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A B S T R A C T

Air pollution from transport hubs is a recognised health concern for local urban inhabitants. Within the domain 
of transport hubs, significant attention has been given to larger airport and port settings, however concerns have 
been raised about emissions from urban railway hubs, especially those with diesel trains. This paper presents an 
approach that adopts low-cost monitoring (LCM) for fixed site monitoring (FSM) to quantify and disaggregate 
PM2.5 and NO2 contributions from railway station and road traffic on air quality in the vicinity of railway station 
in Dublin, Ireland. The NO2 sensor showed larger discrepancies than the PM2.5 sensor when compared to the 
reference monitor. Machine learning models (XGBoost and Random Forest (RF) regression) were applied to 
calibrate the LCM devices, with the XGBoost model (NO2, R2 

= 0.8 and RSME = 9.1 μg/m3 & PM2.5, R2 
= 0.92 

and RSME = 2.2 μg/m3) deemed more appropriate than the RF model. Local wind conditions, pressure, PM2.5 
concentrations, and road traffic significantly impacted NO2 model results, while raw PM2.5 sensor readings 
greatly influenced the PM2.5 model output. This highlights that the NO2 sensor requires more input data for 
accurate calibration, unlike the PM2.5 sensor. The monitoring results from the one-month monitoring campaign 
from May 25, 2023 to June 25, 2023 presented elevated NO2 and PM2.5 concentrations measured at the railway 
station, which translated to exceedances of the annual WHO limits (PM2.5 = 5 μg/m3, NO2 = 10 μg/m3) by 
1.6–1.8 and 3.2–5.2 times respectively at the study site. A subsequent data filtering technique based on wind 
orientation, revealed that the railway station was the main PM2.5 source and road traffic was the main NO2 
source when winds come from the railway station. This study highlights the value of LCM devices alongside 
robust machine learning techniques to capture air quality in urban settings.

1. Introduction

Air pollution has been associated with a wide number of serious 
health impacts, which include cardiovascular disease, lung disease, and 
chronic obstructive pulmonary disease, as well as premature death 
(Manisalidis et al., 2020; Phairuang et al., 2024; Saucy et al., 2021). 
Despite strong efforts to lower emissions through diverse methods, air 
pollution from the transportation sector continues to be a major source 
of elevated concentrations in the urban environment today (Cheng et al., 
2011; Hakkim et al., 2021; Phairuang et al., 2021).

Rail is considered as a greener mode of transport when compared 
with air and road as it has a lower rate of emissions per passenger and 

thus a lesser relative impact on climate change and the environment 
(Font et al., 2020). The entire transportation industry is responsible for 
around 22% of worldwide emissions (Railway Technology, 2016), with 
railway transport only accounting for 0.8% of the sector. However, 
railway services, specifically powered by diesel emit significant amount 
of air pollutants along their routes and while stationed. In the European 
union (EU-27), diesel trains contribution to the mobile sources of PM2.5, 
black carbon, and nitrogen oxides emissions were estimated to be 2.8%, 
2.5% and 2%, respectively (Borken-kleefeld & Ntziachristos, 2012). 
60% of the European rail network is already electrified with 80% of the 
train traffic running on these lines (European Commission, 2023). 
However, in Ireland, only 2% of railway lines are equipped with 
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electrification ranking it lowest in Europe (European Commission, 
2023).

The impacts of major railway terminals on local ambient air quality 
equally requires further research. Many studies have reported air quality 
in subway systems (e.g. Grana et al., 2017; Kim et al., 2008; Martins 
et al., 2016; Passi et al., 2021; Vilcassim et al., 2014). Their focus has 
been on assessing the PM10, PM2.5 and ultrafine particles (UFP) con
centrations and their sources in the subway network, where there is a 
sole presence of non-exhaust emission in the absence of diesel-powered 
trains. Only three studies have been performed in ground level railway 
station environments, all of which were conducted in the UK: in Bir
mingham New Street (Hickman et al., 2018); in London Paddington 
(Chong et al., 2015); and in Edinburgh Waverley and London King’s 
Cross stations (Font et al., 2020). Hickman et al. (2018) and Chong et al. 
(2015) focused mainly on assessing the air quality within and outside 
the station environment, whilst Font et al. (2020) also applied machine 
learning to evaluate the impact of individual diesel-powered trains on 
measured concentrations. Comparatively no source apportionment work 
has been undertaken in the vicinity of the railway station to determine 
the railway station emissions impact on local air quality. Furthermore, 
no work has been undertaken in railway hubs of this nature with a high 
predominance of diesel trains as those currently existing in Ireland.

The concentration of air pollutants in the vicinity of the railway 
terminals is partially influenced by the emissions from the trains; these 
includes NO2 and particle matter (PM) from the diesel-powered train 
exhaust at idling and notch 1 condition (accelerating and deaccelerating 
in station) (Ozigis et al., 2021), and particles generated by wheel and 
brake wear of the train (Font et al., 2020; Hickman et al., 2018). The 
emissions from diesel trains are lower during idling than during the 
notching operation. However, still the idling emissions are significant. 
The PM10, NOx, CO, and Hydrocarbon (HC) emissions from diesel lo
comotives during idling were estimated to be 43.4 mg/m3, 147 ppm, 94 
ppm, 4.3 ppm, respectively whilst during notch 1 condition were found 
to be 60 mg/m3, 243 ppm, 53 ppm, 4 ppm, respectively (Kim et al., 
2020). In addition, train emissions, eateries, and the resuspension of 
dust from commuters and train movement are also sources of emissions.

Studies have implemented different source apportionment tech
niques to quantify the contribution of airport and port sources to local 
air quality (Carslaw et al., 2006; de Foy et al., 2021; Hagler et al., 2021; 
Han et al., 2022; Ledoux et al., 2018). For instance, Ledoux et al. (2018)
analysed three months of air quality data using bivariate polar plots to 
quantify gaseous and PM emissions from ships in the neighbourhood of 
port of Calais. PM10, SO2, NOx emissions from ships were quantified to 
be 2, 51 and 50%, respectively. A study conducted over 2 years at Santa 
Cruz de Tenerife filtered the particle number concentration data using 
inland sea breeze periods, and SO2 as the indicative species of ship 
emissions to apportion particle sources in the vicinity of the port. The 
study found 65–70% of the particles detected are related to ship emis
sions (González et al., 2011). Han et al. (2022) used a generalized ad
ditive model to examine the effect of airport related emissions on hourly 
NOx levels in Xinzheng International Airport, China. The study found 
13% of the NOx levels measured in the vicinity of the airport are 
attributed to the sources of airport activities. These studies have adopted 
high-end air quality instruments to discriminate the sources. However, 
the use of low-cost air quality sensors, diffusion tubes, and machine 
learning models can also aid in analysing polluting sources in a 
cost-effective manner, making such studies more accessible and scalable 
for wider implementation. An attempt has been made in this study to 
detect and quantify the contributions of train and road traffic with the 
help of low-cost sensors, diffusion tubes, and a valuable machine 
learning model in the vicinity of a railway terminal.

In 2019, a continuous monitoring station in Ireland’s national air 
quality network operated by the Environmental Protection Agency 
(EPA) located adjacent to one of Dublin’s major railway terminals, 
Heuston station, recorded exceedances of NO2 (UTRAP, 2021). The 
railway station is located at an intersection where heavy rail, public 

transport services such as buses and taxis, and private cars intersect. The 
area also contains residential development within the vicinity of the 
station in several directions. This study aims to use low-cost monitoring 
(LCM) devices alongside calibration techniques to assess the impact of 
this large railway hub on localised air quality. It focuses on detecting, 
quantifying, and disaggregating the contributions of road traffic and 
railway station emissions to PM2.5 and NO2 levels measured in its vi
cinity. Machine learning models were employed to calibrate the low-cost 
devices, and data filtration methods were used to capture the contri
butions from railway station and road traffic. This combined measure
ment and modelling investigation can help key stakeholders determine 
the proportionality of impact on air pollution exceedances attributed to 
public and private sector transport modes in a cost-effective manner.

2. Methodology

2.1. Site description

Heuston railway station is a terminal station with tracks aligned in an 
East-West direction. The station is partially enclosed, with four plat
forms housed under a glazed roof (with longitudinal vent on its roof, 
approximately 30 cm height), while two platforms are not enclosed. The 
longitudinal vent in the roof is the major outlet through which pollutants 
from the train exhaust exit the railway station. The primary external 
opening for the enclosed platforms is at the western end where trains 
exit and enter the station. There are two additional openings, a pedes
trian and vehicles access point located south and north of the station, 
respectively. Averaged over May–June 2023, Heuston had approxi
mately 134 trains/day in the station between Monday-Saturday, 
reducing to approximately 73 trains/day on Sundays. All of the trains 
from Heuston station scheduled during the monitoring campaign were 
fuelled by diesel. St John’s Road West is one of the major roads in Dublin 
connecting the city the with the arterial M50 motorway via the N4 
corridor. The average traffic on this road in June ranged between 
26,000–27,000 vehicles/day (Dublin City Council, 2023).

Adjacent to the railway station is a continuous EPA fixed monitoring 
site located along St John’s Road station, and which is situated within 3 
km from Dublin city centre. This site is hereafter referred to as St. John’s 
FSM. This location observed NO2 exceedances in 2019 and therefore 
serves as a point of interest in determining the contribution of pollution 
from the railway station at the monitoring site. This station is a statutory 
monitoring point for reporting air quality as part of the national network 
in line with EU directives. It records hourly PM10, PM2.5, and NO2 
concentrations and is located opposite to a major road (St John’s Road 
West) and Heuston railway station (Fig. 1).

2.2. Measurement campaign

2.2.1. p.m.2.5 & NO2 measurement using low-cost monitoring device
The measurement of PM2.5 and NO2 were carried out using a low-cost 

monitoring (LCM) device (ELOS outdoor station, Elichens). The device 
uses light-scattering and an electrochemical sensor to measure PM2.5 
and NO2, respectively. Beside PM2.5 and NO2, device also measures 
additional parameters such as temperature, humidity, pressure, and 
noise. Specification of the sensors in the LCM device are given in Sup
plementary Table S1. Each parameter was measured at different time 
resolutions. For evaluation and calibration purposes, all measurements 
were averaged over 1-h periods. Two LCM devices (LCMA and LCMB) 
were used in this study. Before and after deploying them at the study 
site, both devices were co-located for 28-days at a city centre and traffic 
site to evaluate the precision of the devices. Measured parameters from 
both the devices showed good correlation and relatively minimal error. 
The performance statistics of the devices are provided in Supplementary 
Table S2. Linear adjustments were applied for all the parameters 
measured with LCMB, with reference to LCMA to further reduce the error 
bias between them.
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During the monitoring campaign LCMA was co-located with St. Johns 
FSM, while LCMB was deployed on the roof of Heuston station (south 
end of the station and 6m above the ground level) and measurements 
were collected simultaneously. PM2.5 and NO2 concentrations were 
monitored continuously for a month from 25 May – June 26, 2023. The 
measurements collected by LCMA were used to develop the calibration 
model (with reference to St. Johns FSM measurements), while LCMB 
measurements were used in the analysis after calibration. The calibra
tion model developed for LCMA was used for calibrating LCMB as the 
measurement performance of both the devices were very similar. A 
weather station (HOBO U30) was installed at Heuston roof to collect the 
hourly wind speed and direction for the aforementioned period. The 
winds were predominantly from the NEE direction (26%) during this 
period. Additionally, another nearby national EPA fixed station (Cabra 
community college) located approximately 2.1 km upwind of railway 
station was selected to act as a representation of the background air 
quality for PM2.5. This site is hereafter referred to as Cabra FSM. Cabra 
FSM is a residential site surrounded by parks and educational estab
lishments, with no major air pollution sources in its neighbourhood 
during the study period.

2.2.2. NO2 measurement using diffusion tube
A Palmes-type diffusion tube was co-located with the LCMB device on 

the Heuston roof to measure average NO2 concentrations over the 
monitoring period of one month. The accuracy of the NO2 diffusion 
tubes (10–12% error) is higher than the calibrated NO2 sensor values 
(Mueller et al., 2017). To further reduce the bias associated with the 
calibrated sensors, the low-cost sensor based NO2 measurements were 
normalised using its average value (over the study period) after applying 
the calibration model and adjusted using average NO2 value measured 
using diffusion tube. Additionally, a diffusion tube was installed in the 
northern wall of Heuston station to capture the upwind station back
ground NO2 concentration (Fig. 1). A set of diffusion tubes were also 

co-located alongside the St. Johns FSM. The results of these diffusion 
tubes were compared with St. Johns FSM NO2 gas analyser and a 
correction factor was determined using the DEFRA bias adjustment tool 
(DEFRA, 2011). The correction factor (0.89) was then multiplied with 
diffusion tube NO2 value measured at the Heuston station roof and 
northern wall.

2.3. Development of calibration model

The study evaluated two distinct machine learning algorithms 
(XGBoost and random forest), which are commonly found in the liter
ature for calibrating low-cost sensors (Adong et al., 2022; Liu et al., 
2021). XGBoost and random forest (RF) are ensemble models but 
employ boosting and bagging techniques, respectively (Pan et al., 2023). 
A k-fold cross validation approach was adopted to evaluate the two 
calibration models. In this approach, the dataset was split into k folds, 
and the model was trained and tested k times, using a different fold 
serving as the validation set during each iteration. This approach avoi
ded performance overprediction, restricting leakage of data, and 
limiting prediction of past observations (Wang et al., 2023). The Python 
packages scikit-learn (sklearn) and XGBoost were used to perform RF 
and XGBoost regression, respectively. RandomizedSearchCV function 
was employed to perform k-fold cross validation and obtain the optimal 
hyperparameters for the models.

In the dataset, sensor readings of PM2.5 and NO2, meteorological 
variables such as wind speed (m/s), wind direction, humidity (%), 
temperature (Celsius), and pressure (millibar), temporal variables such 
as hours of the day, day of the month, and month of the year, enigi
neered variables such as rate of change of temperature per hour, rate of 
change of humidity per hour, and additional factors such as noise (Db), 
train schedule, and road traffic were all considered as the explanatory 
variables. The detailed information of the variables in the model are 
provided in the Supplementary Table S3. The reference monitor reading 

Fig. 1. Layout of monitoring site and insert of wind rose (25 May – June 26, 2023) at Heuston railway station in Dublin, Ireland.
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of PM2.5 and NO2 (St. Johns FSM values) were treated as the response 
variables. The models were trained with a test size of 20%, a random 
state of 42, and 5-fold cross-validation. A total of 750 data points were 
used to develop the models. Two calibration model were developed for 
PM2.5: one based on a dataset with pollutant values less than or equal to 
median value; and one on a dataset with pollutant values above the 
median value to avoid overprediction of the response variables at lower 
concentration. However, the NO2 calibration model was developed 
considering the whole dataset, as the NO2 sensor exhibited a lower 
standard deviation (StDev) value. For each fold, trained models were 
evaluated against the test dataset using performance metrics such as root 
mean squared error (RMSE) and coefficient of determination (R2). The 
result from each evaluation was then averaged to derive the final eval
uation metric for the model, and a similar procedure was applied to 
determine the model’s hyperparameters.

The Shapley Additive exPlanations (SHAP) method was then used to 
sort the variables based on their global impact and to compute the 
impact of each variables on the model output of each sample test, 
highlighting the complex relation between the response and explanatory 
variables (Wang et al., 2023).

2.3.1. Source apportionment
A data filtration technique helped disaggregate the contribution of 

road traffic and railway station emission sources. Data filtration is a 
quantitative technique that can be used to detect the sources contribu
tion based on specific periods of interest such as selecting hours of the 
day when traffic is high, filtering data corresponding to upwind and 
downwind directions of monitoring sites, or based on specific activity 
such as filtering data corresponding to specific traffic movements (e.g., 
aircraft landing/take-off, ship hostelling and manoeuvring etc) (Carslaw 
et al., 2006; Merico et al., 2016) and transport characteristics (e.g., 
engine type, fuel type etc) (Schürmann et al., 2007). In this study, the 
pollutant concentrations were filtered based on corresponding upwind 
and downwind sectors of the Heuston railway station and St. Johns 
Road.

The road traffic emission contribution for NO2 and PM2.5 were esti
mated by considering the hourly concentrations in the specific wind 
sector of 110–250◦ when the road traffic emissions was considered more 
likely to have an effect on NO2 and PM2.5 concentrations (measured at 
Heuston roof) and by removing the background concentration by sub
tracting the pollutants concentration measured at St. Johns FSM 
(Table 1). Similarly, railway station emissions contribution for NO2 and 

PM2.5 were estimated by considering the wind sector ((0–70◦) & 
(290–360◦)) where railway station emissions have significant effect on 
NO2 and PM2.5 levels (measured at Heuston roof), after subtracting the 
background concentration (NO2 - Northern wall of Heuston roof & PM2.5 
- Cabra FSM). However, the railway station emission contribution for 
NO2 was not estimated explicitly as the upwind background NO2 con
centrations were reflective of the averaged value (measured using 
diffusion tube) over the monitoring period. At the St. Johns FSM, the 
railway station emissions contribution was estimated, after subtracting 
the previous estimated traffic contribution from the average PM2.5 and 
NO2 measured at St. Johns FSM. For estimating the railway station 
emissions, hours of the day when trains were scheduled to run 
(6:00–23:00) were only considered in the filtration analysis. Supple
mentary Fig. S1 shows the filtrating technique adopted at the site.

2.3.2. Bivariate polar plot
To interpret the dependency of pollutants on wind speed, the con

centration of NO2 and PM2.5 measured at Heuston station roof and St. 
Johns FSM were associated with wind speed and direction using bivar
iate polar plots. Bivariate polar plots are a commonly employed method 
to discriminate between sources of pollutants emitted with significant 
levels of buoyancy (e.g., industrial stack emissions, ships and aircraft 
plumes) (Carslaw et al., 2006). This method can also be employed to 
understand the complex relationships between wind speed and pollut
ants concentration. For instance, flow in an urban street-canyon where 
wind-blown particle re-suspension is important and where concentra
tion of particle increases with wind speed (Carslaw et al., 2006).

3. Results & discussion

3.1. Performance analysis of stationary co-location of LCMA with St. 
Johns FSM

The raw data was measured using LCMA in reference to the St. Johns 
FSM. The average PM2.5 and NO2 concentrations captured by LCMA 
during the sampling period were found to underestimate the average 
concentrations measured by the reference monitor by 33% and 59%, 
respectively. In addition, LCMA presented a significantly lower StDev for 
NO2 of 2.8 μg/m3 compared to the St. Johns FSM with a StDev of 16.3 
μg/m3. This suggests that the NO2 sensor was less effective at capturing 
both high and very low NO2 concentrations. Also, the LCMA showed a 
high RMSE of 19.6 μg/m3 and no discernible linear correlation (R2 =

0.009) for NO2 in relation to reference monitor. These discrepancies 
commonly occur in NO2 measurements using electrochemical sensors 
because NO2 is primarily a chemically reactive pollutant, and the ac
curacy of the electrochemical sensors for NO2 measurements is influ
enced by various factors such as interference, pollutant sources, cross- 
sensitivity, and changing environmental conditions (Nowack et al., 
2021). Conversely, StDev the value for the PM2.5 sensor (6.1 μg/m3) was 
similar to the St. Johns FSM (5.5 μg/m3), indicating similar performance 
in terms of capturing extreme concentration. The error and linear cor
relation between the sensor and the reference monitor for PM2.5 was 
found to be 3.7 μg/m3 and 0.76, which indicated that the PM2.5 sensor 
performance was in good agreement with that of the St. Johns FSM 
monitor.

3.2. Performances of the calibration algorithm

The statistical performance (R2 and RMSE) of the calibration models 
developed for LCMA for PM2.5 and NO2 is summarised in Supplementary 
Fig. S2. After applying the calibration model, sensor measurements 
demonstrated a good agreement with the St. Johns FSM. Primarily both 
algorithms provided good calibration results for both NO2 and PM2.5, 
while the performance of the XGBoost model was marginally better than 
the RF model. Also, the performance of the calibration models for PM2.5 
was better than NO2. The R2 and RMSE for PM2.5 calibration model 

Table 1 
Filtering technique employed at the sites.

Site Sources to 
be 
estimated

Sources 
wind 
sector

Background 
site

Sources 
contribution

Heuston 
station 
roof

Road 
traffic

110–250◦ St. Johns FSM Road traffic =
average pollutant 
concentration at 
Heuston roof - 
average pollutant 
concentration at 
background site

Railway 
station 
emission

0–70◦

& 
290–360◦

NO2 - Northern 
wall of Heuston 
roof & PM2.5 - 
Cabra FSM)

Railway station 
emission = average 
pollutant 
concentration at 
Heuston roof - 
average pollutants 
concentration at 
background site

St John 
EPA 
station

Railway 
station 
emissions

0–70◦

& 
290–360◦

– Railway station 
emissions =
average pollutant 
concentration at St. 
Johns FSM - Road 
traffic
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ranged between 0.9-0.92 and 2.2–2.3 μg/m3, respectively, which indi
cated good estimation of PM concentration using the models. The PM 
calibration results tended to be better than gaseous pollutants, owing to 
a good linear relationship between the raw data from the LCMA and the 
St. Johns FSM values (Nowack et al., 2021; Wang et al., 2023).

The R2 and RMSE for the NO2 calibration model ranged between 
0.82-0.83 and 9.1–9.3 μg/m3, respectively, which indicated a reason
able level of reconstruction accuracy for a gaseous pollutant like NO2. 
Based on the performance of the model’s, XGBoost was selected to 
calibrate both PM2.5 and NO2. The time series of the modelled, and 
measured sensor and reference NO2 and PM2.5 concentration are shown 
in Supplementary Fig. S3.

3.3. Impact of variables on model output

We investigated the impact of different variables on best performing 
XGBoost model for PM2.5 and NO2. The importance of each model 
output variable was represented using a SHAP summary plot, which 
consists of magnitude contribution of all points of training dataset of 
each variable, expressed by their SHAP value (Wang et al., 2023). The 
explanatory variable with positive SHAP values has positive prediction 
on the model and vice-versa, and higher absolute SHAP value of vari
ables denotes greater effect on the output. Variables are ranked high to 
low based on the importance, with absolute SHAP values of all data
points from high to low. Fig. 2 presents the violin SHAP summary plot 
for NO2. In Fig. 2, wind speed had the highest variable importance on the 
NO2 model with SHAP values increases at lower wind speed. A strong 
relation of positive SHAP values with lower wind speed clearly indicated 
that NO2 was strongly influenced by local sources. Other than wind 
speed, PM2.5, pressure, train and road traffic, NO2 raw sensor readings, 
and days of the week were positively correlated with the reference NO2 
values. The wind sectors corresponding to negative sine functions 
(100–274◦) had a significant impact on the positive SHAP values, indi
cating potential dominance of NO2 sources in those directions. The effect 
of relative humidity, hours of the day, noise and temperature were not 
significant on the NO2 model.

The PM2.5 model SHAP values presented in Supplementary Fig. S4
clearly show that the relationship between raw sensor readings and 

model output is linear. Besides sensor reading, pressure was the second 
most important variable that was positively correlated with reference 
PM2.5 concentrations. The positive relation with humidity indicates the 
presence of aerosol hygroscopicity in the atmosphere. The association 
between pressure and model outcome was recognised as non-linear, 
consistent with previous literature (Wang et al., 2023). High air pres
sure was conducive in the accumulation of PM2.5 to form polluted 
weather, thus the concentration of PM2.5 increased. However, during 
periods with high PM concentrations, an inverse association was 
observed. It was also observed that air pressure was a good predictor 
rather than a good explainer for sensor readings. All other variables did 
not have significant impact on the PM2.5 model.

It’s important to note that the results from low cost air quality sen
sors are not transferable. While these sensors are affordable, they require 
a significant amount of additional input data to produce meaningful 
results. Additionally, the calibration model developed for one site 
cannot be generalized to other sites due to varying input characteristics. 
Furthermore, access to a reference sensor is required for calibration. 
This means one cannot use these sensors effectively without having 
access to a high-end instrument.

3.4. Concentrations profiles at different study sites

Table 2 presents the summary of the NO2 and PM2.5 concentration 

Fig. 2. SHAP summary plot for NO2 concentrations.

Table 2 
Summary of NO2 and PM2.5 concentrations measured at the study site.

Site Average concentration No. Of days 
exceeding 24- 
hr WHO limit

PM2.5 (μg/ 
m3)

NO2 (μg/ 
m3)

PM2.5 NO2aa

Heuston roof 8.9 51.8 2 30
EPA station 7.8 38.1 4 25
Upwind sites of Heuston 

station
5 31.8 – –

a Hourly and daily averaged NO2 values (obtained using calibrated 
sensor) are adjusted using diffusion tubes data.
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measured at the study sites. The concentration of PM2.5 and NO2 over 
the study period at St. Johns FSM were found to be 7.8 and 38 μg/m3, 
respectively. While the concentration of PM2.5 and NO2 at Heuston roof 
were found to be 8.9 and 51.8 μg/m3, respectively. The concentration of 
PM2.5 and NO2 at the upwind sites of railway station were found to be 5 
and 31.8 μg/m3, respectively. Measured PM2.5 concentrations averaged 
over the study period were exceeding the annual WHO limits (PM2.5 = 5 
μg/m3, NO2 = 10 μg/m3) by 1.6–1.8 and 3.2–5.2 times respectively at 
the study site. However, PM2.5 and NO2 concentrations were well below 
the EU limits of 10 and 40 μg/m3, respectively (except NO2 level at 
Heuston roof). The diurnal variation of pollutants (Supplementary 
Fig. S5) at the study sites showed that elevated PM2.5 concentration was 
observed during the early hours of the day (01:00–05:00) and during 
morning (07:00–9:00). The average PM2.5 concentrations during these 
hours ranged between 5.2 and 9.9 μg/m3, respectively.

The prevalence of low wind speed and low temperature at the site 
potentially led to PM accumulating and stagnating during these hours. 
The heterogeneous hydrolysis of NO2 to nitrate is typically dominant 
during early hours of the day, and this may also add to elevated PM 
concentrations (Shanmuga et al., 2021). The diurnal variation of NO2 
showed a morning and evening peaks reflecting the schedule of traffic 
activities. The average NO2 concentrations during these peak hours 
ranged between 30.3 and 50.7 μg/m3, respectively. The weekday 
average concentrations (PM2.5 = 7.8–9.3 μg/m3 & NO2 = 38.1–52.6 
μg/m3) were slightly higher than the weekend average concentrations 
(PM2.5 = 6.8–8.1 μg/m3 & NO2 = 35.6–49.3 μg/m3) at the study sites.

3.5. Disaggregation of emission sources at St. Johns FSM

3.5.1. Contribution from road traffic
Estimates of the road traffic contribution to NO2 and PM2.5 were 

made by considering the wind sector from which road traffic was likely 
to considerably effect on concentrations. Removing background con
centrations aided in disaggregation of local sources. The road traffic 
contribution was estimated by computing the mean concentration of 
measurements in the considered wind sector range (110–250◦) and the 
measurement frequency was estimated as a proportion of total number 
of hourly measurements in that sector (Table 1). This estimated value 
represented an upper limit of traffic contributions because there were no 
major sources of NO2 and PM2.5 between the background site (St. Johns 
FSM) and the analysed site (Heuston roof). An upper limit of traffic 
emission contributions to PM2.5 and NO2 from St. John’s Road was 
estimated to be 1.7 and 18.7 μg/m3, respectively. The proportion of 
measurements (both PM2.5 & NO2) in this wind sector was estimated to 
be 46%. The mean PM2.5/NO2 ratio was estimated to be 0.09 (on a mass 
basis), which was consistent with the PM2.5/NO2 ratio (0.05–0.09) 
measured from street level road traffic emissions in European cities of 
Gothenburg and Umea, interpreting the source of road traffic (Ferm & 
Sjöberg, 2015).

3.5.2. Railway station contributions
In a similar way, the measurements were filtered based on wind 

sectors (0–70◦ & 290–360◦) where railway station emissions were likely 
to have significant effect (Heuston roof), while also considering the 
hours of the day when trains are scheduled to run. The railway station 
emissions contribution to PM2.5 and NO2 at Heuston station roof was 
estimated to be 6.3 and 36.7 μg/m3, respectively after removing the 
upwind pollutant concentration. However, NO2 emissions from the 
railway station was not explicitly estimated, as upwind NO2 concen
tration reflected the averaged value over the entire monitoring period 
(irrespective of wind sector). The proportion of measurements (both 
PM2.5 & NO2) in this wind sector was 12%.

The estimated mean concentration of PM2.5 at St. Johns FSM (9.3 μg/ 
m3) in the wind sector (0–70◦ & 290–360◦) nearly aligns with the esti
mated mean concentration at the Heuston roof (11.8 μg/m3) within the 
same sector. This implies that the PM2.5 emissions from the railway 

station are effectually transported to the St. Johns FSM in this specific 
wind sector with slight dispersion. Therefore, the railway station emis
sions contribution to PM2.5 estimated at Heuston roof (6.3 μg/m3) is 
projected to be the same at St. Johns FSM. However, a similar trend was 
not observed for NO2, making the results inconclusive for NO2 
dispersion.

The contribution of railway station emissions to NO2 at the St. Johns 
FSM was estimated to be approximately 20.1 μg/m3, after subtracting 
the previously determined road traffic contribution from the mean NO2 
St. Johns FSM concentration in this wind sector (Supplementary 
Table S4). It should be noted that the estimates include the upwind 
concentration of the railway station.

3.6. Effect of wind speed on pollutants source

The bivariate polar plots for pollutants at the study sites considering 
the wind sectors for which road and railway station emission are likely 
to have considerable effect on measured concentrations are shown in 
Fig. 3. At Heuston Station roof (considering wind directions in the sector 
110–250◦), the highest concentrations of NO2 are observed with calm 
wind speed (0–0.5 m/s) and concentrations decrease with increase in 
wind speed (Fig. 3). The average concentration of NO2 (42.1 μg/m3) lies 
predominantly in the lower wind speed range (1–1.5 m/s) which could 
possibly implicate local source (i.e., road traffic in this case) as a 
dominant source. In general, low wind speed in bivariate polar plot 
corresponds to local sources of pollutants and high wind speed helps in 
identifying long distant transport of pollutants (Uria-Tellaetxe & Car
slaw, 2014; Xing et al., 2021). A similar pattern was observed in the NO2 
concentrations measured at St. Johns FSM (considering concentrations 
in the sector 0–70◦ & 290–360◦), however a slight spike in concentra
tions was observed at higher wind speed bins, likely owing to transport 
of pollutants from distant sources. The average concentration of NO2 
(38.8 μg/m3) was distributed over both high (>2 m/s) and low wind 
speed ranges (1–1.5 m/s), reflecting dominant contributions from both 
local sources (i.e., railway station and on-road emissions in this case) 
and distant background sources. The polar plots clearly support that the 
local traffic is one of the dominant sources of NO2 at both St. Johns FSM 
and Heuston Station roof.

Concerning PM2.5, concentrations at St. Johns FSM increases with 
calm wind speed condition (0–1 m/s) and decreases with increase in 
wind speed (1.5–2.5 m/s) (Supplementary Fig. S6). The spike in con
centration was observed at higher wind speed range (>2.5 m/s), where 
particles are transported to ground level through buoyancy effects 
(likely from the distant sources). The average concentration of PM2.5 
(9.1 μg/m3) was noted in both low and high-speed ranges, indicating 
emission from local sources (on-road and railway station emissions)) 
and distant sources. While average concentration of PM2.5 (11.1 μg/m3) 
at Heuston roof dominantly lies in the higher wind speed (>1.5 m/s) 
range indicating the upwind background as a dominant source.

4. Conclusions

This study demonstrated the potential of using low-cost environ
mental monitors as part of a 4-week monitoring campaign to examine 
the impact of railway hub (Heuston railway station) contributions to 
local air pollution in Dublin city. The study used machine learning 
models (RF & XGBoost) to calibrate the PM2.5 and NO2 measurements 
acquired by the low-cost sensors. A data filtration technique (wind di
rection corresponding to sources) was employed to disaggregate road 
traffic and railway station emission contributions to PM2.5 and NO2 
concentrations at the study site (St. Johns FSM). In addition, the results 
from the bivariate polar plots helped to understand the origin of pollu
tion sources.

The performance of the XGBoost model was slightly better than the 
RF model for both PM2.5 and NO2. Local wind speeds presented the 
variable with the greatest impact on NO2 model results, followed by 
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equivalent PM2.5 concentrations, wind direction and pressure. The 
strong relation of lower wind speeds was observed for the NO2 model 
which clearly indicated that NO2 was strongly influenced by the local 
sources. Linear relationship between the raw sensor readings and the 
PM2.5 model was identified, indicating that sensor readings have a sig
nificant effect on the model output. These results highlight that the NO2 
sensor requires more input data for accurate calibration compared to the 
PM2.5 sensor.

Source apportionment results showed that railway station emissions 
as the main PM2.5 source, and road traffic as the main NO2 source, when 
winds are from station wind sector. Bivariate polar plot also revealed the 
dominance of local sources in this sector for PM2.5 and NO2. However, 
only 12% of the winds were from the direction of the station during the 
study period, which may not reflect the annual average conditions. The 
majority of measured wind conditions were upwind of the St. Johns FSM 
(46%), with upwind background NO2 and PM2.5 being the major con
tributors to the St. Johns FSM. Implementing control strategies such as 
low-emission zones and reducing traffic congestion would improve air 
quality in this control area. This study outlines the importance and value 
of LCM devices and complementary modelling techniques to improve 
our understanding of spatio-temporal conditions around the transport 
hub.
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