressions were performed with the same covariates to ascertain the effects of 

component access difficulty on the likelihood that the components have cracked in service. Once more, 

none of the logistic regression models were statistically significant, with no p value for the χ2(2) analysis 

results < 0.05. The models were only able to explain between 0.5% to 13%, based on Nagelkerke R2, of 

the variance in component degradation level. Based on these results it is not possible to reject the null 

hypothesis 𝐻0: β = 0. Given the independence between ADM scores and the likelihood of both 

component degradation and cracking in service, it is not possible in this instance to use the ADM score 

as a covariate within a reliability model. The three analysed covariates are shown in table 5.5 below.  

 

Table 5.5: Binary logistic regression model predicting likelihood of component cracking based on ADM 
score 

 β S.E. Wald df Sig. Exp(β) 
95% C.I. for EXP(β) 

Lower Upper 

Expert One ADM 
Score 

-.011 .016 .471 1 .492 .989 .959 1.020 

Expert Two ADM 
Score 

.009 .012 .602 1 .438 1.009 .986 1.034 

Expert ADM Score 
Interaction 

.002 .015 .022 1 .882 1.002 .973 1.032 

 

Similarly to figure 5.10, figure 5.11 would be expected to show a greater seperation of data if the 

access difficulty of the valve was a significant influencer of component cracking. Likewise there would 

be two easily defined clusters of cracked and non-cracked components which would be reflected in the 

regression results. 
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Figure 5.11: ADM score considering presence of component cracking 

 

The reasons for the independence between the ADM score and the likelihood of component failure 

are discussed in detail in the discussion in section 5.4, but in-short procedural non-compliance was likely 

responsible for incorrect torqueing of valves, regardless of location. Therefore the overall approach to 

eliciting and including HOF as covariates in reliability models is still valid, but only when base criteria 

of compliance with standards can be realistically assumed. In the next section, a synthetic toy example 

is provided with generated data to demonstrate a complete example of the inclusion of HOF in a 

proportional hazards model.  

5.3 Toy Example 

5.3.1 Data Generation 

In order to demonstrate the approach, the potential advantages, and the applicability of the 

developed methodology and of including significant HOF metrics in reliability models, two synthetic 

ADM score datasets which represent the opinions of two ‘experts’ were generated. One of the experts is 

risk averse, the other is less so, labelled as Toy Expert 1 and Toy Expert 2 respectively. The synthetic 

dataset is created purposefully so that the Toy Expert opinion is a significant factor in the both failure 

modes of the case study. Toy Expert 1, being risk averse, is more likely to give higher ADM scores to 

difficult to access valves, while Toy Expert 2 being less risk averse is likely to give slightly lower scores 

for the same locations. To simulate this, normally distributed random numbers have been generated 

separately for each ‘expert’. The risk averse profiles for both experts were generated for crack events and 

both degradation states, using normal distributions with the parameters shown in table 5.6. 
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Table 5.6: Normal distribution parameters used for calculating toy datasets 

 
Toy Expert 1 Toy Expert 2 

Mean 
(μ) 

Variance 
(σ2) 

Mean 
(μ) 

Variance 
(σ2) 

Crack 85 9 65 9 

No Crack - Degradation 
State 1 

30 9 20 9 

No Crack - Degradation 
State 2 60 9 50 9 

 
 

 
Figure 5.12: Toy ADM score considering component degradation state 

 

Table 5.7: Binary logistic regression model predicting likelihood of component degradation state based 
on Toy ADM score 

 β S.E. Wald df Sig. Exp(β) 
95% C.I. for EXP(β) 

Lower Upper 

Toy Expert One 
ADM Score 

.101 .020 24.55 1 .0005 1.107 1.063 1.152 

Toy Expert Two 
ADM Score .080 .017 22.69 1 .0005 1.083 1.048 1.119 

Toy Expert ADM 
Score Interaction 

.001 .000 23.55 1 .0005 1.001 1.001 1.001 

 

In figure 5.12 a greater separation of the toy data is seen in comparison to the corresponding field 

data shown in figure 5.10 with two easily defined clusters of category one and category two components. 

The results of the three seperate binomial logistic regressions reflect this. The three regressions were 

performed to ascertain the effects of component access difficulty on the likelihood that the components 

have degraded in service. The three covariates investigated were the access difficulty metrics derived 

from both toy experts, and the interaction between them. All three logistic regression models were 
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statistically significant, with all p values for the χ2(2) analysis results < .05. The models were able to 

explain between 48.4% to 57.5%, based on Nagelkerke R2, of the variance in component degradation 

level. The three analysed covariates are shown in table 5.7. 

 

 
Figure 5.13: Toy ADM score considering component cracking 

 

Table 5.8: Binary logistic regression model predicting likelihood of component cracking based on Toy 
ADM score 

 β S.E. Wald df Sig. Exp(β) 
95% C.I. for EXP(β) 

Lower Upper 

Toy Expert One 
ADM Score 

.318 .144 4.88 1 .027 1.374 1.037 1.821 

Toy Expert Two 
ADM Score .174 .054 10.34 1 .001 1.190 1.070 1.324 

Toy Expert ADM 
Score Interaction 

.003 .001 6.28 1 .012 1.003 1.001 1.005 

 

In figure 5.13 a greater separation of the toy data is again seen in comparison to the corresponding 

field data shown in figure 5.11 with two easily defined clusters of cracked and non-cracked components. 

The results of the three seperate binomial logistic regressions reflect this. The three regressions were 

performed to ascertain the effects of component access difficulty on the likelihood that the components 

have cracked in service. The three covariates investigated were again the access difficulty metrics derived 

from both toy experts, and the interaction between them. All three logistic regression models were 

statistically significant, with all p values for the χ2(2) analysis results < .05. The models were able to 

explain between 68.1% to 88.8%, based on Nagelkerke R2, of the variance in component cracking. The 

three analysed covariates are shown in table 5.8. 

Based on these results it is now possible to accept the null hypothesis 𝐻0: 𝛽 = 0. Given the 

dependence between both ADM scores and the likelihood of both component degradation and cracking 



Consideration of human factors contributing to component degradation 

171 

 

in service, it is possible in this instance to use the ADM as a covariate, for example within a proportional 

hazards model. Note that the Toy Expert 1 has higher regression coefficients in both table 5.7 and table 

5.8, indicating that a greater likelihood of failure state transition is assigned by this expert to higher 

ADM scores. The interaction term between the two experts has the lowest coefficients assigned in both 

regressions. In this instance it is up to the maintenance decision maker which ADM score to use in the 

model based on the level of operational risk they are willing to assign to the accessibility difficulty. 

Safety critical industries such as the one in the case study considered here would be typically risk averse 

and so more likely to utilise the opinion of Toy Expert 1. 

5.3.2 Weibull proportional hazards model deployment 

The ADM score attributed to Toy Expert 1 is combined with a single machine related covariate in 

order to demonstrate the impact that the synthetic ADM score has on component degradation state 

over time. As this example is intended purely to demonstrate the potential for PSF inclusion in a data-

driven degradation model, only one machine related covariate is modelled alongside the derived HOF 

metric. The single machine related covariate chosen was the saturated steam exposure variable, modelled 

as the time variable 𝑡 with which the Weibull scale and shape parameters are calculated, in this synthetic 

instance using the field data alone. As the effect of the ADM covariate does not change depending on 

degradation state, it is possible to calculate its effect for one transition, about which we have the most 

information, and use that information to help modify the Weibull curve for the second transition. This 

means that the ADM scores can still be used to calculate the transition times of both degradation states. 

This is a significant step given the scarcity of data. Although the convenience of Weibull proportional 

hazards models accommodating the inclusion of other non-machine related covariates makes the model 

suitable for the analysis considered here, the justification for the selection of a Weibull model was also 

performed via parametric distribution function estimation conducted via an Anderson-Darling test [330]. 

The distribution estimation has been completed using both the field and OEM data. The full dataset, 

the bioreactor dataset, and the perfusion dataset are tested separately, and are shown in table 5.9. 

 

Table 5.9: Parametric distribution estimation of time to failure data t 

Rank 

Full Dataset Bioreactor Dataset Perfusion Dataset 

Distribution 
Anderson 
Darling 
score 

Distribution 
Anderson 
Darling 
score 

Distribution 
Anderson 
Darling 
score 

1 
2-Parameter 
Exponential 

143.169 
2-Parameter 
Exponential 

115.496 
2-Parameter 
Exponential 

31.571 

2 Lognormal 143.21 
3-Parameter 
Lognormal 115.51 Normal 31.573 

3 Loglogistic 143.229 
3-Parameter 
Loglogistic 115.512 Logistic 31.575 

4 Exponential 143.246 Lognormal 115.52 
Smallest 
Extreme 
Value 

31.577 

5 
3-Parameter 
Lognormal 143.253 

3-Parameter 
Weibull 115.524 Exponential 31.579 

6 Weibull 143.257 Loglogistic 115.536 Lognormal 31.585 

7 
3-Parameter 

Weibull 
143.269 Weibull 115.564 Weibull 31.586 

 

It is important to note that the Anderson-Darling test was performed using the transition times from 

category state one to category state two. The results illustrate that the full dataset and bioreactor 

dataset largely agree, with some small differences in the results of the perfusion system. However, the 

perfusion dataset may suffer from a lack of data as it is much smaller in size. As shown, each of the 

datasets fit the exponential distribution well. As discussed previously however, the exponential 
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distribution has a constant hazard rate and is therefore not appropriate for systems that degrade over 

time. However, as the exponential model is naturally embedded in the Weibull model anyway, using the 

Weibull model won’t discriminate against the exponential model. 

The probability plots for the four most common distributions and the Weibull distribution overview 

plots are shown in figure 5.14 and figure 5.15 respectively. 
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Figure 5.14: Probability plots for all datasets 

 

As shown in figure 5.15, which shows the transition times from state one to state two of the full 

dataset, the shape parameter 𝛽 has been estimated at approximately 1.4., with a mean transition time 

of ~167 hours of steam exposure. This is less than the manufacturers recommendation of ~195 hours of 

steam exposure. As 𝛽 > 1, the hazard function increases over time, while the survival function decreases, 

which is expected from a system that degrades over time with continued exposure. 
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Figure 5.15: Weibull distribution overview plot for full dataset 

 

Following from this, for the baseline model characterising the degradation state transitions, i.e. the 

model describing system behaviour given a null covariate vector, we assume that the failure state 

transition times 𝑇  and 𝑇 , derived from the Markov model illustrated in chapter 3, obey Weibull 

distributions conditional on the random parameters α (scale) and 𝛽 (shape) such that: 

 

𝑇 |(𝛼 , 𝛽 , 𝑥 = 0)~𝑊𝑒𝑖𝑏𝑢𝑙𝑙(𝛼 , 𝛽 ) 

𝑇 |(𝛼 , 𝛽 , 𝑥 = 0)~𝑊𝑒𝑖𝑏𝑢𝑙𝑙(𝛼 , 𝛽 )
 (5.3.1) 

 

where 𝑥 ∈ ℝ  is the value of the vector of the significant 𝑝 covariates identified as the influencing factors 

out of the full available set Φ, i.e. the covariates selected to be encoded in the analysis. The stochastic 

transition times from states 1 to 2 and from states 2 to 3 of the 𝑛  component, 𝑛 = 1, … , 𝑁 are indicated 

by 𝑇  and 𝑇 , respectively. In particular, 𝑇 , 𝑛 = 1, … , 𝑁 are considered as independent random 

variables conditional on both parameters 𝛼  and 𝛽 , and the vector of covariates 𝑥 . Similarly, 𝑇 , 𝑛 =

1, … , 𝑁 are independent random variables conditional on 𝛼 , 𝛽  and 𝑥 . The final hazard function of 

each transition time is proportional to the corresponding baseline hazard function, ℎ 𝑡 𝛼 , 𝛽 , 𝑥 = 0 =

𝛽
𝛼

𝑡
𝛼 , with the final hazard function being a time-independent multiplicative factor of 𝑒𝒙 𝜸, 

as shown in equation (5.3.2): 

 

⎩
⎪
⎨

⎪
⎧𝑇 |𝛼 , 𝛽 , 𝛾, 𝑥  ~ . 𝑊𝑒𝑖𝑏𝑢𝑙𝑙

𝛼

𝑒(𝒙 𝜸⁄ )
, 𝛽 , 𝑛 = 1, … , 𝑁

𝑇 |𝛼 , 𝛽 , 𝛾, 𝑥  ~
. 𝑊𝑒𝑖𝑏𝑢𝑙𝑙

𝛼

𝑒(𝒙 𝜸⁄ )
, 𝛽 , 𝑛 = 1, … , 𝑁

 (5.3.2) 
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where  𝛾 ∈ ℝ  is the vector of parameters that tune the effects of the selected covariates on both 

transition times. In this respect, we assume that the effect of the covariates on the two transition times 

is the same, meaning that the same vector of coefficients 𝛾 is used for both transition times. This allows 

us to reduce the number of parameters to be estimated, a crucial issue given the scarcity of data, not 

only in the case study but also in many real world scenarios. The vector of coefficients 𝛾 can of course 

differ for both transition times, but enough failure data must exist in order to calculate these. The hazard 

rate function, ℎ(𝑡 ), being proportional to the instantaneous conditional probability of failure at time t, 

is sensitive to the time variable selected to represent the age of the system. The parameter α, the scale 

parameter, in the absence of covariates provides the characteristic life of approximately the 63rd 

percentile of failure data [149]. Finally, vectors 𝑥 , … , 𝑥  are arranged to form the rows of matrix 𝑋 ⊆ 𝑋′. 

The developed Weibull proportional hazards model presented here can include covariates derived from 

HOF, in addition to traditional MR factors, such as those derived via statistical methods and material 

analysis as seen in this work. Again, the addition of HOFs as covariates, if significant, allows the 

maintenance decision maker to calculate their effect on equipment failure risk, which can aid decision 

makers in the calculation of expected uptime as well as the probability of system failure [149]. 

The data describing the ADM has been normalised such that: 

 

𝑧 =  
𝑥 − min (𝑥)

max(𝑥) − min (𝑥)
 (5.3.3) 

 

where 𝑥 =  the coefficient vector (𝑥 , … , 𝑥 ) and 𝑧  is the 𝑖  normalised data. 

Weibull proportional hazards model output 

The Weibull proportional hazards model outputs derived from the synthetic data for diaphragm 

degradation state transitions using the maximum likelihood estimation method are shown in below in 

table 5.10. As shown, the Toy Expert 1 covariate is significant with a parameter 𝛾 value of approximately 

1.2. This is the amount by which the instantaneous hazard rate increases by for every unit increase in 

Toy ADM score. 

 

Table 5.10: Weibull proportional hazard model output 

 𝛾 S.E. Z Sig. 
95% C.I. for 𝛾 

Lower Upper 

Model Intercept 5.60897 0.253681 22.11 <0.0005 5.11176 6.10617 

Toy Expert 1 1.20421 0.341601 -3.53 <0.0005 1.87374 1.0534689 
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The state transition times modelled using the steam exposure data from the field, with a null 

covariate vector, are shown in figure 5.16 below. Interestingly, the average time for transition from state 

1 to 2 is approximately 120 hours, below the value of 195 hours predicted by the valve OEM. 

 

 
 

Figure 5.16: Probability density functions of the state transition times T1 and T2 

 

The probabilities of a diaphragm occupying each individual degradation state over time t with the 

null covariate vector, in this example an ADM score of 0.0, is shown in figure 5.17. 

 

 
Figure 5.17: State transition probabilities for ADM score of 0.0. The dashed lines represent the 0.05 and 

0.95 confidence intervals 

8007006005004003002001000

0.006

0.005

0.004

0.003

0.002

0.001

0.000

Steam Exposure (Hrs)

D
e
n
si

ty

Transition 1 - 2

Transition 2 - 3



Consideration of human factors contributing to component degradation 

176 

 

Figure 5.18 demonstrates the same probabilities modelled using a diaphragm with an ADM score of 

100. 

 

 
Figure 5.18: State transition probabilities for ADM score of 100.0. The dashed lines represent the 0.05 

and 0.95 confidence intervals 

 

What is particularly noteworthy is how the inclusion of the ADM score has dramatically decreased 

the model uncertainty. This demonstrates how significant HOF metrics can increase the accuracy and 

thus predictive power of proportional hazards models, thereby increasing system reliability. The amount 

which the model uncertainty will decrease with the addition of HOF metrics is of course dependant on 

the amount of model variability explained by those metrics. It is important to note in this synthetic 

example that the correlation between Toy Expert 1 and the observance of both failure modes is strong, 

which has exaggerated the model uncertainty reduction. However, it is a useful exercise to demonstrate 

the potential advantages of including such a derived metric alongside traditional machine related 

covariates within a Weibull proportional hazards model. Figure 5.19 illustrates the probability of a 

diaphragm being in degradation state 1 over time for the four ADM anchor points: 0, 35, 75, and 100. 

As expected, component lifetime decreases with increasing ADM score.  

 



Consideration of human factors contributing to component degradation 

177 

 

 

 
 

Figure 5.19: Cumulative probability (survival function) of state 1 occupancy of the four ADM anchor 
points over time 

5.4 Discussion 

This section of the work has presented a methodological approach to the inclusion of HOF in 

predictive maintenance models. The parametric Weibull proportional hazards model is used here to 

demonstrate the methodology. HOF are acknowledged to be a key aspect of system performance but are 

largely neglected in the literature regarding current prognostic reliability models. This part of the work 

contributes to the literature in a number of ways. This work outlines for the first time an exact framework 

for both the elicitation and the inclusion of both quantitative and qualitative HOFs as covariates in 

parametric prognostic models. This work also illustrates how to incorporate the derived HOF covariate 

into a Weibull proportional hazards model considering a multi-state degradation profile given scarcity 

of data. This work focuses on HOFs specifically relating to offline maintenance activities, and critically 

considers the case where operator skill level is assumed to be consistent and stable across maintenance 

teams, and thereby does not significantly impact equipment reliability. To reiterate, in this scenario a 

broader approach to the inclusion of HOFs must be considered, and as such this work acts as an obvious 

extension to other developed Weibull proportional hazards models found in the literature. Another 

novelty of the approach in this work is that the parametric model development methodology allows an 

individual component or system to have its own individual instantaneous hazard rate derived from its 

own specific maintenance induced HOF metric. An often underlying characteristic of other studies is 

that the latent or critical human error probability is assumed to be a constant parameter based on which 

the stochastic model of the system under study is developed. 

While the results of the methodology applied to the industrial case study were disappointing in terms 

of the acceptance of the null hypothesis of ADM score and failure likelihood independence, this also 

presented the opportunity to fully explore the developed framework. As stated the hypothesis was 

investigated as to whether there was statistical independence among the component failure modes and 

difficulty of valve torqueing at specific locations within the manufacturing area. The PSFs identified 

with experts in the field suggested that the difficulty of valve location would have an impact on the 

ability of the maintainers to get their bodies, the tooling, or both into the correct location in order to 
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perform the maintenance task effectively. This could then result in incorrect torques being applied which 

could lead to uneven stress distributions within the elastomer material which has been shown to influence 

premature cracking of valve diaphragms in service [302]. In this instance there was no evidence to suggest 

that the valve location had any effect on the probability of component failure in service. Although this 

result was somewhat unexpected, as per methodology step 12, further interviews with technicians and 

ethnographic research were conducted to help explain the reasons for the lack of significance in the 

findings. It is important to note that the hypothesis was built on the assumption that the maintenance 

staff would only use non-optimal maintenance practices when the valve location negatively dictated their 

ability to perform the task correctly. In this way the ADM score could be interpreted to mean the ability 

of the maintainers to appropriately apply the standard maintenance approaches. However, it was 

subsequently discovered via the continued investigations that in some instances the standard 

maintenance approaches were not universally applied, even given the presence of no PSFs. This 

essentially meant that even components which were in optimal locations in terms of ease of access were 

still not being torqued correctly, negating the influence of the previously determined PSFs. It transpired 

that certain maintenance technicians were still using the older ‘bulge’ procedure for component 

maintenance, which does not explicitly require the use of torque wrenches to accurately tighten the 

fasteners on the valve bodies. This confounding result was only highlighted through the non-significance 

of the ADM results. For this reason, the proposed methodology recommends that procedural issues are 

specifically investigated when developing predictive models of human performance, as full compliance 

with training and procedures cannot always be assumed for a variety of reasons, for example suitability 

of the training and procedures, complacency over time, changes to equipment, etc. After it was 

highlighted that the improved standard maintenance approaches were not universally applied, additional 

support was provided to maintainers to help re-establish the importance of following the updated 

procedures as per the developed methodology guidelines. The results of the synthetic example, the Toy 

ADM analysis, demonstrates the potential positive effects of including HOFs and suggest that further 

research in this area could greatly improve the provision of parametric predictive models. HOF have the 

potential to further reduce the uncertainty of parametric reliability models if utilised correctly.
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Chapter 6 

Summary and Conclusions 

6.1 Summary 

Modern maintenance methods are dependent upon understanding and monitoring component 

degradation; however, many industrial situations exist where direct monitoring is impossible, and 

component degradation characteristics are not well understood. This research explored the hypothesis 

that data to support Prognostic Health Monitoring (PHM) in practice may be extracted within industrial 

situations where pre-existing data on component degradation characteristics is scarce and context 

independence and subject matter understanding is low. In order to investigate this hypothesis, a case-

study in the biopharmaceutical industry was followed which attempted to elucidate the significant 

variables leading to component degradation via a novel hybrid data elicitation methodology. Okoh et al 

[1] opine that hybrid modelling methodologies can be used to improve prognostic lifetime accuracy, and 

dataset fusion techniques for remaining useful life estimation may be used where data is available. Abonyi 

et al [191] outlined the first stages of the development of virtual sensors, a potential modelling solution 

under these conditions, as data inspection, selection of historical data, and data pre-processing. In 

addition, ElMaraghy et al [331] intonate that the interaction between human elements and the hardware 

and software components in manufacturing systems is an important consideration in the overall 

complexity of systems that should be taken into account. This means that dataset fusion is necessary to 

adequately model complex manufacturing systems. However a knowledge gap exists to guide the 

elicitation of the significant variables required for component lifetime modelling under these conditions. 

To help bridge this gap a holistic methodology is proposed aid in significant data identification and 

measurement in complex industrial environments where data is scarce, siloed, and disparate. 

The case study followed in this work was that of dynamic valve diaphragms used in the 

biopharmaceutical industry, manufactured from the polymer composite Ethylene Propylene Diene 

Monomer (EPDM). The central question in this work was therefore, what are the variables, both process 

and human related, which contribute to EPDM diaphragm degradation and how can their contribution 

be understood and quantified? In order to answer this question, data from the process level, the system 

level, the equipment level, and the component level were required. These disparate data sources, 

including data from both supplier and end-user, each contain valuable information, which needs to be 

elucidated and then transformed into a common format. The significance of those variables can then be 

determined, and if significant, this information can be used within remaining useful life prognostic 

algorithms. 

The first step in this work was the modelling of the degradation and failure states of the component 

within a Markov chain. The semi-Markov approach, a special case of Markov chains where the time 

spent in the current state depends on both the prior and future states, is useful in this context as no 

reverse transitions are possible and the disparate data is both left and right censored [332]. The multi- 

state stepwise nature of the Markov-chain modelling approach of the component degradation states 

allowed the use of bespoke filter and wrapper binary logistic regression techniques to determine the set 

of significant degradation process variables. The novel combination of these approaches was developed 

for this task. If a binary systems approach had been used, there would not have been enough failure 

data available to estimate the variable significance. The modelling assumption was that any variable 

responsible for previous state transitions was also responsible for future state transitions. This is achieved 

by assuming that the vector of parameters that tune the effects of the selected covariates is constant on 

all state transition times. As more data becomes available to refine the parameters, this assumption can 

be relaxed and separate parameters chosen for individual transition times if necessary. This critical 
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assumption allows some determination of variable significance, and in effect creates a ‘failure’ data set, 

a significant step given the scarcity of data. To enable the multi-state systems approach, a qualitative 

assessment method was created which categorised the components into different health states for the 

first time. The initial filtering of non-significant variables allows for further focused investigations into 

potentially significant variables. 

Once the initial list of potentially significant variables had been filtered using the developed method, 

four key variable interactions were investigated further using multiple material characterisation 

techniques, a first in the literature. This acted as an additional aid to the selection of the set of significant 

process variables contributing to component degradation. It was necessary to perform these analyses as 

the statistical techniques applied to the process history dataset could not identify, with a sufficient level 

of confidence, which variables should be taken into account when developing models of component 

lifetime. The analyses examined three different aqueous chemical solutions. Performing the material 

characterisation analysis developed, for the first time, an understanding of the chemical and physical 

mechanisms responsible for EPDM degradation that occur during exposure to these variables. An 

understanding of the physics of failure of the components also acts as a first step in potentially developing 

condition based monitoring solutions for this application. 

To fully encompass all possible sources of component degradation, it was critical to assess if human 

interaction during maintenance activities played a role in the sudden failure of the components in-situ. 

To accomplish this, a methodological framework was developed which intended to enable the integration 

of human and organisational factors as quantitative metrics within degradation models. The developed 

methodology utilises human knowledge of the maintenance process to transform qualitative assessments 

of the factors which influence maintenance technician error rates. The hypothesis investigated is that 

including such a metric could reduce the uncertainty of models developed for system failure probability 

estimation. The case study investigated whether valve accessibility was correlated with component 

degradation, but in this case no correlation was found and further investigation suggested that correct 

procedures were not being following in the valve installation process. A toy example was generated to 

demonstrate the potential advantages of utilising human and organisational factors in parametric 

degradation models, where a correlation with degradation is found. However, the discovery of 

maintenance practice deficiencies resulted in an overhaul of the internal maintenance functions of the 

host organisation. Modelling the factors which influence technician performance in this way would allow 

individual components to have their own local hazard rates, a first for human-system interaction effects 

due to maintenance intervention. 

In conclusion, the central hypothesis of this work was substantiated, as useable quantitative data 

was elucidated from disparate, scarce, siloed data sources via a multi-disciplinary methodology which 

seeks to unify several sources of information. The gathered data would enable the initial development of 

prognostic lifetime models for the case study components. It is important to note that the methodological 

approach of this work is not intended to provide an exact data elicitation solution for all industrial 

scenarios, as this will change depending on a multitude of extraneous factors related to the case study 

in question, such as data availability, required resources, time constraints etc. Rather, this work may be 

interpreted as a template to guide the identification and quantification of variables for inclusion in 

reliability models which can be adapted as required for different systems. 

6.2 Conclusions 

6.2.1 Analysis of process variables contributing to component degradation 

The first objective in this work was the identification of the significant process variables contributing 

to component degradation. Firstly, a unique database was established which collated disparate sources 
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of data into a single format. The relationships between and progressions of the failure and degradation 

states of the components were characterised using a Markov process, a crucial step given the scarcity of 

data. A bespoke qualitative technique was developed to assess component degradation and failure states. 

Using heuristic data mining techniques, historic environmental exposure data was collected and 

combined with the qualitative degradation assessment of every component. Two datasets were sourced, 

each consisting of two separate system types. One data source was retrieved after the industrial usage 

of the components, the other was sourced from internal OEM testing. A ‘digitisation’ approach was 

developed to convert analogue data sources into cumulative exposure hours over a specific threshold, in 

order to create format commonality amongst the different data sets. The developed data collection 

technique enables data fusion from scarce data sources, as any cumulative process exposure data can be 

collected and tested for significance against intermediate degradation state transition events. 

Secondly, using a novel combination of statistical techniques, a two-step approach was developed for 

determination of which environmental process factors contribute towards degradation state transitions 

and crack events. Initially, a filtering approach discarded from the full list of available covariates those 

which were not significant in determining the transition behaviour between failure states. Then a 

wrapper method was applied on the filtered set of covariates to ascertain if predictive performance of 

the logistic regression models was enhanced using select subsets of those significant covariates. 

Based on the evidence from the developed data collection and significance testing techniques, it can 

be concluded that: 

 

 Steam exposure is the most significant factor influencing the gradual stepwise degradation of the 

components 

 Material cracking is related to the material degradation state. As the material degrades, there is a 

higher probability that cracking will occur 

 The initial probability of a crack occurring must be minimised to reduce the likelihood of a crack 

occurring during the lifetime of a diaphragm 

 Additional testing is required to determine crack causation 

 Additional testing is required to determine if the chemical solutions of NaOH, NaClO, H3PO4, and 

the interaction between steam and NaClO exposure, influence EPDM degradation 

 The other process variables investigated do not have a significant degradative effect on the 

components 

6.2.2 Material characterisation of industrial components 

The second objective of this work was the characterisation of the industrial components via material 

analysis techniques, to understand the physics of the degradation processes initiated by exposure to 

certain process variables. Analysis of the EPDM material pre and post-exposure to varying quantities of 

these variables was undertaken. The chemical solutions under investigation were aqueous solutions of 

NaOH, NaClO, H3PO4, and the interaction between steam and NaClO exposure. 24 virgin samples were 

utilised for testing. 12 virgin samples were tested using an array of chemical and physical analysis 

methods in order to develop a foundation for the characteristics of the virgin material. The remaining 

12 samples were then exposed to an individual chemical under investigation and subjected to the same 

tests as the virgin samples. This was to examine the effect that the chemical exposures had on the 

material. This allowed a direct comparison of the degradation effects attributable to the chemical 

exposure. The diaphragm samples were exposed for 168 and 504 hours in an uncompressed state, and 

168 hours in a compressed state, in a specially adapted valve rig. The testing consisted of mechanical, 
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thermal, spectroscopic, and chemical techniques. The developed testing regime is the first time EPDM 

has been tested and characterised under these conditions in the published literature. 

Based on the accumulated testing results it can be concluded that: 

 

 Crosslinking is the dominant mechanism responsible for material degradation upon chemical exposure 

 Additional crosslinking occurs upon exposure to all investigated chemical exposures 

 Oxidative damage and the formation and recombination of free radicals is responsible for the 

additional crosslinking 

 Loss of plasticiser and thermo-oxidative damage are contributory degradation mechanisms 

 The hardened surface layer impacts the bulk mechanical properties 

 100°C H2O exposure has an additional degradative impact on the EPDM 

 Compression during 100°C H2O/NaClO exposure has a stronger crosslinking effect than NaClO 

exposure alone 

 The interaction between 100°C H2O and NaClO exposure results in material cracking 

 NaClO exposure during material compression, and upon continued exposure up to 504 hours, results 

in an increase of the crosslink density 

 NaOH and H3PO4 exposure during material compression, and upon continued exposure up to 504 

hours, results in a decrease of the crosslink density 

 NaOH and H3PO4 exposure results in an accelerated rate of crosslinking than NaClO in the early 

stages of exposure 

 As the surface of the EPDM diaphragms is degraded due to crosslinking, it could be foreseen that 

the tear strength of the diaphragms will also be reduced, a contributory factor in relation to material 

cracking 

 Considering a broader view, an understanding of these effects offers a potential for condition based 

monitoring to be developed for this application 

6.2.3 Consideration of human factors contributing to component degradation 

The third objective of the work was the definition of a methodological framework to integrate human 

and organisational factors as quantitative metrics within parametric degradation models. It was suspected 

that installation issues are a contributory factor in the early failure of valve diaphragms. This has never 

empirically investigated or confirmed in the published literature. If significant, it is necessary to capture 

this information in order to develop accurate component level data-driven degradation models.  

A novel framework was developed and deployed for both the elicitation and inclusion of quantitative 

and qualitative HOFs as modelling covariates. This unique approach allows a component to have its 

own individual instantaneous hazard rate derived from its own specific maintenance induced HOF 

metric. From the evidence gathered through the use of this new framework, another novel test was 

conducted to test the hypothesis that incorrect valve torqueing has a degradative effect on the EPDM 

diaphragms. The use of a significant derived HOF metric in a prognostic model was demonstrated via a 

Weibull proportional hazards model. 

Based on the findings of the developed framework and the subsequent torque testing regime it can 

be concluded that: 

 

 Valve access difficulty has an impact on maintenance technicians’ ability to perform valve torqueing 

effectively 

 Incorrect torqueing negatively affects the degradation rate of the components 
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 Incorrect torqueing increases the risk of component cracking 

 The developed framework successfully formalises the transformation of qualitative PSFs into 

quantitative metrics which can be tested for significance in relation to component failure 

 Maintenance technicians were not following standard operating procedures in relation to torqueing 

guidelines. Valves in accessible locations were also being torqued incorrectly 

 The non-adherence to SOP’s was highlighted through the deployment of the developed framework 

 It is justified in the developed framework to recommend that procedural issues are specifically 

investigated when developing predictive models of human performance, as full compliance with 

training and procedures cannot always be assumed 

 Maintenance technicians were provided with additional support and re-training as a result of the 

investigations undertaken 

6.3 Recommendations for future work 

There are several areas where this work could be expanded and developed further. For example: 

 

1. Prognostic degradation models utilising the elucidated significant variables could be developed. In 

the first instance a virtual sensor approach could be taken, and the significant variables identified 

in this work monitored in real time. From this real time monitoring a constantly updating remaining 

useful life estimation for every individual component could be implemented. Given the scarcity of 

data used to develop the models, it would be beneficial if these models could be updated when new 

data becomes available which could be fed into the model to improve predictions. These models 

could also consider possible dependencies between the transition times amongst failure states. As 

part of this effort other methods for determination of covariate significance should be investigated. 

For example, future work could focus on the development of a full Bayesian stochastic variable 

selection, allowing a computationally efficient selection of the most influent covariates, extendable 

to cases where a large number of them are available. 

2. A full factorial design of experiments could be conducted, using a much larger sample size, studying 

the effects that the chemical exposure conditions have on EPDM degradation. This would constitute 

a much more substantial body of work than was feasible in this investigation. While this work 

characterises for the first time the physics of the degradation process and clarifies that the chemicals 

under investigation do in fact impact material degradation, one of its limitations was the sample 

size. This did not allow for a more robust statistical determination or ranking of the exposure types 

in terms of their effects on material degradation. In particular, the effects of material compression 

during chemical exposure could be expanded to include a full investigation of the environmental 

stress cracking resistance of EPDM. 

3. In addition to virtual sensorisation, condition monitoring techniques for EPDM valve diaphragms 

can be explored, the output of which could be used in isolation or could be fed into a prognostic 

model. Given the strict regulatory requirements of the biopharmaceutical industry, an optimal 

solution would be sensorisation of the non-product contact portion of the valve hardware. This way 

there would be no additional sensorisation in the process stream, and many quality control regulation 

conflicts would be avoided. However, sensor stability, and of course cost-benefit analysis, will 

ultimately determine if such a solution would be effective in the biopharmaceutical industry. 

4. In relation to human factors analysis, further research in this area could greatly improve the 

provision of parametric predictive models. A limitation of this study was the small sample size of 

technicians used in gathering the data for the model. This was a result of practical considerations 

and the novelty of the research. Future research should make use of a larger sample size where 
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possible to capture a wider cross-section of technician abilities and views to achieve a more reliable 

input to the model. Other methods for collecting the required data from technicians, such as the 

Delphi technique, could also be explored. If all appropriate PSFs can be quantitatively accounted 

for within otherwise best practice maintenance procedures, it is the authors’ belief that the effect of 

those PSFs would be highlighted through the suboptimal lifetime of components. It is recommended 

that further research in this area could also investigate the feasibility of incorporating some of the 

existing HRA techniques in prognostic models, or could initially use a simplified approach of utilising 

maintainer feedback to generate a confidence interval for the possibility of human error having 

occurred which could then be integrated into a probabilistic weighting of early component failure.
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Appendix A – From CBM to PHM 

8.1 Condition based maintenance overview 

Many manufacturing processes suffer increasing wear with usage and age and are subject to failures 

resulting from this deterioration. For many types of equipment this deterioration can be observed with 

effective sensorisation technology, such as cumulative wear, crack growth in metal, erosion, corrosion, 

fatigue, consumption etc. [333]. Some typical sensors used to measure such variables are strain gauges, 

ultrasonic sensors, accelerometers, acoustic emissions sensors, microelectromechanical systems etc. Once 

such sensor data has been collected and unwanted noisy artefacts removed, the most significant step in 

the CBM architecture is the feature extraction of normal and/or faulty conditions. This critical step sets 

the stage for the accurate and timely diagnosis of equipment faults. The extracted feature-vector is an 

essential input into prognostic algorithms which then may be later developed [44]. The problem of 

establishing an efficient condition based maintenance strategy then lies in developing an adequate 

predictive model describing the future evolution of the system degradation while balancing profit and 

system availability. The optimisation of a condition based maintenance strategy basically amounts to 

determining the threshold level of the monitored degradation condition beyond which maintenance has 

to be performed [43]. 

A recent major shift in the CBM philosophy was observed with the introduction of expert systems 

within the CBM framework. Artificial-intelligence based systems such as case based reasoning, model 

based reasoning, and probabilistic belief networks have been used to include the attributes of system 

learning and adaptation. This significantly improved the state of the art over previous systems [37]. 

However, these maintenance systems use only quantitative information available from the sensors to 

automate the diagnosis task, and almost no use of qualitative information is made [249–251]. On the 

other hand, as discussed previously, some maintenance systems only consider qualitative information 

and ignore sensor measurements [334,335]. Little evidence can be found in the literature were both 

quantitative and qualitative information is utilised at the same time. The difficulty in building a common 

platform to process both quantitative and qualitative data has hindered the use of such a hybrid system. 

The integration of these information sources would lead to improved system availability and reliability 

by increasing interaction via information sharing and coordination for timely maintenance [37]. 

8.2 Prognostics and health management overview 

In many industrial settings today the output from PHM systems constitutes a decision support system 

used to aid decision makers, as entirely autonomous systems have not seen widespread industrial 

integration. Recent developments in measurement devices, data storage capacities, data processing, and 

computational capabilities have occurred concurrently with advancements in industrial internet 

technologies. These developments are in part encouraging high risk industries such as the military, 

nuclear, petrochemical, automotive, pharmaceutical, and aerospace to adopt PHM systems for increasing 

system availability, minimising unscheduled shutdowns, reducing maintenance costs, and increasing 

safety [336]. In these high risk industries in particular, detecting and isolating faults and subsequently 

predicting the RUL of critical components is a crucial task. If logistical support services, particularly 

maintenance activities and associated spare parts inventory management are to operate as efficiently as 

possible to achieve this goal, active contributions from multiple disciplines are required. These are 

typically cited as being from the engineering sciences, computer science, reliability engineering, 

communications, management sectors etc. Performance assessments of PHM systems currently evaluate 

the technical and economic feasibility of diagnostic and prognostic technologies, with little to no 
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consideration given to end-user requirements. Even though many successful R&D activities in the PHM 

domain are conducted by large international organisation such as General Electric, Boeing, Lockheed, 

and Honeywell, PHM still lacks widespread acceptance as a technology standard in industry [44]. 

Fault detection and diagnosis 

Within fault detection, several empirical signal reconstruction models have been explored to estimate 

the expected values of measured variables under both changing and steady state process conditions. 

Some of the most commonly researched techniques today include auto-associative kernel regression [337], 

artificial neural networks [338], evolving clustering methods [209], principle component analysis [256,339], 

independent principle component analysis for redundant sensor validation [340], support vector machines 

[341], and fuzzy similarity [342]. For robust determination of anomaly detection certainty several 

methods can be found in the literature. For example, in threshold-based methods, very common in 

industrial CBM schemes, the process of an anomaly is concluded when the residual measured values 

exceed a predefined threshold [343,344]. Another example is using statistical methods such as the 

sequential probability ratio test in which anomaly detection is concluded if the probability distribution 

function of the measured residual differs from the probability distribution function calculated during 

normal conditions [338]. However, these methods have some practical difficulties in industrial 

applications such as the setting of the threshold value in threshold-based methods and certain parameters 

within statistical methods. The industrial integration difficulty is exacerbated when no information about 

the confidence of the fault detection outcome is provided, potentially leading to distrust in the system 

state predictions. 

System diagnostics lead to increased overall equipment effectiveness in a number of ways. This is 

because when an alarm is triggered due to an identified system event, a decision must be taken to [18]: 

 

1. Ignore the alarm 

o This increases the chances for potential accidents and catastrophic equipment failure in the 

case of a true alarm event. 

2. Stop the equipment 

o This will lead to additional utilised manpower resources, lost production time, and extra 

costs in the case of a false alarm. 

3. Further manual investigations without stopping the system 

o In the case of false alarms, this again leads to extra costs and manpower.  

 

Advanced event diagnosis, subsequent to some data processing or information handling step, is 

integral within the scope of system and sensor control. The goal is to handle and analyse data or signals 

collected via data acquisition modules for better understanding and interpretation of the information 

contained within that data. Two facets of diagnostics are event isolation and identification. Event 

isolation locates the anomaly source, and event identification determines the nature of the anomaly when 

it is detected. As such it is considered posterior event analysis [7]. An automated event diagnosis system 

is therefore used after an event detection module concludes that there are sufficient abnormal conditions 

in a system at a time t, in order to identify the root cause(s) of the occurred abnormality, on the basis 

of the observed signals which are representative of the system behaviour. This can be considered as a 

classification problem in which specific classes of event are associated to specific values of observed 

measured variables, where the classification schemes are either supervised or unsupervised [256,345,346]. 

Signals detected by sensors are subjected to analogue and digital signal conditioning and processing with 

the aim of generating functional signal features which can be correlated with system state and / or 

process conditions. Sensor signal features are then fed to and evaluated by cognitive decision making 

support systems for diagnosis [45]. 
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As part of an integrated process control event determination framework, diagnostic system elements 

use signals from process sensors, such as resistance temperature detectors, thermocouples, differential 

pressure transmitters, flow transmitters etc., to both help verify the performance of the sensors and 

process-to-sensor interfaces, and to identify problems in the process. When signals from test sensors 

whose parameters can be measured and correlated directly with equipment condition are included, the 

diagnostic capabilities of the system can increase exponentially [347]. The design of a diagnostic system 

requires careful attention to the following issues: definition of pattern classes, sensing environment, 

pattern representation, feature extraction and selection, cluster analysis, classifier design and learning, 

selection of training and test samples, and performance evaluation [256]. A critical part of developing 

and implementing effective diagnostic routines and technologies is based on the ability to detect events 

early enough in order to do something useful with the information. Fault isolation and diagnosis uses 

the detection event(s) as the start of the process for classifying the fault within the system being 

monitored. Specific requirements in terms of confidence bounds must be identified and defined for robust 

diagnosis of all event modes. As a minimum, the following probabilities should be used to specify event 

detection and diagnosis accuracy [44]: 

 

 The probability of anomaly detection, including false alarm-rate and real fault probability 

statistics 

 The probability of specific fault diagnosis classifications using specific confidence bounds and 

severity predictions 

 

The literature on diagnostics is both vast and diverse primarily due to the wide variety of systems, 

components and parts under consideration. Hundreds of papers in this area, including theories and 

practical applications, appear every year in academic journals, conference proceedings and technical 

reports [7]. Vast repositories of diagnostics research, over 1.2 million written articles in the Scopus 

database, appear in fields as diverse as medicine, engineering, neuroscience, astronomy, molecular 

biology, psychology, computer science, chemical engineering, the arts, humanities, and economics. 

However, in spite of almost 50 years of research and development in this field, the general problem of 

recognizing complex patterns with arbitrary orientation, location, and scale remains unsolved. New and 

emerging applications such as enhanced data management schemes require ever more robust and efficient 

diagnostic techniques to identify, isolate, and classify complex process states as they occur in real time. 

Watanabe [348] opines that “pattern recognition is a fast-moving and proliferating discipline. It is not 

easy to form a well-balanced and well-informed summary view of the newest developments in this field. 

It is still harder to have a vision of its future progress”. 

Fault prognosis 

ISO13381-1 [349] presents a full definition of remaining useful life estimation within fault prognosis 

methodologies. It defines prognostics as ‘an estimation of time to failure and risk for one or more existing 

and future failure modes’. Specifically, the standard suggests that prognostics requires consideration of: 

 

 existing failure modes and deterioration rates 

 initiation criteria for future failure modes 

 interrelationship between failure modes and their deterioration rates 

 sensitivity of monitoring and analysis techniques to deterioration rates of failure modes 

 the effect of maintenance on failure degradations 

 the conditions and assumptions underlying the prognoses 
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Zio [18] and Sikorska et al [40] defined the distinction to be made among first-principle model-based, 

reliability model-based and process sensor data-driven prognostic approaches, referred to as white box, 

black box and grey box models, respectively. First-principle approaches are mathematical models derived 

from first principles to describe the degradation process leading to failure. While the most accurate 

prognostics approach, it is often not a realistic developmental option in complex industrial environments 

given multiple, complicated, stochastic processes of degradation. Reliability model-based approaches 

estimate the RUL of equipment under industrial usage conditions. The parameters of the reliability 

models can be estimated on the basis of historical data related to the equipment failure behaviour, i.e., 

time to failure data is used to tune the parameters of the failure time distribution. The most common 

method of which is by Weibull analysis. It is also possible to include the effects of environmental stressors 

under which the equipment operates to estimate the RUL of equipment under given usage conditions. 

This can be done for example via proportional hazard models. Unfortunately, in practice the availability 

of sufficiently representative data is rare, especially for very reliable equipment and for new equipment 

for which feedback data is scarce or non-existent. Knowledge based approaches assess the similarity 

between an observed situation and a databank of previously defined failures, and deduce the life 

expectancy from previous events. Sub-categories include expert systems and fuzzy systems. Finally, there 

are approaches which do not use any explicit model and rely exclusively on process data measured by 

sensors related to the degradation and failure states of the equipment. Empirical techniques like artificial 

neural networks, support vector machines, local Gaussian regression, and pattern similarity are typical 

examples. The advantage of these methods lies in the direct use of the measured process data for 

equipment failure [18,40]. 

8.2.1 PHM as a decision support system 

Sandborn [29] states that methods used to obtain and store large amounts of information has largely 

been perfected, and as a result, a sort of information overload is prevalent, where it is not uncommon 

that a lot more information exists than organisations know how to use. Sandborn opines that the key 

now is to develop methods to make decisions based on that information. The goal of applied PHM 

technology is to provide decision support. Therefore, the final form of the output from a PHM system, 

driven by the context of the user, is actionable information that supports improved decision making, as 

decision support systems are designed only to support the intelligence, design, or choice phases of human 

decision makers [17,350]. A comprehensive study was conducted by Ketteler [45] on the requirements for 

equipment monitoring and decision support systems in the machining/manufacturing domain regarding 

their reliability, flexibility, and user friendliness, using the input of industries from Japan, the USA, 

Canada, and Europe. Data from machine builders, end-users, and monitoring system suppliers was 

collected and analysed. The main conclusions are applicable across multiple industries, dealing with the 

theme of industrial integration, and lack thereof, of online decision support capabilities aiding maximum 

throughput. Ketteler concludes that less than 38% of end-users were at the time satisfied with available 

monitoring systems, the main reasons for this being the lack of system reliability, too many false alarms, 

and the complicated nature of the monitoring systems. Reliability was defined as high detection rates 

with low false alarms. The most important expectations for end-users when using decision support 

systems were less downtime of the production equipment, less scrap production, higher productivity, 

easier decision support system operability, and less false alarms. Given the need for greater operability, 

decision support systems and associated technologies need to move out of the realm of esoterica, enabling 

full practical implementation within organisations. Many analytics technologies still focus on the 

technical aspects with insufficient regard for the monitoring of model performance and the sharing of 

information in a collaborative environment. Although this is one of the less glamorous aspects of 

predictive technologies, in many ways it is one of the most important, as without the establishment of 
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the industrial context or the confidence levels in predictive models the technology will always be 

underexploited and untrusted [352]. 

8.2.2 Future challenges and state-of-the-art in PHM: 

Integrated process control technologies must meet the challenge facing industry in the first half of 

the 21st century. This challenge, commonly labelled ‘Industry 4.0’ [353], is what has been termed as the 

fourth industrial revolution, where future industrial process production will be characterised by industrial 

internet driven smart factories centred around adaptability and resource efficiency designed to minimise 

operational and maintenance costs through increased operational equipment effectiveness. In 2010 Teti 

et al [45] identified and proposed a roadmap of recommended research to solve the needs and provide 

the key enabling technologies for intelligent sensor technology by 2017. Among these are: 

 

 New sensors and sensor systems 

 Transformation of stand-alone sensors used primarily in open and closed loop control to sensors 

that are a part of an intelligent system for process system diagnosis and characterisation 

 Advanced sensor signal and data processing 

 Innovative signal and data processing techniques, assisted by cognitive tools and methods 

 Intelligent sensor monitoring 

 Intelligent sensor monitoring systems including, as part of their packaging, abilities for self-

calibration and self-diagnostics, signal conditioning, and decision making 

 

ProcessIT Europe [290], an innovation centre focusing on manufacturing automation solutions for EU 

process industries, outline the elements expected to be key in the expansion of large-scale integrated 

process control technologies and sensor systems required to drive Industry 4.0. Among these are 

improvements in automation system functionality to enable the integration of traditionally separated 

sensors and systems, along with greater internet compatibility and open standards, such as those 

developed under recent EU funded projects SIRENA, SODA, SOCRADES, and AESOP [354–357]. 

Machine to machine communications using Internet of Things principles will form the Cyber-Physical 

Systems predicted to enable the new adaptive control archetypes used to improve plant operations. Part 

of the description of the ‘ideal concept’ for tomorrow’s process industries includes the use of soft-sensors 

using model-based state-of-the-art estimation techniques. New inline sensors will enable new 

measurement possibilities and directly support improved process monitoring and control, as 

measurements from previously inaccessible highly uncertain production processes become available in 

real time. These advancements are critically needed to continually improve the possibilities for efficient 

plant operations through the visualisation, virtualisation, and simulations of a plant and its automation 

systems [290]. General Electric outlined their own similar initiative titled ‘The Industrial Internet’ [206]. 

Central to this initiative is an integration of three fundamental elements which embody the essence of 

the Industrial Internet, ‘Intelligent Machines’, ‘Advanced Analytics’, and ‘People at Work’. To meet this 

challenge Evans and Annunziata [206] stress the need to deploy advanced sensors, instrumentation, and 

interface systems. The authors argue in particular that human-machine interaction will be a critical step 

in blending the hardware and software components required to support the minimal input and undesired 

output of future industrial automation systems. Lee and Lapira [358] opine that adoption of the internet 

of things ideology within Industry 4.0 presents a unique opportunity for organisations to create tools 

and technologies that can identify and quantify organisational uncertainties. This would allow an 

organisation to determine an objective estimation of the assets and processes and the resultant 

manufacturing readiness of the organisation. The authors argue that interactive PHM systems are the 
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next phase in the evolution of modern industries, providing insights which give decision makers the 

opportunity to proactively implement solutions to prevent production losses. 

Some of the key state-of-the-art challenges which must be met by system and sensor diagnostic 

technologies include adaptive control for complex process applications. Adaptive control principles apply 

particularly to systems with inherent high uncertainty which are highly sensitive and require a paradigm 

shift in terms of sensor driven data control, and therefore require solutions that are more advanced than 

the simple process control loops currently in use. Adaptive control essentially refers to the ability of a 

system to carry out regular quality and safety checking via the use of the novel sensing technologies and 

methodologies proposed, to detect an anomaly, and to make immediate changes to system inputs when 

needed to avoid potential catastrophic loss. For example, a test signal can be ‘injected’ into a system or 

sensor suite to measure the response and thereby diagnose performance [347]. A self-maintaining 

machine/process can monitor and diagnose itself, and if any kinds of failure or degradation are detected, 

it can still continue with its critical functions for a period of time until maintenance or other pertinent 

actions become feasible. Intelligent diagnostic schemes will act as a key enabler of the adaptive control 

technologies of the future. It is envisaged that adaptive control capabilities will be achieved by either 

the addition of intelligence to existing legacy process systems, or building the required intelligence into 

future systems. The ability to append an additional embedded reasoning system to legacy equipment 

will form part of the technological advancements required to meet the challenges of the ‘Fourth Industrial 

Revolution’ [222,353]. 

Cyber-physical systems typically consist of a large number of interacting physical and information 

components which may be interconnected so as to form large heterogeneous cyber-physical networks. 

Cyber-physical systems and networks will be ubiquitous and form a critical component of modern and 

future information infrastructure. Data generated in cyber-physical systems are dynamic, volatile, noisy, 

inconsistent, and interdependent, containing rich spatiotemporal information, and they are critically 

important for real-time decision making. In comparison with typical spatiotemporal data mining, mining 

cyber-physical data for process control and diagnostic purposes requires linking the current process state 

with a large information base, performing real-time calculations, and returning prompt responses. 

Research in the area includes rare-event detection and anomaly analysis, reliability and trustworthiness 

in data analysis, effective spatiotemporal data analysis, and the integration of stream data mining with 

real-time automated control processes [359]. Two of the key concepts defining the future of EU process 

industries are ubiquitous self-diagnostics to avoid the use of low quality data, and technologies which 

avoid overly large big data streams[290]. Automated event diagnosis systems are essential to enable 

further investigations while avoiding system shutdown [18]. 

Modern technological advances have resulted in a myriad of complex systems, processes and products 

whose increasingly complicated processes, systems and products pose considerable challenges in their 

analysis and control for successful operation and use over their lifecycles. Modern process interactions 

thrive in complex systems where the combined effects of uncertainty and operational adversity are not 

properly addressed either in design or in operation. Given the size, scope and complexity of the systems 

and interactions, it is becoming increasingly difficult for plant personnel to anticipate, diagnose and 

control fault events in a timely manner. There exist therefore considerable incentives, but also challenges, 

in developing appropriate prognostic and diagnostic methodologies for monitoring, analysing, 

interpreting and controlling fault events in the process industries [360]. 
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Appendix B – Biopharmaceutical operations 

 

9.1 Introduction 

Biopharmaceutical products are clinical reagents, vaccines, and drugs produced using modern 

biotechnology methods for in vivo diagnostic, preventive, and therapeutic uses. Essentially, biologics are 

medicines in which the clinically active ingredient is made in or isolated from a living system [20,21]. 

 

 
Figure 9.1: Typical biologic drug processing stream 

 

Biologics therefore are pharmaceuticals derived from living organisms or cells and biological 

processes, rather than chemical synthesis, historically the most common means for drug production [361]. 

Most clinically useful biological products are extracted from living systems and then purified for human 

use, consisting of large and complex protein molecules produced using recombinant DNA, hybridoma, 

or other modern biopharmaceutical technologies [20,362]. All extracts from living systems, including 

certain vaccines and gene therapy drugs, may be considered biologic drugs [20,363–365]. Biological drug 

molecules and derived proteins are much larger than chemically-synthesised drugs, and this large 
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molecular size is associated with a more complex structure, as illustrated in figure 9.2. This makes 

biologics less stable than their chemically-synthesised small-molecule counterparts. As such large proteins 

are susceptible to structural damage due to heat, temperature, prolonged storage, denaturants, organic 

solvents, oxygen, pH changes, and other factors such as excess shaking that can affect their relative 

biological activity [366]. To avoid this type of damage, extreme diligence must be exercised throughout 

the entire manufacturing process and the final product must be carefully shipped, stored, and handled 

when it leaves the manufacturing site [366]. Supply-chain issues are critical for biologic drugs since 

appropriate conditions also need to be maintained during transport and storage [367]. The final product 

must be periodically monitored to detect potential structural damage [366]. 

 

 

 
Figure 9.2: Comparison between small molecule drug ‘Aspirin’ and a typical large molecule monoclonal 

antibody biologic drug. Adapted from [368] 

 

The relative complexity of the manufacturing process is another area of difference between 

conventional small molecule pharmaceuticals and biologic products. While manufacturing of small 

molecule drugs requires a high level of sophistication and quality control, it is less complex and exacting 

than the production of biologics [361]. One important difference is that it is easier to maintain sterility 

within a chemical manufacturing process where the conditions are generally unfavourable to biological 

growth and the product can be subjected to sterilisation technologies. Manufacturing of biologics on the 

other hand is a complex and demanding process [21]. Strict adherence to well-defined manufacturing 

conditions is necessary to guarantee batch uniformity and reproducibility. The biological manufacturing 

process is, by definition, an environment that is favourable to biologic growth. Elimination of potential 

contaminants requires sophisticated technologies since the fragile protein products cannot be subjected 

to the kinds of sterilisation techniques that can be employed for non-biologic products [363]. 
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The first approved recombinant protein, insulin, was produced in the early 1980s [369]. Since then 

the biopharmaceutical industry has evolved significantly, and up to 2012, there were a total of 494 new 

FDA biopharmaceutical medicine approvals, as shown in figure 9.3 [370].  

 

 
 

Figure 9.3:  FDA new biopharmaceutical approvals, 1982–2012. Adapted from [370] 

 

Analysis of products approved from 2006 to 2010 show that medicines based on mammalian cells, in 

particular Chinese hamster ovaries, and Escherichia coli (E. Coli) remain the workhorses of 

biopharmaceutical production. Of the 58 products approved in those years, 32 are produced in 

mammalian cell lines, whereas 17 are produced using E. Coli [371]. 

 

Table 9.1: Examples of biopharmaceuticals produced via E. coli [372] 

Biopharmaceutical products Therapeutic indication 
Year of 
approval 

Humulin (rh insulin) Diabetes 1982 

IntronA (interferon α2b) Cancer, hepatitis, genital warts 1986 

Roferon (interferon α2a) Leukemia 1986 
Humatrope (somatropin rh 

growth hormone) 
Childhood hGH deficiency 1987 

Betaferon (interferon β-1b) Multiple sclerosis 1993 
Rapilysin (reteplase) Acute myocardial infraction 1996 

Ontak (denileukin diftitox) Cutaneous T-cell lymphoma 1999 
Kineret (anakinra) Rheumatoid arthritis 2001 

Natrecor (nesiritide) Congestive heart failure 2001 
Somavert (pegvisomant) Acromegaly 2003 

Preotact (human 
parathyroid hormone) 

Osteoporosis 2006 
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Table 9.2: : Examples of biopharmaceuticals produced in Mammalian cell lines [373] 

Biopharmaceutical products Therapeutic indication 
Year of 
approval 

EPOs Anemia 1989 
Cerezyme Gaucher Disease 1994 

Clotting Factors Hemophilia episodes 1997 
Enbrel Rheumatoid arthritis 1998 

Herceptin Breast cancer 1998 
Synagis Respiratory syncytial virus infection 1998 
Avastin Cancer 2004 

Stelama (Ustekinumab) Plaque Psoriasis 2009 
Arzerra (Ofatumumab) Chronic Lymphocytic Leukemia 2009 

Prolia (Denosumab) Osteoporosis 2010 

Belatacept (CTL4-Ig Fusion) 
Prevention of acute rejection in adult kidney 

transplant patients 2011 

Yervoy (Ipilimumab) Metastatic melanoma 2011 
 

 
Figure 9.4: Most common therapeutic indications of biologic drugs 1982-2009. Adapted from [371] 

 

In terms of revenues generated, biopharmaceuticals remain a sizeable but distinct subset of 

pharmaceutical operations worldwide, today accounting for approximately 30% of the entire 

pharmaceutical industry. In 2014 global pharmaceutical revenues were approximately $1057 billion with 

a projected growth of between 5% and 8% per annum until 2019, while biopharmaceutical revenues using 

a broad biotechnology definition accounted globally for approximately $305 billion [374–376]. Between 

2008 and 2014 the biopharmaceutical industry grew at twice the rate of the conventional pharmaceutical 

industry. In 2008 biotechnology accounted for 15% of  the pharmaceutical industry with revenues of 

approximately $100 billion, compared with $650 billion for all pharmaceuticals [19,375]. 
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The current and projected industry growth rates of pharmaceuticals and biopharmaceuticals is 

illustrated in figure 9.5. 

 

 

 
Figure 9.5: Revenue market share breakdown between pharmaceuticals and biopharmaceuticals: 2008 to 

2020 

 

Although some of this revenue is offset by marketing and R&D costs, profit margins remain high for 

the industry as a whole, with pharmaceuticals having the largest profit margins of the five main industrial 

sectors, including banking, automotive, petrochemical, and media [377].  

 

Table 9.3: World's ten largest pharmaceutical firms - revenue and profit margins 2013 [377] 

Company 
Total 

Revenue 
($bn) 

R&D 
Spend 
($bn) 

Sales and 
marketing spend 

($bn) 
Profit ($bn) 

Profit 
margin 

(%) 
Johnson & Johnson (US) 71.3 8.2 17.5 13.8 19 

Novartis (Swiss) 58.8 9.9 14.6 9.2 16 
Pfizer (US) 51.6 6.6 11.4 22.0 43 

Hoffmann-La Roche 
(Swiss) 

50.3 9.3 9.0 12.0 24 

Sanofi (France) 44.4 6.3 9.1 8.5 11 
Merck (US) 44.0 7.5 9.5 4.4 10 
GSK (UK) 41.4 5.3 9.9 8.5 21 

Astra Zeneca (UK) 25.7 4.3 7.3 2.6 10 
Eli Lilly (US) 23.1 5.5 5.7 4.7 20 
AbbVie (US) 18.8 2.9 4.3 4.1 22 
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One of the most drastic changes in the biopharmaceutical landscape in recent years is the rise of 

biosimilars, a drug product that is highly similar to a licensed biological product, and for which there 

are no clinically meaningful differences between the original biological product and the biosimiliar in 

terms of the safety, purity, and potency of the product [371,378]. The rise of biosimilars can be seen as 

a direct consequence of the growing risk of drastic revenue reductions due to a phenomenon known as 

the patent cliff [377]. The patent cliff refers to an abrupt drop in sales of a product following the loss of 

exclusive manufacturing rights as medicines come to the end of their patent life, with sales often falling 

by as much as 85% [379]. There are three distinct phases to the life cycle of a new medicine: 

 

1. R&D phase up to market launch 

2. the period between launch and loss of exclusivity (i.e. the patent cliff) 

3. the period following the loss of exclusivity, when generic companies can enter the market offering 

biosimiliars 

 

During the first phase, companies identify potential new medicines and take them through intensive 

pre-clinical and clinical trials. During the second phase, companies market the developed medicines in 

order to recover the upfront investments with a view to making a profit. Following loss of exclusivity, 

generic medicines can enter the market. Typically, ten or more biosimilars can be expected to enter the 

market as soon as patents and market exclusivities expire [370]. The onset of the patent cliff is significant 

as it is a driver for companies to drastically reduce their manufacturing costs and overheads. For 

example, in Ireland between 2008 and 2013 an estimate from the Irish Pharmaceutical Healthcare 

Association put the level of job losses as high as 20% of the total workforce employed in the 

pharmaceutical sector as a direct impact of the patent cliff [379]. Upgrading complex biopharmaceutical 

processing operations to counteract the effect of the patent cliff often requires significant investment of 

plant and equipment. For example Pfizer invested $300 million in the Grange Castle site between 2011 

and 2013 in order to expand an existing manufacturing suite and build a new multi-product processing 

area, as a result of biologic drugs coming off patent [380]. 

 

Minimising financial losses post patent loss creates a strong driver for flexibility in the 

biopharmaceutical manufacturing strategies employed today. New and innovative manufacturing 

approaches are required to meet increased output demands, lower operating costs, high turn-over 

portfolio rates, and ever stricter quality demands. A key part of this is adaptability in the maintenance 

of key equipment, in order to maximise equipment reliability and availability. As staffing levels are 

reduced and equipment and processes become more complex, intelligent maintenance schemes enabled 

by TES and PHM must replace obsolete and labour intensive preventive maintenance systems to ensure 

equipment up-time is maximised. The increased demand on machinery in the sector places a growing 

importance on keeping all the equipment operational to ensure output-critical usage [44]. As part of that 

effort, this work aims to address the need for increasing maintenance adaptability and reliability of 

critical valve components. 
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9.2 Biopharmaceutical process operations 

 

Biopharmaceutical processes can be divided into two distinct phases: fermentation, known as 

upstream processing, and product recovery, known as downstream processing. Upstream processing 

involves the preparation of media and the growth of bacterial or mammalian organisms, typically E. 

Coli or Chinese hamster ovaries, followed by the separation of the cell mass from the bioreactor growth 

media [381,382]. Downstream processing involves product recovery and final purification of the product, 

with the product being the cells, or extracellular products in solution, or components remaining in the 

cells [381]. The upstream and downstream processes are shown in figure 9.6. 

 

 

 
Figure 9.6: Typical biopharmaceutical batch manufacturing process 
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9.2.1 Upstream processing 

Upstream bioprocessing focuses on cell growth in order to achieve appropriate quantities of biomass, 

a growth catalyst, and to achieve target product concentrations. Important considerations are the growth 

rate of the organisms, culture stability, and organism quantity. In essence, upstream processing is a scale 

up process from shaker flasks containing only a few millilitres of the active product, to large seed 

bioreactors ranging in size from 1,000 – 25,000 litres [381,382]. The structure and layout of a typical 

bioreactor is shown below in figure 9.7. Safeguarding the correct operation of the highlighted services 

are hundreds of ancillary components, particularly valves, both automated and manual, controlling flow 

directionality and ensuring that the correct ingredients are applied at the correct time. The failure of 

any component within the ancillary equipment portfolio therefore can have major impacts on production. 

 

 
Figure 9.7: Basic bioreactor layout and associated inputs and outputs 
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To demonstrate the complexity of a full bioreactor system, a mock-up of a typical bioreactor piping 

and instrumentation diagram (P&ID) is shown in figure 9.8. The bioreactor is highlighted in bold. 

Several valve banks are highlighted in blue to demonstrate their numbers on a typical bioreactor.  

 

 

 
 

Figure 9.8: P&ID of a typical seed bioreactor 

A typical fermentation process begins with the cells which produce the product grown in a shake 

flask for approximately four days before they are introduced to a seed tank, where they inoculate a cell 

Valve 
Banks 
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expansion medium and propagate [383]. The cell expansion media is a highly nutritious suspension that 

provides the environment needed for the cells to survive [381]. The main nutrients needed for most media 

for living cells are glucose and glutamine [383]. Mammalian cells have a much slower growth rate than 

invasive foreign cells, therefore cleanliness and asepsis are critical for successful cell culture as viral and 

microbial contamination readily destroy cell cultures. Mammalian cells have sophisticated nutritional 

requirements for growth in culture, such as amino acids, vitamins, lipids, as well as complex 

physicochemical requirements, such as pH and osmolality [382].  

 

Table 9.4: Typical growth media ingredients in biopharmaceutical processes [381] 

Microbial Mammalian 
Glucose solution Amino acids and vitamins 

Ammonium sulphate Soy protein hydrolysate solution 
Protein hydrolysate Methotrexate 

Growth factors Trace elements, including iron and zinc 
Water Salts 

pH control Glucose 

Selective agent – typically antibiotic Potassium phosphate 
- Water 

 

 

Growth in the seed reactor lasts about three days. The media containing production bioreactor is 

then inoculated with these cells. Acid and alkali addition maintain a pH of between 6.8 and 7.4. 

Temperature is kept at 25oC. Dissolved oxygen addition and agitation are very important and both 

processes are tightly controlled. Maximum levels of product are produced within eight to ten days in the 

production bioreactor. A fed-batch mode with periodic feeding or perfusion batch mode with continual 

feeding is typically operated with glucose and fresh nutrients added throughout the fermentation process 

[383]. Biomass, viscosity and oxygen demand all increase with continued time in the bioreactor [384,385]. 

An overview of the upstream cell culture process flow is shown in Figure 9.9. 

 

 
Figure 9.9: Biopharmaceutical upstream cell culture process flow. Adapted from [386] 

 

 

 

 

 

Upstream - Cell Culture 
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Different modes of cell culture are used depending on the product type, cell stability, specific cell 

line productivity and other factors. The three main modes of cell culture, shown in figure 9.10, are [382]: 

 

 Serial batch 

o Periodic cell feeding, every 3-4 days, followed by a partial-volume harvest, and then re-

feed of the remaining cells  

 Simplest culture mode. Highly viable due to reduced product exposure, but low 

volume harvest 

 Fed-batch 

o Cells fed periodically, and the entire culture is harvested typically after 1-3 weeks 

 Commonly employed in the production of antibodies. Lower viability than serial 

batch, but higher volume harvest 

 Perfusion 

o Continually feed and harvest the media while retaining cells 

 High volumetric productivity, but presents significant facilities and process 

robustness challenges as it is a very difficult processes to control 

 

 

 
Figure 9.10: Cell density as a function of culture mode. Adapted from [382] 
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9.2.2 Downstream processing  

 

Downstream processing focuses on product purification, which involves cell removal and clarification, 

impurity removal, and final product concentration [387]. It is necessary to isolate the product from the 

fermentation broth, and so the product is recovered from the waste cell mass in order to be further 

purified before vial filling operations [381,388]. Downstream processes consist of multiple ultrafiltration 

and microfiltration steps [387]. Typical downstream process steps are described below, and shown in 

figure 9.11 [389]: 

 

1. Recovery: 

a. Non mechanical means including freezing and the use of detergents and enzymes 

b. High pressure means including centrifugation and homogenisation 

c. Mechanical grinding 

2. Separation 

a. Extraction and precipitation 

b. Filtration including microfiltration and ultra-filtration 

3. Purification 

a. Chromatography operations, e.g. size-exclusion filtration  

b. Ion exchange 

c. Hydrophobic interaction 

d. Affinity chromatography 

e. Normal and reverse high performance liquid chromatography 

4. Filling 

a. Bulk - larger quantities in the region of 5 - 100L 

b. End-product - placement of product into final container or closure system e.g. syringe 

vials for vaccines 

5. Bioanalysis 

a. The proof that the product is safe, pure and the method is efficient 

 

 
Figure 9.11: Biopharmaceutical downstream purification process flow. Adapted from [386] 
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Anti-viral filtration is conducted along with continuous contamination monitoring throughout the 

process, with strict regulatory requirements in place to test and evaluate the viral safety of the product. 

Potential sources of contamination include [387]:  

 

 Endogenous viruses that occur in the cell line, passed on between generations 

o e.g. Chinese hamster ovaries cells contain a non-infectious retrovirus like particle 

 Adventitious viruses introduced during production 

o Use of a contaminated animal derived raw material 

o Contamination during the handling of cells/ growth medium during production 

o Discontinuity of the sterile boundary resulting in loss of the hermetically sealed environment, 

e.g. valve diaphragm rupture 
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9.3 Pfizer Ireland Pharmaceuticals 

Pfizer Ireland Pharmaceuticals Grange Castle site is a €1.8 billion biotechnology facility and is one 

of the largest integrated biotechnology plants in the world. Principal manufacturing technologies include 

large-scale mammalian cell culture, protein purification, vaccines conjugation, and aseptic syringe filling. 

The site manufactures biological active ingredients for the treatment of rheumatoid arthritis, psoriasis, 

ankylosing spondylitis, and vaccines for the prevention of pneumococcal disease, particularly meningitis. 

These drugs serve most major markets and geographical areas, including the United States, Canada, the 

European Union, Central and South America, the Middle East, and Asia Pacific including Australia, 

New Zealand, Japan, China, and Korea. The site also manufactures investigational medicinal products 

for use in clinical trials. Grange Castle houses Pfizer’s biotherapeutics research organisation working on 

drug discovery and optimisation projects in collaboration with other Pfizer research and development 

sites [390]. As biopharmaceutical manufacturing operations are so highly regulated, and because the 

manufactured products are intended for direct injection into adults and infants with often compromised 

immune systems, there is a strong emphasis on high quality products and employee and environmental 

safety, all within cost effective manufacturing structures. This can only be achieved through high 

equipment availability, maximising batch yield rates, and a zero defects policy which emphasises no 

deviations, and no reworks. Defects in manufacturing would lead to significant lost output, large 

additional costs, adverse regulatory attention, and if undetected, potential patient harm. It is therefore 

imperative that strict controls are in place, from both manufacturing and maintenance perspectives. 

 

 
Figure 9.12: Pfizer manufacturing presence globally and locally 
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9.3.1 Case study facility description 

The case study investigated in this work pertains to the perfusion skids, 2,500 litre and 12,500 litre 

production bioreactors, and 20,000 litre media hold vessels within upstream processing in the Drug 

Substance Proteins manufacturing facility at the Grange Castle site, as illustrated in figure 9.13. The 

Drug Substance facility can cater for multiple products on a campaign basis, with the blockbuster drug 

Enbrel being the primary drug manufactured, an immunological agent used to treat numerous 

autoimmune diseases. Enbrel is a mammalian cell culture biologic, derived from Chinese hamster ovary 

cells. Product intermediates are considered non-toxic, non-hazardous, and do not include any allergenic 

or potent ingredients such as additive hormones. Drug Substance Proteins is the largest manufacturing 

area in the Grange Castle site. 

 

 
Figure 9.13: Organisational manufacturing structure of Pfizer Ireland Grange Castle Site 
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Case study facility upstream process description 

Upstream processing is the beginning of mammalian cell protein expression. The cells are grown in 

a range of bioreactors in the cell culture suite. The suite consists of bioreactors, media hold vessels, and 

perfusion skids, ranging in size from 100 litres to 20,000 litres. The media preparation suite consists of 

media vessels which are used to prepare media for the culture of the cells and/or induce protein 

expression in the bioreactors. Firstly, vessels in cell culture and media are either cleaned via chemical 

means using clean-in-place (CIP) methods, or steamed using steam-in-place (SIP) cycles. They are then 

pressure tested prior to use. Appropriate media is transferred from the media vessels to the bioreactors 

in cell culture, passing through sterilising filters. Inoculation of the cells takes place through a line which 

has undergone a validated SIP cycle. The vessel is kept under positive pressure by introducing filtered 

air into the reactor head space. All process parameters, such as temperature, agitation, pH and dissolved 

oxygen levels, are manipulated to optimise cell growth. CO2 and titrant are filtered into the vessel to 

control pH while O2 and air sparge are filtered to maintain correct dissolved oxygen levels. Autoclaved 

antifoam is aseptically added to control foaming in the bioreactors. Cell culture duration is approximately 

3 days, and is 0.1μm filtered prior to use. 

The culture is then transferred from a 500L bioreactor to a perfusion system which consists of a 

2,500L bioreactor, perfusion skids, and a 20,000L media hold vessel. In order to increase cell density 

fresh media is added to the bioreactor by perfusion, while at the same time waste by-products are 

removed. A microfiltration system of 0.65μm aseptically recirculates the cells while the level in the 

bioreactor is held constant via fresh media from the media hold vessel. After several days of perfusion 

the culture is transferred to 12,500L bioreactors where it continues to propagate and grow for 

approximately two weeks. A nutrient feed medium is introduced into the culture at specific intervals.  

When the production bioreactor completes after two weeks, the cell culture transferred to a harvest 

vessel where the cells are removed from the culture as it passes through a microfiltration skid. As the 

culture recirculates the filter membranes retain the cells. The cell-less culture containing the protein 

fluid, called the permeate, is filtered again as it passes into a permeate vessel, and is concentrated seven-

fold. The permeate is then further filtered down to 0.22μm in order to reduce particle load, and is 

collected in a permeate hold tank until it reaches eight-fold concentration levels. At this point it is 

filtered to 0.1μm and passed to a downstream purification vessel.  
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Clean-in-Place cycle description 

CIP cycles, defined in ISO 13408-4 [391], are designed to offer a high level of assurance that potential 

cross-product contamination from one batch cycle to the next does not occur, by assuring that product 

soils have been removed from all product contact surfaces prior to further processing. The majority of 

systems, including auxiliary components such as valves and valve elastomers, are CIP’d as part of a 

standard cleaning circuit. Other components such as some gaskets and O-rings are cleaned within loads 

in separate equipment washers. The CIP regime cycles for the bioreactors and perfusion skids in this 

case study are described in  

figure 9.14 below. The critical process steps deemed most likely to contribute to system and 

component degradation are highlighted in red. 

 

 

 
 

Figure 9.14: CIP Process flow for Bioreactors and Perfusion Skids 

 

Each target chosen for cleaning is designated by a CIP circuit number, which is composed of a 

number of CIP loops. A CIP loop is an individual section of line or vessel to be cleaned. The loops are 

cleaned and rinsed in a predetermined sequence to ensure effective cleaning. Each CIP loop in the circuit 

must complete the same CIP step before the next CIP loop or step can start for that CIP circuit. To 

supply the loops, CIP routes are used, which are paths through which fluid is supplied and returned 

between a CIP makeup unit and a CIP user. Within these routes are supply and return valve rings, 
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which are used to segregate CIP circuits ensuring against leakage and product cross-contamination. The 

flow rate selected for the loops is designed to provide turbulent flow within all process lines, full coverage 

of vessel internals when using spray balls, and flooding of the piping. The turbulent flow criteria means 

CIP lines operate at a minimum flow rate of 1.5 m/s to achieve the additional cleaning effect by turbulent 

flow. The flow tolerances used in the CIP phase ensures that turbulent flow coverage is always achieved 

prior to commencing the loop timer. All wash timers for each loop are detailed in the associated 

functional design specification (FDS), a master document detailing the process steps. Cleaning 

parameters, such as exposure time, temperature, conductivity, and flow rate, are monitored throughout 

the sequence via in-line control measurements and FDS timers and alarm limits. This ensures the 

conformity of the cleaning cycles to the FDS requirements. The cleaning agents employed during CIP 

were developed to provide optimal conditions for protein degradation and removal. CIP supply flow path 

cleans through all process contact valve diaphragms, with the cleaning cycle designed such that process 

soils are readily removed from equipment surfaces of different materials of construction. The chemicals 

used in the CIP streams are described in table 9.5. 

 

Table 9.5: CIP chemical used in case study vessels 

System Chemical Concentration Temperature 
Flow 
Rate 

Bioreactors/Media Hold 
Vessels 

Sodium hydroxide 
(NaOH) 20,000 ppm 65°C >1.5 m/s 

Perfusion skids 
Sodium hypochlorite 

(NaClO) 600 ppm 45°C >1.5 m/s 

Phosphoric acid (H3PO4) 10,000 ppm 23°C >1.5 m/s 
 

 

The main advantage of CIP processes is that they allow parts of equipment or an entire process 

system to be cleaned without being dismantled, reducing the need for disassembling connections under 

clean conditions. For example, tanks, vessels, freeze-dryers, piping and other processing equipment used 

for manufacture may be cleaned in place. CIP processes are followed by a SIP process, as described in 

ISO 13408-5 [392]. 
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Steam-in-Place cycle description 

SIP cycles following CIP cycles are the final system sterilisation step before production takes place 

[392]. The most important issue to consider in establishing SIP technology is the design of the system 

to ensure that it is able to successfully sterilise manufacturing equipment to the desired level of sterility 

assurance. SIP processes follow the basic cycle described in figure 9.15 [393]: 

 

 
 

Figure 9.15: SIP process flow for bioreactors and perfusion skids 

 

The initial air purge is critical to the efficacy of steam sterilisation, as any air left in the system 

introduces a poorly controllable heat transfer resistance, directly affecting sterilisation kinetics. For 

example, in comparison to the pipe volume, a 1°C temperature drop can be predicted from just 0.1% 

residual air [393]. Air is purged by displacing it with steam as drain vents are left open, which are 

equipped with steam traps. The critical requirements associated with SIP include proper steam 

distribution, non-condensable gases removal, and continuous condensate elimination [394]. Critical 

process parameters for steam sterilisation are time, temperature, and steam pressure. The saturated 

steam parameters for the SIP cycles for the bioreactors and perfusion skids investigated in this case 

study are given in table 9.6 below. 

 

Table 9.6: Bioreactor and perfusion skid SIP process parameters 

Temperature (°C) Pressure (barG) 

>121.1 >1.04 
 

In order to validate the efficacy of the SIP cycle, those locations within the system deemed most 

difficult to sterilise are established. It is then demonstrated that at these locations sterilisation is effective 

to the predetermined acceptable level of biological indicators [394]. To aid biological sterilisation, high 

flow rates are again used to generate turbulence. During the heat up phase, the system pressure is 

increased up to the steam supply pressure by closing all vents and drains. Once the system has been 

brought to the appropriate pressure, slightly greater than 1.04 barG, the pressure is held for a minimum 

amount of time to ensure there is no leakage in the system. This pressure hold test will determine a leak 

by triggering an alarm if the pressure drops below the predetermined limit over several minutes. Once 

pressure has been established, saturated steam is introduced and held in the system for a predetermined 

amount of time calculated to ensure a specific level of bioburden will be eradicated during that time. 

For this reason, the minimum saturated steam temperature of 121.1°C is often referred to as the kill 

temperature. Once the system has been above 121.1°C for the appropriate amount of time, the system 

pressure is reduced by the gradual introduction of sterile air. Steam temperature is maintained at a 

minimal amount greater than 121.1°C. While higher temperatures may increase the rate of biological 
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eradication, it also increases demands on all process systems, including SIP supply and user systems and 

ancillary equipment. The complete process flow map from batch production, to CIP cleaning, to SIP 

sterilisation, is shown in figure 9.16 below. The average CIP and SIP durations per batch for the vessels 

in this case study over a 24-month period are shown below in table 9.7. 

 

 
 

Figure 9.16: Full batch production process flow 

 

Table 9.7: 24-month SIP and CIP durations per batch 2013 - 2015 

System 

SIP Sterilisation Period per Batch 
(Hrs:Min) 

CIP Cleaning Period per Batch 
(Hrs:Min) 

24 Month 
Average 

24 Month 
Maximum 

24 Month 
Minimum 

24 Month 
Average 

24 Month 
Maximum 

24 Month 
Minimum 

2,500L 
Bioreactors 5:52 9:49 2:23 6:48 10:34 5:56 

12,500L 
bioreactors 7:06 11:03 3:54 6:17 11:31 5:32 

20,000 
Media Hold 

Vessels 
9:15 17:29 7:20 4:27 11:40 2:12 

Perfusion 
Skids 11:37 18:16 5:25 7:41 14:32 3:18 
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9.3.2 Diaphragm failure impact 

Elastomer failures pose a major risk in the biopharmaceutical industry as a whole. Next to 

calibrations, valve diaphragm maintenance is the most cost intensive part of maintenance in 

biopharmaceutical operations. A survey of BioPhorum member companies in 2012 demonstrated that 

for a typical biotech plant, soft parts [30]: 

 

 maintenance programs account for over 50% of all planned maintenance activities 

 drive 20% of all equipment related deviations 

 account for approximately 10% of all corrective maintenance actions 

 present the number one contamination risk 

 

If a diaphragm cracks in service, before batch production can begin again, the cause of the crack 

must be investigated and concluded. Depending on the source and the age of the crack, this can result 

in long periods of production downtime. To compound this effect, all completed production batches in 

storage, produced since the last diaphragm maintenance procedure, will not be cleared for release until 

it can be guaranteed that they too were not affected by the diaphragm failure. To elucidate the financial 

risk of seal integrity loss, a single batch of Enbrel, the biologic in scope of this work, produces 

approximately 4kg of active drug substance and costs between $3-4 million to manufacture. This risk is 

recognised industry wide. Jones [30] quotes Divakar Amin, then engineering manager of final product 

manufacturing at Bayer HealthCare; “two recent incidents involving valve failure during the fill-finish 

process caused leakage into a final processing operation. The cost of the lost batch each time was 

measured in millions of dollars”. To illustrate this point, figure 9.17 details the breakdown in costs 

sitewide in the Grange Castle facility during 2013. As shown, the Drug Substance facility accounts for 

50% of the total spare parts consumed on an annual basis. Of that 50%, 46% relates to ‘soft’ parts, 50% 

relates to ‘hard’ parts, and 4% is counted as miscellaneous. The 46% soft parts figure breaks down 

primarily into O-rings, seals, gaskets, and valve diaphragms. Valve diaphragms, both EPDM and PTFE 

types, account for 50% of the total soft parts budget, with a share of 25% each. This equates to valve 

diaphragms accounting for 11.5% of the total spare parts budget for the site, by far the largest single 

contributor to the overall site costs.  
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Figure 9.17: Pfizer Grange Castle spare parts costs breakdown 2013 
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Some of the common difficulties associated with seals usage encountered in the biopharmaceutical 

industry includes [29]: 

 

 loss of pressure and hermetic boundary inside process vessels due to seal failure 

 loss of cleaning and sterilisation effectiveness due to excessive elastomer surface roughness 

 excessive adhesion to stainless steel process equipment often resulting in equipment damage, operator 

injury, or tedious maintenance practices 

 marginal performance in common process streams including clean steam 

 industrial manufacturing processes of seals often lack robust systems, inspections, or change control 

procedures, contributing to: 

o inconsistent service life 

o lack of process and ingredient traceability 

o potential contamination of drug product or process utilities 

 

The consequences of an EPDM diaphragm failure in service, due to either gradual degradation or 

sudden catastrophic failure, are classified as microbiological/endotoxin, chemical, and/or physical. 

Microscopic microbial contamination is detected by in-process testing which is performed at each process 

stage from media preparation onwards. Endotoxin testing is performed at each process stage from harvest 

onwards. The release of endotoxins is associated with certain types of Gram negative bacteria. They 

occur when the bacterial cell is disrupted or destroyed. Endotoxins are difficult to remove by filtration 

as they tend to aggregate and could be retained by downstream systems and concentrated by 

ultrafiltration/diafiltration steps. A failed diaphragm can result in: 

 

 Microbial and/or endotoxin contamination due to external ingress as the sterile system boundary is 

compromised. Microbial and/or endotoxin contamination is considered to be any amount present 

over a specified limit for a given process stage 

 Microbial and/or endotoxin contamination due to internal ingress as insufficiently cleaned 

diaphragm surfaces come into contact with the process stream. This can occur due to severe material 

degradation, such that CIP and SIP cannot sufficiently penetrate the surface creases/blisters leading 

to microbial and/or endotoxin proliferation 

 Chemical contamination due to internal ingress, leading to batch contamination or impacting process 

conditions such as pH, due to the sterile system boundary being compromised via: 

o process fluids retained in the diaphragm itself or the valve bonnet which subsequently leak 

into the product stream 

o process fluids leaked into mating process lines because of passing valves due to cracked 

diaphragms 

o valve bonnet constituents leaking into the process stream, such as lubricants used in the 

mechanical sections of the actuator 

 Physical contamination due to foreign matter deposited in the product stream as the EPDM 

degrades and disintegrates 

 

If a diaphragm fails before or during an SIP cycle external air can pass through a cracked diaphragm 

and leak into the system voiding the saturated steam conditions. Internal air could also leak from the 

system during and cause the formation of a slight vacuum during cool down which can allow organisms 

to proliferate post sterilisation. Saturated steam passing uncontrolled through a cracked diaphragm 
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internally would destroy any biologic downstream of the valve, and externally would pose a significant 

safety hazard to personnel. 

 

Table 9.8 details the maximum volume of chemical that could be retained in the bonnet of a valve 

due to diaphragm failure. For example, the valve bonnet hold-up of a 4-inch diaphragm could be up to 

0.930L, and if this volume were to leak back into the process stream during batch harvest it could have 

a devastating impact on the biologic. 

 

Table 9.8: Valve bonnet volume for multiple valve sizes 

Diaphragm Size (Inch) Bonnet Volume [Liter] 
0.5 0.011 
0.75 0.02 
1 0.038 

1.5 0.088 
2 0.155 
3 0.524 
4 0.930 

 

 

The chemicals that could be potentially introduced into the manufacturing process as a result of a 

damaged diaphragm include: 

 

 60°C reverse osmosis water 

 80°C water for injection 

 65°C Sodium hydroxide (NaOH) 

 25°C Nitrilotriacetic acid N(CH2CO2H3) 

 45°C Sodium hypochlorite (NaClO) 

 23°C Phosphoric acid (H3PO4) 

 

To calculate the potential consequence of a diaphragm crack occurring in service, such that the 

sealing ability of the diaphragm were to be compromised, the unintended flow of chemicals passing 

through different sized failed diaphragms was calculated via equation (9.1) for discharge through a small 

orifice [395]: 

 

𝑄 =  𝐶 𝐴(2𝑔𝐻)  (9.1) 

 

Where: 

𝑄 = Volumetric Flow Rate (m3/s) 

𝐶  = Orifice Opening Shape Coefficient 

𝐴 = Area of the Crack 

𝑔 = 9.81m/s2 

𝐻 = Pressure Head (m) 

 

A value of 0.62 was used for 𝐶 , corresponding to a sharp edged orifice, the assumed shape for a 

crack [395].  
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The pressure differential was converted to pressure head 𝐻 via Equation (9.2): 

 

𝑃 =  0.0981𝐻 (9.2) 

 

The standard pressure of a closed system during production is 3 bar gauge; assuming one side of a 

valve is fully pressurised to 3 bar gauge whilst the other remains at ambient air pressure, a pressure 

differential of 3 bar represents the worst case scenario on two sides of a closed valve. This pressure 

differential was used to calculate the potential litres per hour flow rate through a failed valve due to a 

crack. The area 𝐴 of the crack was calculated as a percentage of the total product contact area of the 

diaphragm, from 0.5% to 5%. 

 

Table 9.9: Unwanted volumetric flow through a 1% crack in various diaphragm sizes 

Diaphragm Size 
(Inch) 

Product 
Contact 

Area 
(mm2) 

Crack Size 
(% of 

product 
contact area) 

Upstream 
Pressure 
(BarG) 

Downstream 
Pressure 
(BarG) 

Flow 
Rate 

(m3/hr) 

Flow Rate 
(Litres/Hour) 

0.5 1134 1% 3 0 0.6193 619.27 
0.75 1809 1% 3 0 0.9881 988.09 
1 2463 1% 3 0 1.3449 1344.91 

1.5 4536 1% 3 0 2.4771 2477.10 
2 6647 1% 3 0 3.6299 3629.87 
3 14526 1% 3 0 7.9322 7932.20 
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As figure 9.18 demonstrates, the worst case scenario of a 3 inch diaphragm with a 5% crack would 

mean that over 39,660 litres per hour could pass through the diaphragm unwanted, which would be 

catastrophic for the process. Even the ‘best case’ scenario, a 0.5% crack in a 0.5inch diaphragm, would 

mean approximately 309 l/hr of chemical could pass through a failed diaphragm, again with potentially 

disastrous consequences for the batch in production.  

 

 
Figure 9.18: Leakage flow through a cracked diaphragm for varying diaphragm and crack sizes
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Appendix C - Process variables statistical analysis results 

 

10.1 Filter approach results – cracking failure mode 

10.1.1 Full dataset model 1 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, steam exposure, 60°C RO exposure, 23°C H3PO4, 45°C NaClO, diaphragm size, and 

65°C NaOH exposure on the likelihood that diaphragms have developed cracking in service.  

 

Table 10.1: Binary logistic regression model for diaphragm cracking in the full dataset including 65°C 
NaOH exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
Exp(β) 

Lower Upper 

ECO Interval (Hrs) .000 .000 2.924 1 .087 1.000 1.000 1.000 

Age of Diaphragm at 
Installation (Hrs) .000 .000 .153 1 .695 1.000 1.000 1.000 

Cumulated Steam Exposure 
(Hrs) .006 .005 1.066 1 .302 1.006 .995 1.016 

60°C Return Osmosis 
Exposure (Hrs) 

.090 .094 .906 1 .341 1.094 .909 1.317 

23°C Phosphoric Acid 
Exposure (Hrs) 

.023 .128 .032 1 .857 1.023 .797 1.314 

45°C Sodium Hypochlorite 
Exposure (Hrs) 

.030 .022 1.876 1 .171 1.030 .987 1.075 

Diaphragm size 0.5 Inch 2.019 1.225 2.717 1 .099 7.533 .683 83.110 

Diaphragm size 1 Inch .711 1.041 .467 1 .495 2.037 .265 15.684 

Diaphragm size 1.5 Inch 21.740 12432.172 .000 1 .999 2.8x109 .000 * 

Diaphragm size 2 Inch .888 1.481 .360 1 .549 2.431 .133 44.282 

65°C Sodium Hydroxide 
Exposure (Hrs) 

-.025 .034 .565 1 .452 .975 .913 1.042 

Constant -27.9 12432.172 .000 1 .998 .000 * * 

 

The logistic regression model was statistically significant with a Chi-Square, χ2(11), = 25.740, P = 

0.007. The model explained 32.6% of the variance in crack events based on the psuedo R2 metric of Cragg 

& Uhler and Nagelkerke. The model correctly classified 87.6% of cases, however the true positive value 

of crack events was only 16.7%. The true negative value was 99.1%. None of the predictor variables were 

shown to be statistically significant at the 5% significance level. It would appear that a lack of data for 

the 1.5 inch diaphragms contributed to that variable becoming unstable in the analysis. At the 10% 

significance level however, the maintenance window interval time and the 0.5-inch diaphragm size are 

significant. 
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10.1.2 Full dataset model 2 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, steam exposure, 60°C return osmosis (RO) exposure, 23°C H3PO4, 45°C NaClO, 

diaphragm size, and 80°C water for injection (WFI) exposure on the likelihood that diaphragms have 

developed cracking in service. The results were identical to model 1 from the full dataset. The regression 

model was statistically significant with a Chi-Square, χ2(11), = 25.693, P = 0.007. The model explained 

32.6% of the variance in crack events based on the psuedo R2 metric of Cragg & Uhler and Nagelkerke. 

The predictive ability of the model was identical. None of the predictor variables were shown to be 

statistically significant at the 5% significance level. At the 10% significance level the maintenance window 

interval time is significant. 

 

Table 10.2: Binary logistic regression model for diaphragm cracking in the full dataset including 80°C 
WFI exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hrs) .000 .000 2.868 1 .090 1.000 1.000 1.000 

Age of Diaphragm at 
Installation (Hrs) 

.000 .000 .108 1 .742 1.000 1.000 1.000 

Cumulated Steam Exposure 
(Hrs) 

.006 .005 1.087 1 .297 1.006 .995 1.016 

60°C Return Osmosis 
Exposure (Hrs) 

.040 .056 .505 1 .477 1.040 .933 1.161 

23°C Phosphoric Acid 
Exposure (Hrs) 

.073 .158 .212 1 .645 1.076 .789 1.466 

45°C Sodium Hypochlorite 
Exposure (Hrs) 

.031 .021 2.264 1 .132 1.032 .991 1.075 

Diaphragm size 0.5 Inch 1.899 1.217 2.433 1 .119 6.677 .615 72.558 

Diaphragm size 1 Inch .613 1.044 .345 1 .557 1.846 .239 14.268 

Diaphragm size 1.5 Inch 21.687 12337.228 .000 1 .999 2.6x109 .000 *. 

Diaphragm size 2 Inch .818 1.473 .309 1 .579 2.267 .126 40.682 

80°C Water for Injection 
Exposure (Hrs) 

-.010 .017 .316 1 .574 .990 .957 1.025 

Constant -27.78 1.2x104 .000 1 .998 .000 * * 
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10.1.3 Full dataset model 3 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, steam exposure, 60°C RO exposure, 23°C H3PO4, 45°C NaClO, diaphragm size, and 

total actuations on the likelihood that diaphragms have developed cracking in service. The logistic 

regression model was statistically significant with a Chi-Square, χ2(11), = 26.954, P = 0.005. The model 

explained 34% of the variance in crack events, based on the psuedo R2 metric of Cragg & Uhler and 

Nagelkerke. The model performed slightly better than models 1 and 2, correctly classifying 88.4% of 

cases. Again, the true positive value of crack events was low at 22.2%, rendering the model useless in a 

practical sense. The true negative value was 99.1%. None of the predictor variables were shown to be 

statistically significant at the 5% significance level. At the 10% significance level the maintenance window 

interval time is again significant along with NaClO exposure.  

 

Table 10.3: Binary logistic regression model for diaphragm cracking in the full dataset including total 
actuations 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hrs) .000 .000 3.532 1 .060 1.000 1.000 1.000 

Age of Diaphragm at 
Installation (Hrs) .000 .000 .030 1 .863 1.000 1.000 1.000 

Cumulated Steam Exposure 
(Hrs) 

.005 .006 .855 1 .355 1.005 .994 1.017 

60°C Return Osmosis 
Exposure (Hrs) 

.047 .060 .618 1 .432 1.049 .932 1.180 

23°C Phosphoric Acid 
Exposure (Hrs) 

.033 .128 .067 1 .796 1.034 .805 1.327 

45°C Sodium Hypochlorite 
Exposure (Hrs) 

.038 .022 2.925 1 .087 1.039 .994 1.085 

Diaphragm size 0.5 Inch 1.688 1.223 1.906 1 .167 5.410 .492 59.470 

Diaphragm size 1 Inch .506 1.048 .233 1 .630 1.658 .213 12.934 

Diaphragm size 1.5 Inch 21.701 12374.5 .000 1 .999 2.7x109 .000 *. 

Diaphragm size 2 Inch .717 1.492 .231 1 .631 2.048 .110 38.145 

Total Actuations .000 .000 1.053 1 .305 1.000 .999 1.000 

Constant -27.5 12374.499 .000 1 .998 .000 * * 
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10.1.4 Bioreactor dataset model 1 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, steam exposure, sodium hydroxide exposure, 80°C WFI exposure, and diaphragm size 

on the likelihood that diaphragms have developed cracking in service. The logistic regression model was 

statistically significant with a Chi-Square, χ2(9), = 20.353, P = 0.016. The model explained 39.4% of the 

variance in crack events, based on the psuedo R2 metric of Cragg & Uhler and Nagelkerke. The model 

correctly classified 91.9% of cases, however the sensitivity, or true positive value, of crack events was 

only 36.4%. The specificity, or true negative value, was 100%. Of the ten predictor variables, only the 

1.0-inch size of diaphragms were shown to be statistically significant. The 1.0 inch diaphragm size had 

the lowest significance of 0.035 with an odds ratio of 16.096. This suggests that this size of diaphragm 

may represent a greater risk of cracking in service. The ECO interval and the 0.5-inch diaphragms were 

significant at the 10% significance level.  

 

Table 10.4: Binary logistic regression model for diaphragm cracking in bioreactors including 80°C WFI 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hours) .000 .000 2.932 1 .087 1.000 1.000 1.000 

Age of Diaphragm at 
Installation (Hours) .000 .000 .447 1 .504 1.000 1.000 1.000 

Cumulated Steam Exposure 
(Hrs) 

.007 .006 1.422 1 .233 1.007 .996 1.018 

Cumulated NaOH Exposure 
(Hrs) 

.006 .024 .060 1 .806 1.006 .960 1.054 

80°C Water for Injection 
Exposure  (Hrs) 

-.012 .021 .304 1 .581 .988 .948 1.030 

Diaphragm Size * * 5.690 4 .224 * * * 

Diaphragm Size 0.5 Inch 3.110 1.793 3.007 1 .083 22.413 .667 753.438 

Diaphragm Size 1.0 Inch 2.779 1.318 4.445 1 .035 16.096 1.216 213.075 

Diaphragm Size 1.5 Inch 
-

98.694 3.47521 .000 1 1.000 .000 .000 *. 

Diaphragm Size 2.0 Inch 1.475 1.247 1.398 1 .237 4.370 .379 50.390 

Constant -6.225 1.980 9.886 1 .002 .002 * * 

 

 

10.1.5 Bioreactor dataset model 2 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, steam exposure, sodium hydroxide exposure, diaphragm size, and 60°C RO water 

exposure on the likelihood that diaphragms have developed cracking in service. The logistic regression 

model was statistically significant with a Chi-Square, χ2(9), = 20.496, P = 0.015. The model explained 

39.7% of the variance in crack events, based on the psuedo R2 metric of Cragg & Uhler and Nagelkerke. 

Identical to the results of model 1 the model correctly classified 91.9% of cases, with a sensitivity of 

36.4% and a specificity of 100%. Of the ten predictor variables, none were shown to be statistically 

significant at the 5% significance level. The 1.0 inch diaphragm size had the lowest significance of 0.064 

with an odds ratio of 15.206. The ECO interval was the only other variable to have a P value less than 

0.1. 
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Table 10.5: Binary logistic regression model for diaphragm cracking in bioreactors including 60°C RO 
water exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hours) .000 .000 2.857 1 .091 1.000 1.000 1.000 

Age of Diaphragm at 
Installation (Hours) .000 .000 .199 1 .656 1.000 1.000 1.000 

Cumulated Steam Exposure 
(Hrs) 

.006 .006 1.015 1 .314 1.006 .995 1.017 

Cumulated NaOH Exposure 
(Hrs) 

-.028 .037 .575 1 .448 .972 .904 1.045 

60°C Return Osmosis Water 
Exposure  (Hrs) 

.078 .103 .583 1 .445 1.082 .884 1.323 

Diaphragm Size * * 5.746 4 .219 * * * 

Diaphragm Size 0.5 Inch -1.797 1.818 .977 1 .323 .166 .005 5.849 

Diaphragm Size 1.0 Inch -3.204 1.733 3.419 1 .064 .041 .001 1.212 

Diaphragm Size 1.5 Inch 
-

21.969 14904.062 .000 1 .999 .000 .000 * 

Diaphragm Size 2.0 Inch -.456 1.754 .068 1 .795 .634 .020 19.741 

Constant -2.707 1.595 2.879 1 .090 .067 * * 

 

 

10.1.6 Bioreactor dataset model 3 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, steam exposure, sodium hydroxide exposure, diaphragm size, and total actuations on 

the likelihood that diaphragms have developed cracking in service. The logistic regression model was 

statistically significant with a Chi-Square, χ2(9), = 21.464, P = 0.011. The model explained 41.3% of the 

variance in crack events, based on the psuedo R2 metric of Cragg & Uhler and Nagelkerke. Identical to 

the results of models 1 and 2 the model correctly classified 91.9% of cases, with a sensitivity of 36.4% 

and a specificity of 100%. Of the ten predictor variables, again the 1.0 inch diaphragms were shown to 

be statistically significant, with the lowest significance of 0.044 with an odds ratio of 15.206. In line with 

expert opinion from both industrial domain experts and the diaphragm OEM, total actuations appears 

to have no effect on cracking probability, with an odds ratio of exactly 1.0 and a p value of 0.308. The 

ECO interval was again the only other variable to have a significance value lower than 0.1. 
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Table 10.6: Binary logistic regression model for diaphragm cracking in bioreactors including total 
actuations 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Days) .000 .000 3.422 1 .064 1.000 1.000 1.000 

Age of Diaphragm at 
Installation (Days) .000 .000 .527 1 .468 1.000 1.000 1.000 

Cumulated Steam Exposure 
(Hrs) 

.006 .006 .991 1 .320 1.006 .994 1.018 

Cumulated NaOH Exposure 
(Hrs) 

.010 .023 .177 1 .674 1.010 .966 1.055 

Total Actuations .000 .000 1.039 1 .308 1.000 .999 1.000 

Diaphragm Size * * 4.788 4 .310 * * * 

Diaphragm Size 0.5 Inch 2.724 1.829 2.218 1 .136 15.244 .423 549.731 

Diaphragm Size 1.0 Inch 2.722 1.354 4.040 1 .044 15.206 1.070 216.070 

Diaphragm Size 1.5 Inch 
-

98.922 
3.49321 .000 1 1.000 .000 .000 * 

Diaphragm Size 2.0 Inch 1.307 1.294 1.021 1 .312 3.695 .293 46.645 

Constant -6.132 2.018 9.237 1 .002 .002 * * 

 

10.1.7 Perfusion skid dataset model 1 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, total number of actuations, diaphragm size, steam exposure, and 80°C WFI exposure, 

on the likelihood that diaphragms have developed cracking in service. From the output shown in Table 

10.7 we can reject the logistic regression model as it is not statistically significant with a Chi-Square, 

χ2(8), = 11.630, P = 0.168. The model explained 40.3% of the variance in crack events, based on the 

psuedo R2 metric of Cragg & Uhler and Nagelkerke. The model correctly classified 83.7% of cases. The 

sensitivity was only 14.3% while the specificity was 97.2%. Of the nine predictor variables, none were 

statistically significant, even at the 10% significance level. 

 

Table 10.7: Binary logistic regression model for diaphragm cracking in perfusion skids including steam 
exposure and 80°C WFI exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hours) .000 .000 .105 1 .746 1.000 .999 1.001 

Age of Diaphragm at Installation 
(Hours) -.001 .001 .891 1 .345 .999 .998 1.001 

Total Actuations -.003 .005 .313 1 .576 .997 .988 1.007 

Diaphragm Size 0.5 Inch 1.706 2.347 .528 1 .467 5.509 .055 548.564 

Diaphragm Size 1.0 Inch 1.216 1.932 .396 1 .529 3.372 .077 148.655 

80°C Water for Injection 
Exposure  (Hrs) 

.088 .082 1.160 1 .281 1.092 .930 1.283 

Cumulated Steam Exposure (Hrs) .018 .038 .235 1 .628 1.019 .946 1.097 

Constant 
-

1.951 2.661 .538 1 .463 .142 * * 

10.1.8 Perfusion skid dataset model 2 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, total number of actuations, diaphragm size, steam exposure, and 23°C phosphoric acid 
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exposure, on the likelihood that diaphragms have developed cracking in service. From the output shown 

in Table 10.8 we can reject the logistic regression model as it is not statistically significant with a Chi-

Square, χ2(8), = 13.873, P = 0.085. The model explained 46.8% of the variance in crack events, based 

on the psuedo R2 metric of Cragg & Uhler and Nagelkerke. The model correctly classified 86% of cases. 

The sensitivity was only 28.6% while the specificity was 97.2%. Of the nine predictor variables, none 

were found to be statistically significant. 

 

Table 10.8: Binary logistic regression model for diaphragm cracking in perfusion skids including steam 
exposure and 80°C WFI exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hours) .000 .001 .111 1 .740 1.000 .999 1.002 

Age of Diaphragm at Installation 
(Hours) 

-.001 .001 .784 1 .376 .999 .996 1.002 

Total Actuations -.007 .008 .926 1 .336 .993 .978 1.008 

Diaphragm Size 0.5 Inch 3.448 4.243 .660 1 .417 31.423 .008 128547.271 

Diaphragm Size 1.0 Inch 2.789 3.976 .492 1 .483 16.260 .007 39378.350 

23°C Phosphoric Acid Exposure 
(Hrs) 

1.334 1.030 1.679 1 .195 3.797 .505 28.577 

Cumulated Steam Exposure (Hrs) .038 .050 .559 1 .455 1.038 .941 1.146 

Constant -2.6 4.111 .400 1 .527 .074 * * 
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10.1.9 Perfusion skid dataset model 3 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, total number of actuations, diaphragm size, 45°C sodium hypochlorite exposure, and 

80°C WFI exposure, on the likelihood that diaphragms have developed cracking in service. From the 

output shown in Table 10.9 we can reject the logistic regression model as it is not statistically significant 

with a Chi-Square, χ2(8), = 11.475, P = 0.176. The model explained 39.8% of the variance in crack 

events, based on the psuedo R2 metric of Cragg & Uhler and Nagelkerke. The model correctly classified 

83.7% of cases. The sensitivity was 14.3% while the specificity was again 97.2%. Of the nine predictor 

variables, again none were found to be statistically significant. 

 

Table 10.9: Binary logistic regression model for diaphragm cracking in perfusion skids including steam 
exposure and 80°C WFI exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hours) .000 .000 .065 1 .799 1.000 .999 1.001 

Age of Diaphragm at Installation 
(Hours) 

-.001 .001 .859 1 .354 .999 .998 1.001 

Total Actuations -.002 .004 .205 1 .651 .998 .990 1.006 

Diaphragm Size 0.5 Inch 1.645 2.353 .489 1 .485 5.182 .051 522.01 

Diaphragm Size 1.0 Inch 1.106 1.899 .339 1 .560 3.021 .073 124.96 

45°C Sodium Hypochlorite 
Exposure (Hrs) 

.018 .058 .097 1 .756 1.018 .909 1.141 

80°C Water for Injection Exposure  
(Hrs) 

.076 .069 1.221 1 .269 1.079 .943 1.235 

Constant 
-

1.593 
2.562 .387 1 .534 .203 * * 

 

10.1.10 Perfusion skid dataset model 4 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, total number of actuations, diaphragm size, 45°C sodium hypochlorite exposure, and 

23°C H3PO4 exposure, on the likelihood that diaphragms have developed cracking in service. We can 

reject the logistic regression model as it is not statistically significant with a Chi-Square, χ2(8), = 12.068, 

P = 0.098. The model explained 41.6% of the variance in crack events, based on the psuedo R2 metric 

of Cragg & Uhler and Nagelkerke. The model correctly classified 83.4% of cases. The sensitivity was 

28.6% with a specificity of 100%. Of the nine predictor variables, again none were found to be statistically 

significant. As the sodium hypochlorite exposure variable is not significant in comparison to the 80°C 

WFI exposure variable and 23°C H3PO4 exposure variable, which are themselves not significant in 

comparison to the other variables, we can conclude that sodium hypochlorite exposure is also not 

significant in comparison to the other modelled variables.  



Appendix C - Process variables statistical analysis results 

247 

 

Table 10.10: Binary logistic regression model for diaphragm cracking in perfusion skids including steam 
exposure and 23°C H3PO4 exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hours) .000 .001 .110 1 .740 1.00 .999 1.002 

Age of Diaphragm at Installation 
(Hours) -.002 .001 1.116 1 .291 .998 .996 1.001 

Total Actuations -.006 .008 .685 1 .408 .994 .979 1.009 

Diaphragm Size 0.5 Inch 3.913 4.447 .775 1 .379 50.1 .008 305170.771 

Diaphragm Size 1.0 Inch .479 1.367 .123 1 .726 1.61 .111 23.505 

45°C Sodium Hypochlorite 
Exposure (Hrs) 

.024 .084 .082 1 .775 1.02 .868 1.209 

23°C Phosphoric Acid Exposure 
(Hrs) 

1.362 1.025 1.766 1 .184 3.91 .524 29.126 

Constant -2.05 4.280 .229 1 .632 .129 * * 

 

10.2 Filter approach results – gradual degradation failure mode 

10.2.1 Full dataset model 1 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, steam exposure, 60°C RO exposure, 23°C H3PO4, 45°C NaClO, diaphragm size, and 

65°C NaOH exposure on the likelihood that diaphragms have transitioned from degradation state 1 to 

state 2 in service.  

 

Table 10.11: Binary logistic regression model for degradation state transition in the full dataset 
including 65°C NaOH exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hrs) .000 .000 3.028 1 .082 1.000 1.000 1.000 

Age of Diaphragm at Installation 
(Hrs) .000 .000 .015 1 .904 1.000 1.000 1.000 

Cumulated Steam Exposure (Hrs) .031 .010 8.904 1 .003 1.031 1.011 1.052 

60°C Return Osmosis Exposure 
(Hrs) 

.120 .134 .792 1 .373 1.127 .866 1.466 

23°C Phosphoric Acid Exposure 
(Hrs) 

.072 .113 .402 1 .526 1.075 .860 1.342 

45°C Sodium Hypochlorite 
Exposure (Hrs) 

.009 .022 .191 1 .662 1.009 .968 1.053 

Diaphragm size 0.5 Inch 
-

1.57 1.642 .923 1 .337 .207 .008 5.162 

Diaphragm size 1 Inch -
1.50 

1.528 .971 1 .324 .222 .011 4.432 

Diaphragm size 1.5 Inch 1.99 1.783 1.246 1 .264 7.320 .222 241.220 

Diaphragm size 2 Inch 
-

2.28 1.920 1.421 1 .233 .101 .002 4.368 

65°C Sodium Hydroxide Exposure 
(Hrs) 

-
.078 

.045 2.992 1 .084 .925 .847 1.010 

Constant 
-

2.69 4.649 .334 1 .564 .068 * * 
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The logistic regression model was statistically significant with a Chi-Square, χ2(11), = 42.412, P = 

<0.0005. The model explained 43.7% of the variance in state transition events, based on the psuedo R2 

metric of Cragg & Uhler and Nagelkerke. The model correctly classified 83.1% of cases, with a true 

positive value of state transition events of 41.4%. The true negative value was 95.8%. Steam exposure 

was significant at the 5% significance level, while NaOH exposure and the ECO interval were significant 

at the 10% significance level. No interaction variable between the three significant variables was found 

to be significant. 
 

10.2.2 Full dataset model 2 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, steam exposure, 60°C RO exposure, 23°C H3PO4, 45°C NaClO, diaphragm size, and 

80°C WFI exposure on the likelihood that diaphragms have transitioned from degradation state 1 to 

state 2 in service. The regression model was statistically significant with a Chi-Square, χ2(11), = 41.625, 

P = <0.0005. The model explained 43% of the variance in state transition events, based on the psuedo 

R2 metric of Cragg & Uhler and Nagelkerke. The model correctly classified 81.5% of cases, with a true 

positive value of state transition events of 37.9%. The true negative value was 94.7%. Steam exposure 

was significant at the 5% significance level, while the ECO interval was significant at the 10% significance 

level. The interaction variable between the two significant variables was not found to be significant. 

 

Table 10.12: Binary logistic regression model for degradation state transition in the full dataset 
including 80°C WFI exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hrs) .000 .000 2.904 1 .088 1.000 1.000 1.000 

Age of Diaphragm at Installation 
(Hrs) 

.000 .000 .128 1 .721 1.000 1.000 1.000 

Cumulated Steam Exposure (Hrs) .029 .010 8.128 1 .004 1.029 1.009 1.050 

60°C Return Osmosis Exposure 
(Hrs) 

-.001 .106 .000 1 .989 .999 .812 1.228 

23°C Phosphoric Acid Exposure 
(Hrs) 

.368 .257 2.050 1 .152 1.445 .873 2.394 

45°C Sodium Hypochlorite 
Exposure (Hrs) 

.015 .022 .439 1 .508 1.015 .972 1.059 

Diaphragm size 0.5 Inch -1.73 1.608 1.170 1 .279 .176 .008 4.105 

Diaphragm size 1 Inch -1.57 1.506 1.096 1 .295 .207 .011 3.955 

Diaphragm size 1.5 Inch 1.737 1.741 .996 1 .318 5.681 .187 172.190 

Diaphragm size 2 Inch -2.36 1.901 1.544 1 .214 .094 .002 3.912 

80°C Water for Injection Exposure 
(Hrs) 

-.057 .045 1.577 1 .209 .944 .864 1.033 

Constant -2.39 4.560 .275 1 .600 .091 * * 

 

10.2.3 Full dataset model 3 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, steam exposure, 60°C RO exposure, 23°C H3PO4, 45°C NaClO, diaphragm size, and 

total actuations on the likelihood that diaphragms have transitioned from degradation state 1 to state 2 

in service. The regression model was statistically significant with a Chi-Square, χ2(11), = 36.062, P = 
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<0.0005. The model explained 38.1% of the variance in state transition events, based on the psuedo R2 

metric of Cragg & Uhler and Nagelkerke. The model correctly classified 80.6% of cases, with a true 

positive value of state transition events of 34.5%. The true negative value was 94.7%. Steam exposure 

and ECO interval were significant at the 5% significance level, while NaClO exposure was significant at 

the 10% significance level.  

 

Table 10.13: Binary logistic regression model for degradation state transition in the full dataset 
including total actuations 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hrs) .000 .000 6.860 1 .009 1.000 1.000 1.000 

Age of Diaphragm at Installation 
(Hrs) .000 .000 .249 1 .618 1.000 1.000 1.000 

Cumulated Steam Exposure (Hrs) .022 .008 6.781 1 .009 1.022 1.005 1.039 

60°C Return Osmosis Exposure 
(Hrs) 

-.032 .073 .192 1 .661 .969 .840 1.117 

23°C Phosphoric Acid Exposure 
(Hrs) 

.059 .113 .269 1 .604 1.060 .849 1.324 

45°C Sodium Hypochlorite 
Exposure (Hrs) 

.033 .019 2.933 1 .087 1.033 .995 1.073 

Diaphragm size 0.5 Inch -1.76 1.628 1.180 1 .277 .171 .007 4.149 

Diaphragm size 1 Inch -1.53 1.534 1.002 1 .317 .215 .011 4.354 

Diaphragm size 1.5 Inch 1.567 1.738 .812 1 .368 4.790 .159 144.577 

Diaphragm size 2 Inch -2.33 1.891 1.518 1 .218 .097 .002 3.959 

Total Actuations .000 .000 .558 1 .455 1.000 1.000 1.000 

Constant -2.65 4.610 .332 1 .565 .070 * * 

 

The logistic regression table including the interaction term between steam and NaClO exposure is 

shown in table 10.14 below. 

 

Table 10.14: Binary logistic regression model for degradation state transition in the full dataset 
including total actuations and steam/NaClO interaction variable 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hrs) .000 .000 5.226 1 .022 1.000 1.000 1.000 

Cumulated Steam Exposure (Hrs) .023 .009 6.029 1 .014 1.023 1.005 1.042 

45°C Sodium Hypochlorite 
Exposure (Hrs) 

.105 .046 5.100 1 .024 1.110 1.014 1.216 

Steam Exposure * 45°C Sodium 
Hypochlorite Exposure 

-
.001 .000 5.296 1 .021 .999 .999 1.000 

Constant 
-

5.18 
1.092 22.471 1 .000 .006 * * 

10.2.4 Bioreactor dataset model 1 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, steam exposure, sodium hydroxide exposure, 80°C WFI exposure, and diaphragm size 

on the likelihood that diaphragms have transitioned from degradation state 1 to state 2 in service. The 

regression model was statistically significant with a Chi-Square, χ2(11), = 29.779, P = <0.0005. The 

model explained 44.8% of the variance in state transition events, based on the psuedo R2 metric of Cragg 

& Uhler and Nagelkerke. The model correctly classified 81.7% of cases, with a true positive value of 
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state transition events of 47.6%. The true negative value was 93.4%. Steam exposure and ECO interval 

were significant at the 5% significance level. The interaction term was not found to be significant. 

 

Table 10.15:Binary logistic regression model degradation state transition in bioreactors including 80°C 
WFI 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hours) .000 .000 4.552 1 .033 1.000 1.000 1.000 

Age of Diaphragm at 
Installation (Hours) 

.000 .000 .000 1 .986 1.000 1.000 1.000 

Cumulated Steam Exposure 
(Hrs) 

.020 .008 5.534 1 .019 1.020 1.003 1.037 

Cumulated NaOH Exposure 
(Hrs) 

-.018 .032 .307 1 .580 .983 .923 1.046 

80°C Water for Injection 
Exposure  (Hrs) 

-.013 .033 .153 1 .695 .987 .925 1.054 

Diaphragm Size 0.5 Inch 
-

15.34 
35487.73 .000 1 1.000 

2.58 x109 
.000 

* 

Diaphragm Size 1.0 Inch 
-

20.23 
35487.73 .000 1 1.000 1.627x109 .000 

* 

Diaphragm Size 1.5 Inch 
-

18.67 35487.73 .000 1 1.000 7.737x109 .000 * 

Diaphragm Size 2.0 Inch 
-

21.57 35487.73 .000 1 1.000 4.269x1010 .000 * 

Constant -
4.476 

1.347 11.05 1 .001 .011 
* * 
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10.2.5 Bioreactor dataset model 2 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, steam exposure, sodium hydroxide exposure, diaphragm size, and 60°C RO water 

exposure on the likelihood that diaphragms have transitioned from degradation state 1 to state 2 in 

service. The regression model was statistically significant with a Chi-Square, χ2(6), = 30.516, P = 

<0.0005. The model explained 45.7% of the variance in degradation state transition events, based on the 

psuedo R2 metric of Cragg & Uhler and Nagelkerke. The model correctly classified 80.5% of cases, with 

a true positive value of state transition events of 42.9%. The true negative value was 93.4%. Steam 

exposure and ECO interval were significant at the 5% significance level. The interaction term was not 

found to be significant. 

 

Table 10.16: Binary logistic regression model degradation state transition in bioreactors including 60°C 
RO water exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hours) .000 .000 4.982 1 .026 1.000 1.000 1.000 

Age of Diaphragm at 
Installation (Hours) 

.000 .000 .017 1 .896 1.000 1.000 1.000 

Cumulated Steam Exposure 
(Hrs) 

.018 .008 4.919 1 .027 1.019 1.002 1.035 

Cumulated NaOH Exposure 
(Hrs) 

-.057 .041 1.946 1 .163 .945 .872 1.023 

60°C Return Osmosis Water 
Exposure  (Hrs) 

.117 .122 .917 1 .338 1.124 .885 1.429 

Diaphragm Size 0.5 Inch 
-

20.72 
35174.92 .000 1 1.000 

2.26 
x109 

.000 * 

Diaphragm Size 1.0 Inch 
-

20.04 
35174.92 .000 1 1.000 

1.966 
x109 

.000 * 

Diaphragm Size 1.5 Inch 
-

18.47 35174.92 .000 1 1.000 
9.449 
x109 .000 * 

Diaphragm Size 2.0 Inch 
-

21.36 35174.92 .000 1 1.000 
5.25 
x1010 .000 * 

Constant -4.39 1.341 10.766 1 .001 .012 * * 
 

10.2.6 Bioreactor dataset model 3 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, steam exposure, sodium hydroxide exposure, diaphragm size, and total actuations on 

the likelihood that diaphragms have transitioned from degradation state 1 to state 2 in service. The 

regression model was statistically significant with a Chi-Square, χ2(6), = 31.819, P = <0.0005. The model 

explained 47.3% of the variance in degradation state transition events, based on the psuedo R2 metric of 

Cragg & Uhler and Nagelkerke. The model correctly classified 85.4% of cases, with a true positive value 

of state transition events of 66.7%. The true negative value was 91.8%. Steam exposure, NaOH exposure, 

and ECO interval were significant at the 5% significance level. No interaction term was found to be 

significant among the three significant variables. 
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Table 10.17: Binary logistic regression model for degradation state transition in bioreactors including 
total actuations 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Days) .000 .000 6.306 1 .012 1.000 1.000 1.000 

Age of Diaphragm at 
Installation (Days) .000 .000 .001 1 .981 1.000 1.000 1.000 

Cumulated Steam 
Exposure (Hrs) 

.018 .009 4.069 1 .044 1.018 1.001 1.036 

Cumulated NaOH 
Exposure (Hrs) 

-.056 .028 4.043 1 .044 .946 .896 .999 

Total Actuations .000 .000 2.420 1 .120 1.000 1.000 1.001 

Diaphragm Size 0.5 Inch -19.21 37789.878 .000 1 1.000 4.563x109 .000 * 

Diaphragm Size 1.0 Inch -18.21 37789.878 .000 1 1.000 1.231x109 .000 * 

Diaphragm Size 1.5 Inch 16.982 37789.878 .000 1 1.000 4.213x109 .000 * 

Diaphragm Size 2.0 Inch -20.54 37789.878 .000 1 1.000 1.202x1010 .000 * 

Constant -4.834 1.442 11.244 1 .001 .008 * * 

 

10.2.7 Perfusion skid dataset model 1 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, total number of actuations, diaphragm size, steam exposure, and 80°C WFI exposure, 

on the likelihood on the likelihood that diaphragms have transitioned from degradation state 1 to state 

2 in service. The regression model was not statistically significant with a Chi-Square, χ2(8), = 13.278, P 

= 0.103. The model explained 43.6% of the variance in degradation state transition events, based on the 

psuedo R2 metric of Cragg & Uhler and Nagelkerke. The model correctly classified 76.2% of cases, with 

a true positive value of state transition events of only 12.5%. The true negative value was 91.2%. Steam 

exposure was the only the only significant variable at the 5% or 10% significance levels. 

 

Table 10.18: Binary logistic regression model for degradation state transition in perfusion skids 
including steam exposure and 80°C Water for Injection exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hours) .000 .0004 1.476 1 .224 1.000 1.000 1.001 

Age of Diaphragm at 
Installation (Hours) 

-
4.845 

.0002 .062 1 .803 1.000 1.000 1.000 

Total Actuations -.005 .0040 1.396 1 .237 .995 .988 1.003 

Diaphragm Size 0.5 Inch 24.97 45877.4 .000 1 1.00 7.04x109 .000 * 

Diaphragm Size 1.0 Inch 26.10 45877.4 .000 1 1.00 2.17x109 .000 * 

80°C Water for Injection 
Exposure (Hrs) 

.080 .0784 1.040 1 .308 1.083 .929 1.263 

Cumulated Steam Exposure 
(Hrs) 

.084 .0390 4.645 1 .031 1.088 1.008 1.174 

Constant 
-

7.217 
3.684 3.838 1 .050 .001 * * 

 

10.2.8 Perfusion skid dataset model 2 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, total number of actuations, diaphragm size, steam exposure, and 23°C phosphoric acid 
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exposure, on the likelihood on the likelihood that diaphragms have transitioned from degradation state 

1 to state 2 in service. The regression model was not statistically significant with a Chi-Square, χ2(8), = 

13.720, P = 0.056. The model explained 44.8% of the variance in degradation state transition events, 

based on the psuedo R2 metric of Cragg & Uhler and Nagelkerke. The model correctly classified 81% of 

cases, with a true positive value of state transition events of only 12.5%. The true negative value was 

97.1%. Steam exposure was significant at the 10% significance level. 

 

Table 10.19: Binary logistic regression model for degradation state transition in perfusion skids 
including steam exposure and 23°C phosphoric acid exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hours) .000 .0006 .682 1 .409 1.000 .999 1.002 

Age of Diaphragm at 
Installation (Hours) 

.000 .0004 .542 1 .461 1.000 .999 1.001 

Total Actuations -.017 .0147 1.400 1 .237 .983 .955 1.012 

Diaphragm Size 0.5 Inch 23.09 45877.4 .000 1 1.000 1.07x1010 .001 * 

Diaphragm Size 1.0 Inch 25.34 45877.4 .000 1 1.000 1.02x1011 .175 * 

23°C Phosphoric Acid 
Exposure (Hrs) 

1.855 1.5399 1.451 1 .228 6.393 .313 130.764 

Cumulated Steam Exposure 
(Hrs) .151 .0903 2.785 1 .095 1.163 .974 1.388 

Constant -
6.825 

5.019 1.850 1 .174 .001 * * 

 

 

The following backwards stepwise elimination logistic regression results reveal H3P04 and steam 

exposure to be significant at the 5% level. The new regression model is statistically significant with a 

Chi-Square, χ2(4), = 9.037, P = 0.029. The models predictive ability was slightly improved, whereby it 

again correctly classified 81% of cases, but with a true positive value of state transition events of 25%. 

The true negative value was 94.1%. No interaction term was found to be significant. 

 

Table 10.20: Backwards stepwise elimination binary logistic regression model for degradation state 
transition in perfusion skids including steam exposure and 23°C phosphoric acid exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

Cumulated Steam Exposure (Hrs) .061 .031 3.925 1 .048 1.063 1.001 1.130 

23°C Phosphoric Acid Exposure 
(Hrs) 

.960 .490 3.840 1 .050 2.612 1.000 6.823 

Total Actuations -.008 .004 3.396 1 .065 .992 .984 1.000 

Constant 
-

3.045 1.376 4.898 1 .027 .048 * * 

 

10.2.9 Perfusion skid dataset model 3 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, total number of actuations, diaphragm size, 45°C sodium hypochlorite exposure, and 

80°C Water for Injection exposure, on the likelihood that diaphragms have transitioned from degradation 

state 1 to state 2 in service. From the output shown in Table 10.9 we can reject the logistic regression 

model as it is not statistically significant with a Chi-Square, χ2(8), = 10.851, P = 0.210. The model 
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explained 36.6% of the variance in state transition events, based on the psuedo R2 metric of Cragg & 

Uhler and Nagelkerke. The model correctly classified 76.2% of cases. However the sensitivity was <1% 

while the specificity was 94.1%. 45°C sodium hypochlorite exposure was significant at the 5% level. No 

interaction terms were found to be significant. 

 

Table 10.21: Binary logistic regression model for degradation state transition in perfusion skids 
including 45°C sodium hypochlorite exposure and 80°C Water for Injection exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hours) .000 .0003 2.341 1 .126 1.000 1.000 1.001 

Age of Diaphragm at 
Installation (Hours) .000 .0002 1.370 1 .242 1.000 1.000 1.001 

Total Actuations -.004 .0034 1.201 1 .273 .996 .990 1.003 

Diaphragm Size 0.5 Inch 27.25 
4.58 
x104 

.000 1 1.000 
6.83 
x1011 

.000 * 

Diaphragm Size 1.0 Inch 26.6 
4.58 
x104 .000 1 1.000 

3.58 
x1011 .000 * 

45°C Sodium Hypochlorite 
Exposure (Hrs) 

.143 .0683 4.375 1 .036 1.153 1.009 1.319 

80°C Water for Injection 
Exposure (Hrs) 

.019 .0609 .101 1 .750 1.020 .905 1.149 

Constant 
-

1.593 
2.562 .387 1 .534 .203 * * 

 

10.2.10 Perfusion skid dataset model 4 

A logistic regression was performed to ascertain the effects of maintenance window interval, 

diaphragm age, total number of actuations, diaphragm size, 45°C sodium hypochlorite exposure, and 

23°C H3PO4 exposure, on the likelihood that diaphragms have transitioned from degradation state 1 to 

state 2 in service. We can reject the logistic regression model as it is not statistically significant with a 

Chi-Square, χ2(8), = 12.487, P = 0.131. The model explained 41.3% of the variance in crack events, 

based on the psuedo R2 metric of Cragg & Uhler and Nagelkerke. The model correctly classified 83.4% 

of cases. The sensitivity was 28.6% with a specificity of 100%. Of the nine predictor variables, again only 

45°C sodium hypochlorite exposure was significant at the 5% level. 
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Table 10.22: Binary logistic regression model for degradation state transition in perfusion skids 
including steam exposure and 23°C H3PO4 exposure 

 β S.E. Wald df Sig. Exp(β) 

95% C.I. for 
EXP(β) 

Lower Upper 

ECO Interval (Hours) .000 .0003 2.306 1 .129 1.000 1.000 1.001 

Age of Diaphragm at 
Installation (Hours) .000 .0002 1.347 1 .246 1.000 1.000 1.001 

Total Actuations -.010 .0072 1.867 1 .172 .990 .976 1.004 

Diaphragm Size 0.5 Inch 26.603 
4.5 
x104 

.000 1 1.000 
3.57 
x1011 

.000 * 

Diaphragm Size 1.0 Inch 26.291 
4.5 
x104 .000 1 1.000 

2.61 
x1011 .000 * 

45°C Sodium Hypochlorite 
Exposure (Hrs) 

.199 .0998 3.976 1 .046 1.220 1.003 1.484 

23°C Phosphoric Acid 
Exposure (Hrs) 

.717 .6442 1.239 1 .266 2.048 .579 7.240 

Constant -2.05 4.280 .229 1 .632 .129 * * 

 

10.3 Wrapper approach results – gradual degradation failure mode 

10.3.1 Bioreactor systems 

The covariates chosen to represent the bioreactor systems for the wrapper approach investigations 

are the following: 

 

 Steam Exposure (Hrs) 

 NaOH Exposure (Hrs) 

 Maintenance Interval (Hrs) 

 

Using this combination of variables, the full list of potential nested models is written as: 

 

 
𝑛!

(𝑛 − 𝑟)! (𝑟!) ( ,…, )

 (10.3.1) 

 

where 𝑛 = number of covariates in the model. This results in a total of 7 nested models. Using the 

number of variables in each model and computing the log likelihood for each model allows the 

computation of the AIC value for that model. Details of all nested models and their respective log 

likelihood and AIC values are as shown in table 10.23. 
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Table 10.23: Bioreactor nested models AIC and Pseudo R2 values 

Model 
Number 

Number of 
Model 

Variables 
Variables Included 

Pseudo 
R2 

Akaike 
Information 
Criterion 

1 3 
Cumulated 

Steam Exposure 
(Hrs) 

Cumulated 
NaOH Exposure 

(Hrs) 

ECO 
Interval 
(Hrs) 

0.443 59.013 

2 1 
Cumulated 

Steam Exposure 
(Hrs) 

 - -  0.112 65.082 

3 1  - 
Cumulated 

NaOH Exposure 
(Hrs) 

-  0.041 75.237 

4 1 -  -  
ECO 

Interval 0.347 25.846 

5 2 
Cumulated 

Steam Exposure 
(Hrs) 

Cumulated 
NaOH Exposure 

(Hrs) 
 - 0.353 63.86 

6 2 
Cumulated 

Steam Exposure 
(Hrs) 

-  ECO 
Interval 

0.414 49.092 

7 2  - 
Cumulated 

NaOH Exposure 
(Hrs) 

ECO 
Interval 

0.352 59.959 

 

10.3.2 Perfusion systems 

The covariates chosen to represent the perfusion systems for the wrapper approach investigations 

are the following, resulting in 31 nested models, the results of which are shown in table 10.24. 

 

 Steam Exposure (Hrs) 

 NaClO Exposure (Hrs) 

 Maintenance Interval (Hrs) 

 H3PO4 Exposure (Hrs) 

 Steam / NaClO Exposure Interaction (Hrs) 

 

Table 10.24: Perfusion nested models AIC and Pseudo R2 values 

Model 
Number 

Number 
of Model 
Variables 

Variables Included Pseudo 
R2 

Akaike 
Information 
Criterion 

1 5 

Cumulated 
Steam 

Exposure 
(Hrs) 

Cumulated 
NaClO 

Exposure 
(Hrs) 

Cumulated 
H3PO4 

Exposure 
(Hrs) 

Eco 
Interval 
(Hrs) 

Steam - 
NaClO 

Interaction 
0.552 20.694 

2 1 

Cumulated 
Steam 

Exposure 
(Hrs) 

- - - -  0.074 28.372 

3 1  - 

Cumulated 
NaClO 

Exposure 
(Hrs) 

 -  - -  0.055 28.88 

4 1  - -  

Cumulated 
H3PO4 

Exposure 
(Hrs) 

- -  0.021 29.805 

5 1  - -  -  
Eco 

Interval 
(Hrs) 

 - 0.022 29.78 
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6 1 -  -  -   - 
Steam - 
NaClO 

Interaction 
0.011 30.061 

7 2 -   - -  
Eco 

Interval 
(Hrs) 

Steam - 
NaClO 

Interaction 
0.022 32.41 

8 2 -   - 

Cumulated 
H3PO4 

Exposure 
(Hrs) 

-  
Steam - 
NaClO 

Interaction 
0.043 31.207 

9 2  -  - 

Cumulated 
H3PO4 

Exposure 
(Hrs) 

Eco 
Interval 
(Hrs) 

-  0.076 30.33 

10 2  - 

Cumulated 
NaClO 

Exposure 
(Hrs) 

 -  - 
Steam - 
NaClO 

Interaction 
0.19 27.071 

11 2 -  

Cumulated 
NaClO 

Exposure 
(Hrs) 

-  
Eco 

Interval 
(Hrs) 

-  0.058 30.819 

12 2 -  

Cumulated 
NaClO 

Exposure 
(Hrs) 

Cumulated 
H3PO4 

Exposure 
(Hrs) 

-  -  0.086 30.049 

13 2 

Cumulated 
Steam 

Exposure 
(Hrs) 

-   -  - 
Steam - 
NaClO 

Interaction 
0.294 23.867 

14 2 

Cumulated 
Steam 

Exposure 
(Hrs) 

-  -  
Eco 

Interval 
(Hrs) 

 - 0.081 30.176 

15 2 

Cumulated 
Steam 

Exposure 
(Hrs) 

-  

Cumulated 
H3PO4 

Exposure 
(Hrs) 

-  -  0.121 29.065 

16 2 

Cumulated 
Steam 

Exposure 
(Hrs) 

Cumulated 
NaClO 

Exposure 
(Hrs) 

-  -  -  0.079 30.236 

17 3  - -  

Cumulated 
H3PO4 

Exposure 
(Hrs) 

Eco 
Interval 
(Hrs) 

Steam - 
NaClO 

Interaction 
0.076 32.33 

18 3  - 

Cumulated 
NaClO 

Exposure 
(Hrs) 

-  
Eco 

Interval 
(Hrs) 

Steam - 
NaClO 

Interaction 
0.202 28.726 

19 3 -  

Cumulated 
NaClO 

Exposure 
(Hrs) 

Cumulated 
H3PO4 

Exposure 
(Hrs) 

-  
Steam - 
NaClO 

Interaction 
0.19 29.071 

20 3 -  

Cumulated 
NaClO 

Exposure 
(Hrs) 

Cumulated 
H3PO4 

Exposure 
(Hrs) 

Eco 
Interval 
(Hrs) 

-  0.089 31.958 

21 3 

Cumulated 
Steam 

Exposure 
(Hrs) 

 -  - 
Eco 

Interval 
(Hrs) 

Steam - 
NaClO 

Interaction 
0.299 25.712 

22 3 

Cumulated 
Steam 

Exposure 
(Hrs) 

-  

Cumulated 
H3PO4 

Exposure 
(Hrs) 

 - 
Steam - 
NaClO 

Interaction 
0.517 18.045 

23 3 
Cumulated 

Steam -  
Cumulated 

H3PO4 

Eco 
Interval 
(Hrs) 

-  0.121 31.059 
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Exposure 
(Hrs) 

Exposure 
(Hrs) 

24 3 

Cumulated 
Steam 

Exposure 
(Hrs) 

Cumulated 
NaClO 

Exposure 
(Hrs) 

-  -  
Steam - 
NaClO 

Interaction 
0.362 23.622 

25 3 

Cumulated 
Steam 

Exposure 
(Hrs) 

Cumulated 
NaClO 

Exposure 
(Hrs) 

-  
Eco 

Interval 
(Hrs) 

-  0.084 32.11 

26 3 

Cumulated 
Steam 

Exposure 
(Hrs) 

Cumulated 
NaClO 

Exposure 
(Hrs) 

Cumulated 
H3PO4 

Exposure 
(Hrs) 

-  -  0.146 30.356 

27 4 

Cumulated 
Steam 

Exposure 
(Hrs) 

Cumulated 
NaClO 

Exposure 
(Hrs) 

Cumulated 
H3PO4 

Exposure 
(Hrs) 

Eco 
Interval 
(Hrs) 

-  0.263 28.862 

28 4 

Cumulated 
Steam 

Exposure 
(Hrs) 

Cumulated 
NaClO 

Exposure 
(Hrs) 

Cumulated 
H3PO4 

Exposure 
(Hrs) 

-  
Steam - 
NaClO 

Interaction 
0.519 19.963 

29 4 

Cumulated 
Steam 

Exposure 
(Hrs) 

Cumulated 
NaClO 

Exposure 
(Hrs) 

-  
Eco 

Interval 
(Hrs) 

Steam - 
NaClO 

Interaction 
0.545 20.622 

30 4 

Cumulated 
Steam 

Exposure 
(Hrs) 

-  

Cumulated 
H3PO4 

Exposure 
(Hrs) 

Eco 
Interval 
(Hrs) 

Steam - 
NaClO 

Interaction 
0.518 20.016 

31 4 -  

Cumulated 
NaClO 

Exposure 
(Hrs) 

Cumulated 
H3PO4 

Exposure 
(Hrs) 

Eco 
Interval 
(Hrs) 

Steam - 
NaClO 

Interaction 
0.223 30.093 
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Appendix D – FTIR Analysis of Surface Oxidation 

Shown below are the FTIR analysis results from six category 1 diaphragm samples who showed no 

other signs of degradation apart from surface discoloration. As shown, there is oxidation present on the 

material surface which is responsible for the change in material colour. This damage is not believed to 

impact the mechanical strength of the material significantly. 

 

 
Figure 11.1: FTIR results of six degradation category 1 diaphragm samples 
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Appendix E – Human Factors Questionnaire 

12.1 Overview 

 

The basic structure of the interviews centred on the following questions, however the interviews were 

structured in a semi-formal manner to help elicit a more natural response from the interviewees: 

 

 What makes maintenance process more difficult from a technician’s perspective? 

 Could any of the valve components become damaged during installation or maintenance? 

 In what ways can a valve be installed incorrectly? 

 How much does each of the following factors increase the risk of incorrect installation, if at all? 

o Valve complexity 

o Valve size 

o Procedure information for the valve 

o Accessibility of the installation location 

o Lighting in the installation location 

o Noise in the installation location 

o Distractions in the installation location 

o Technician experience level 

o Time available to perform the task 

o Time of day or night 

2.  

The SHELL (software, hardware, environment, liveware) model was also used as it and places 

emphasis on the human being and human interfaces with other components. Based on the SHELL model 

the technicians were asked if any of the following points contributed to maintenance difficulty: 

 

Software 

 Procedures 

 Time available (time pressure) 
 

Hardware 

 Tools and equipment 

 Valve 
 

Environment 

 Lighting 

 Access 

 Noise 

 Distractions 

 Time of day 

 Fatigue 

 Attention 

 Training 

 Experience 
 

Liveware 

 Supervision 
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 Other maintainers 
 

The transcript covering the main points of the discussions between the author and maintenance 

technicians is given below: 

 

 Access to the valve identified as potentially making the ECO process more difficult from a 

maintainer’s perspective – main issue encountered 

 Access to bolts can be particularly difficult behind banks of pipe-work,  at height, or in small 

crawl spaces – getting tools into awkward to reach locations is problematic – in particular it can 
be hard to get torque wrenches into some locations during final torque pass 

 Interstitial area in particular contains fibreglass / old caustic spills – makes access more difficult 
and can increase ECO difficulty 

 More than one maintainer working on a difficult to reach valve can help alleviate the problem –
often done on an ad-hoc basis when help is needed 

 Time-constraints not an issue during standard ECO’s – only during extreme circumstances but a 

rare occurrence – maintainers focus on doing the job right rather than quickly 

 Over tightening or uneven tightening of bolts is potential source of diaphragm / valve damage 

during ECO’s – exacerbated by poor access to the valves – more likely when tool access is more 
difficult 

 Misalignment not an issue – maintainers well aware of need for correct alignment due to sealing 
issues 

 Training has had a positive impact on diaphragm lifetime – 70% to 80% of maintainers time is 

valve maintenance – training helps keep certain issues fresh – helps alleviate complacency – is 
currently adequate 

 Torque wrenches probably don’t need calibrating 

 ECO procedures robust – no need to change – do not increase risk of installation errors 

 Valve size can have an impact on installation difficulty – smaller sizes more difficult due to small 
size of bolts / washers, particularly when gowned up 

 Environmental issues (temperature, noise, lighting) have little impact on ECO difficulty 

 Experience of techs, contractors or staff, has little effect on probability of incorrect ECO 

 Refresher training – perhaps once every 12 months - identified as potential way to keep training 
fresh in the minds of the maintainers

 


