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Abstract

Meanline modelling approaches remain attractive due
to an unrivalled ability to predict full turbine performance
maps quickly compared to high fidelity approaches such as
CFD, especially in the preliminary design process. As im-
provements in performance on a component level approach a
point of diminishing returns, the ability to efficiently optimise
the complete charging system for a given duty is a topic that
is attracting significant research interest. In order to achieve
this aim, the current piece of work seeks to combine the ad-
vantages of machine learning techniques and physical mean-
line modelling to facilitate faster, more accurate predictions
of complete turbocharger maps.

This paper presents a novel methodology for turbo-
charger turbine rotor performance prediction based on hybrid
modelling. The radial turbine rotor for turbocharger applica-
tions is parameterized in order to conduct CFD simulations
for a variety of turbine geometries. The results of the CFD
simulations make up a database to be fed into an artificial
neural network, by which the rotor losses can be predicted
when a specific geometry and operating condition are given.
The predicted losses are then utilized in the meanline code,
substituting the conventional loss models to predict the tur-
bine rotor performance. One novel aspect of this work is that
the losses occurring in the rotor are split into two portions,
before and after the throat respectively. Another novel aspect
is that the blockage level was implemented as a variable value
in this meanline model to reflect the changing secondary flow
field at the rotor throat at different operating conditions. This
hybrid meanline modelling method is evaluated on several
unseen test cases and shows good agreement with the CFD
results from the perspective of total-to-static efficiency and
mass flow rate. The hybrid meanline modelling method dis-
plays great potential in wide range radial turbine performance
prediction with enhanced accuracy in comparison to tradi-
tional approaches.

Keywords

artificial intelligence, radial turbine, wide range, perfor-
mance, loss models, turbocharger

Nomenclature

Al Artificial intelligence

ANN  Artificial neural network

b Blade height (m)

CFD  Computational Fluids Dynamics

Cp Specific heat capacity at constant pressure (J/(kg-K))

K Loss coefficient

L Loss

LE Leading edge

Ma Mach number

MFP  Mass flow parameter

Ny, Blade number

P Pressure (Pa)

PR Pressure ratio

r Radius (m)

t Thickness (m)

TE Trailing edge

Uy Blade tip speed (m/s)
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w Relative speed (m/s)

X x-coordinate, axial location

X Streamwise location of the points at the blade angle
Bezier curve

y y-coordinate, radial location

Y Blade angle value of the points at the blade angle
Bezier curve

Z Axial distance from LE to TE (m)

n Efficiency

B Relative flow angle (°)

€ Clearance (mm)

Subscripts

1 Housing inlet

2 Housing throat

3 Housing outlet

4 Nozzle inlet

5 Nozzle throat

6 Nozzle outlet
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Rotor inlet

Rotor inlet after incidence loss

Rotor throat

Rotor outlet

Diffuser outlet

Second point of blade angle Bezier curve
Clearance

Third point of blade angle Bezier curve
Fourth point of blade angle Bezier curve
inc Incidence

geom  Geometrical

= © 0~
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H Hydraulic

m Mean

opt Optimum

p Passage

P Control point of hub meridional profile Bezier curve

Q Control point of shroud meridional profile Bezier
curve
Radial direction

S Isentropic process

te Trailing edge

ts Total-to-static

tt Total-to-total

X Axial direction

1. Introduction

There is a continuing need for the rapid, reliable and ac-
curate generation of overall performance predictions for tur-
bomachinery design work, especially for turbocharger design,
in which overall performance rather than primarily design
point operation is the key consideration. In the case of turbo-
charging applications, existing engine and powertrain simu-
lations require turbine maps to calculate the turbine perfor-
mance, which are usually obtained from experimental testing.
Unfortunately, the need for extrapolation is unavoidable be-
cause of the dearth of the testing data, leading to inaccuracies
especially at off-design conditions. Therefore, low fidelity
turbine and compressor models need to be incorporated into
existing one-dimensional engine simulation tools to enable
intensive modelling and optimisation of complete vehicle
powertrains for different drive cycles using turbine models
that allow for geometrical changes with some physical mod-
elling.

A low fidelity turbine modelling method should deliver
a rapid solution and require the minimum amount of geomet-
ric data. These aims are typically achieved through the use of
empirical loss models calibrated against experimental charac-
teristics. The meanline method is especially advantageous in
the preliminary design process, when detailed three-dimen-
sional blade and flow channel profiles have not been deter-
mined. Meanline turbine modelling has been possible for
many years [1][2], although the conventional empirical loss
models require calibration for specific turbine designs and are
not robust at off-design operating conditions. Vehicle power-
train models currently predict performance using interpolated
and extrapolated turbine and compressor maps, with inevita-
ble uncertainty [3][4]. Improved powertrain optimisation

methods need to be able to alter the turbocharger geometry
and predict the impact on compressor and turbine maps
through physically based models in order to achieve a fully
optimised solution. The current meanline models are not able
to give sufficiently accurate performance prediction across a
wide range of operating conditions. Improvements in mean-
line modelling are specifically needed to allow better calibra-
tion of the loss models for extreme off-design performance
prediction, which is important for modelling pulsed flow and
for vehicle transient performance [5]. In recent years, re-
search has been conducted to extend the meanline method
into mixed flow turbine applications [6][7], variable geome-
try turbine applications [8][9], turbine pulsating flow model-
ling [10][11], twin-scroll turbine applications [12] and so
forth. However, the meanline modelling method always re-
quires a calibration process for the loss models by comparing
with experimental or high-fidelity numerical results at design
point. The reason behind this is the limited accuracy and the
limited range of applicability of the conventional loss models.

It is unrealistic to expect models that are essentially
based on the assumption of one-dimensional flow to be able
to accurately represent the losses arising from the complex
three-dimensional flow field in a real turbine, particularly
when dealing with simulations across a wide operating range.
Loss modelling inevitably results in simplifications which
have to be compensated for by the introduction of empirical
data from turbine tests. Many different loss modelling sys-
tems are in use by turbine designers. Probably the most
widely used is based on the work of NASA. The NASA mod-
els [1][13] were originally published in the 1960s and later
expanded upon, but were actually based on a very limited
number of radial turbine designs originally developed for a
single application of a closed-cycle gas turbine. Commonly,
rotor loss models applied in the meanline method can be clas-
sified into incidence loss, passage loss, tip clearance loss,
trailing edge loss and windage loss. The individual loss mod-
els are usually configured to be related to flow kinetic energy
with different empirically derived coefficients.

While surrogate based artificial intelligence (Al) ap-
proaches offer the ability to include a lot of data in the meta-
model training, the lack of fundamental flow physics can
prove problematic from a design perspective. By comparison,
while one-dimensional meanline modelling incorporates the
necessary physics, the loss models employed can be limited
in application and frequently rely on designer experience to
generate satisfactory results. By utilising a hybrid methodol-
ogy whereby the loss used in the meanline model is predicted
through an Al surrogate technique trained using an extensive
CFD database, the current work seeks to deliver improve-
ments in both speed and accuracy of prediction of complete
performance maps.

Structure of the paper

The main objective of this research is to explore the pos-
sibility and potential of a hybrid meanline modelling tech-
nique using Al / machine learning for loss prediction to de-
liver wide range turbine performance map prediction with an
acceptable trade-off between accuracy and calculation time.
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To begin with, this paper introduces the experimentally vali-
dated turbine rotor CFD simulation study method. The mean-
line modelling is presented afterwards, followed by a brief in-
troduction to the Al method adopted in this study. The rotor
geometry parameterization and loss extraction methods are
then described, followed by presentation and discussion of the
results generated by the novel hybrid meanline model. Fi-
nally, the conclusions are drawn to summarize the capability
of the new hybrid meanline method.

2. Experimentally validated CFD method

A numerical simulation model was set up using the
commercial CFD code ANSYS CFX 19.2. A steady-state
model comprising the full rotor blade passages (360°) of a
turbocharger turbine stage was employed, as is shown in Fig-
ure 1. The Shear Stress Transport (SST) turbulence model
was used due to its numerical stability over a range of operat-
ing conditions and its effectiveness for predicting tur-
bomachinery flows [14]. Structured hexahedral grids for the
rotor and diffuser and the extended sections at inlet and outlet
were created using TurboGrid. An unstructured mesh was
created in Ansys ICEM for the volute component. A grid in-
dependence study was conducted to ensure that the simulation
was independent of the grid refinement. This resulted in a
mesh cell count for the volute and rotor passages and inlet and
outlet sections was 16.1 million. The y+ value was maintained
below five in the rotor domain and at less than ten in the vol-
ute domain. A frozen rotor interface (multiple reference
frame) was utilized at the interface of the rotating and station-
ary components.

Turbine volute

- Frozen rotor interface

\

Turbine blade

I

Turbine diffuser Outlet

Multiple reference frame interface

Figure 1 Full passages CFD model

All wall boundary conditions were modelled as being
no-slip and adiabatic, and the fluid was defined as ‘Air Ideal
Gas’. Stagnation pressure and temperature were defined at the
inlet while the static pressure was given at the outlet.

Experimental validation of the numerical approach was
conducted using a turbine dynamometer test facility. Effi-
ciency calculations were based on temperature and pressure
measurements taken upstream of the turbine inlet and the at
the outlet section. The turbine dynamometer allowed a much

wider range of turbine operating conditions to be tested than
is possible on a conventional hot gas stand.
The corrected MFP and efficiency predictions from the
CFD simulation are compared with the experimental meas-
urements at medium rotating speed with different inlet stag-
nation pressure in Figure 2. These data are chosen for clarity
of presentation as the data is representative of the correlation
achieved across the operating range. The experimental and
numerical efficiencies and mass flow parameters achieved
good agreement and followed similar trends. Overall, the
maximum error of mass flow parameter and efficiency is
1.47% and 1.3% respectively. With a very good agreement,
this CFD setup is considered sufficiently validated by exper-
imental test data.
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Figure 2 CFD results compared with experimental test
3. Meanline method

In the meanline method, the blade-to-blade and meridi-
onal variations of the flow pattern are inevitably neglected so
that any turbomachinery device can be considered as a set of
ducts in which the basic geometrical parameters are defined.
The meanline method is a very powerful tool to predict the
turbine performance because of the capability to simulate a
complete turbine map in seconds which would take hours
even with a very coarse mesh in CFD on comparable compu-
ting resources.

In this study, the flow path of the turbine stage was di-
vided into 13 stations from the housing inlet to diffuser outlet,
as is shown in Figure 3, which incorporates more calculation
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stations that most conventional meanline models so as to al-
low for more implementation of the more comprehensive loss
and blockage models.

The reliability of the iteration method used to obtain a
converged mass flow rate at a given operating point is funda-
mental to the success of the model. The method employed in
the current work is based on [2] and ensured a converged so-
lution for a wide range of flow conditions. It should be noted
that turbines can operate at extremely high expansion ratios,
resulting in choking at one or more stations within the stage.
Therefore, the expansion ratio is a very sensitive function of
mass flow rate close to the choke condition. In the iterative
scheme, the exit static pressure was used to influence as-
sumed values of static pressure at the blade trailing edge sta-
tion. This value of static pressure was then used in turn to
compute local values of mass flow rate in the iteration process
until the mass flow rate at each station converged upon a sin-
gle value. The architecture of the meanline is illustrated in
Figure 4. More detailed information of the iterative calcula-
tion method can be found from [2].

Loss models are essential for meanline model perfor-
mance prediction. A wide range of loss models and correla-
tions is available in the published literature. The rotor losses
are generally divided into the following categories: passage
loss, incidence loss, tip clearance loss, trailing edge loss and
windage loss. Loss models adopted in the meanline model
here are listed as followings:

Incidence loss [1]:

2 r N2
_ Kincw7sin(iy)

Line = I W
Where
i;=p7 — .87,opt’ @
And

— _—lo8tanay
tanﬁ%opt T Npi(1-1.98/Np)) (3)

Passage loss [15]:

7 2
Lp = Kp {(;_Z) + 0.68 [1 — (:1_71) ]%}% (W72 +

W121) 4
Tip clearance loss [15]:
Le = 20 (Ko, G+ Kot Cr + Kup[E080 GGy ) (5)
Trailing edge loss [16]:
Lyp = 201 [Mtium 2 ©)

The input information to the model comprised of one-
dimensional turbine geometry, pressure ratio, stagnation tem-
perature at inlet, rotational speed, exit static pressure and gas
properties.

: Housing Inlet
: Housing Throat
: Housing Outlet
: Nozzle Inlet
: Nozzle Throat
: Nozzle Outlet
: Rotor Inlet
8: Rotor Inlet after
9101112 Incidence Loss
9: Rotor Throat
10: After Rotor Throat
11: Rotor TE
12: Rotor OQutlet
13: Diffuser Qutlet

SN aWwN e

Figure 3 Turbine flow path

The meanline model was coded using the Python 3 com-
puter language. The input data was saved in a Microsoft Excel
file with several sheets including geometry, operating condi-
tions and loss model coefficients. The output was also a Mi-
crosoft Excel file with two sheets, one for overall perfor-
mance and a second covering detailed results at each station
for every operating condition point.

Guess m, Py,
Calculate
Ty, Py, Py,
To1, Ma,,
hipa03 Gy Cpro¥ao 1
Geometry;
Operating
condition: =p{ 1.Housingin P ... o 5{:?;:4:& P 6.Nozzle out
To, PR, Poyy,
rotating speed; [
Loss factors. 'l_lf_sf_j
12.Rotorout o ... - 9. Rotor l+1 7.Rotor in
throat
13 Diffuser Convergence check Output:
: out P Efficiency and MFP map;
Piz = Poye ? Details at every station
m=mg =mg ?
|

If no

Figure 4 Meanline model structure

4. Hybrid model

In a conventional meanline method, the contribution of
individual sources of loss throughout the stage are calculated
by several separate loss models during the iteration process,
as discussed in Section 3. The problem with this approach is
that the loss coefficients must be tuned for a given family of
turbines through use of testing data to give satisfactory per-
formance prediction. For turbines without testing data, the ac-
curacy of the conventional meanline method cannot be en-
sured. However, the lack of wide range testing data for radial
turbines is a well-known limitation for the low fidelity model
development and validation. This problem arises due to the
range of stable compressor operation limiting the range of tur-
bine power absorption that can be achieved at any given speed
on a turbocharger hot gas test stand. Therefore, there is low
confidence in calibrating and using the meanline method for
predicting the performance map for wide range applications,
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especially during the preliminary design process. Further-
more, it is difficult to separate the losses out into individual,
independent headings when they are all interrelated to a
greater or lesser extent.

Machine learning is a branch of artificial intelligence
(Al) which focuses on the use of data to imitate the way that
humans learn. It can be used to make predictions by uncover-
ing key insights within large data sets. Applications of ma-
chine learning have been proposed in turbomachinery design
and optimization [17][18]. Artificial neural network (ANN)
is just one of several possible methods of machine learning to
train a surrogate model. The motivation for choosing ANN as
the method to train an Al model is that ANN has been widely
used for many years in a variety of applications, so that the
robustness has been validated and the related training experi-
ences are available [19][20]. Besides, the Keras module in
Python provides a user-friendly environment for ANN model
development.

In this section, the ANN-meanline hybrid model is in-
troduced to explore an accurate, fast, and wide-ranged turbine
performance prediction model. The ANN was configured to
be trained by CFD simulation data and then predict the loss
for a certain turbine geometry at a given operating point.
Large numbers of CFD cases were conducted to set up the
ANN training database. Different from the conventional
meanline method, losses were presented as two packages ra-
ther than several conventional loss models. Therefore, there
is no need to tune the loss coefficients and the accuracy of
performance prediction is independent from the loss coeffi-
cients.

4.1. Summary of Al method

For performance prediction in high-dimensional prob-
lems, neural networks are employed using regression tech-
niques to approximate the highly non-linear functions. An ar-
tificial neural network consists of an input layer, a number of
hidden layers and an output layer. There are some neurons in
each layer. The non-linearity is created by introducing com-
plex non-linear activation function of each neuron. The learn-
ing process is actually driven by seeking to minimize the error
throughout the entire function from input layer to output
layer. The process is monitored or evaluated via a loss func-
tion, which is analogous to the cost function of a traditional
optimization process. (Note that this is a measure of the accu-
racy of the numerical process and does not physically relate
to the thermodynamic losses in the turbine stage.) The perfor-
mance of an ANN is highly dependent on the tuning parame-
ters, which are learning rate, the number of hidden layers, the
number of neurons, the activation function and the loss func-
tion.

4.2. Rotor geometer parameterization

The ANN training database should contain diversity of
turbine geometries and operating points in order to effectively
predict the performance of unseen turbines. To begin with,
the turbine geometry needs to be parameterized.

DesignModeler in ANSYS 19.2 was utilized to design
rotor blades. Blade angle distribution was described by a cu-
bic Bezier curve that was defined by four points, as illustrated

in Figure 5. With point A fixed at the LE (leading edge) of
the rotor blade, the curve could be determined by the other
three points, where five parameters Xg, Ys, X, Y, Y, are set
up. X, was fixed constant at the 70% streamwise location of
the blade. Four parameters were chosen to describe the blade
thickness at hub and shroud side, LE and TE (trailing edge)
respectively.

As is depicted in Figure 6, the meridional profile was
also parameterized by the blade height at the LE, b,, hub and
shroud diameter at the TE, Dy,,511 and Dgproua11, FOtOr axial
length Z. The hub and shroud profiles were both defined as
cubic Bezier curves. To reduce the number of parameters,
some correlations were assumed:

Xpy = Xpy )
Yo = Ypry = Dhup11/2 8
Yo = T (©)
You =Your = Yow = Dsnroua11/2 (10)
Ve, = Yo = D,12 (11)
Yoy = (Vp, + Yey) * 40% (12)
Xp, = (xpl + xsz) * 50% (13)
Xou = (xQI + xQIV) *50% (14

In addition, shroud tip clearance and blade number were also
considered. The blade geometrical parameters are shown in
Table 1.

There were 14 geometry parameters in total. Four oper-
ating condition parameters were also defined, namely inlet
stagnation pressure Py;,, inlet stagnation temperature Ty;,,
flow direction and rotor rotational speed N. Therefore, 18 var-
iable parameters were used to investigate the design space in
this study. This equates to a high degree of dimensionality
and therefore the number of specific values for each dimen-
sion was limited in this study. Three rotational speed values
were chosen to cover the low, medium and high-speed oper-
ating conditions. Six different pressure ratios were chosen as
the sampling points for each speed line to cover a wide U/C
range. Static pressure at outlet was held constant at 101325
Pa.

Angle

p| (Xp, ¥p)

»

M-Prime (LE to TE)

Figure 5 Blade angle distribution defined by a cubic
Bezier curve
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Figure 6 Meridional profile definition

One geometry within the design space was chosen as
the ‘baseline case’ and then different turbine rotor geometries
were obtained by adjusting the various parameters detailed in
Table 1. The parameters of baseline case were defined as ‘1’
and the range was non-dimensionalized. The sampling
method adopted here is based on the concepts of HDMR
(high-dimensional model representation), detailed infor-
mation of which can be found in [21]. As a result, a total of
75 turbine geometries were generated. For this study, the ge-
ometries were within the range of typical automotive turbo-
charger designs, but the method could be extended to include
less conventional designs. A selection of the rotors is pre-
sented in Figure 7.

Table 1 Blade geometry parameters

Parameter Range
b, (-23.7%, +29.5%)
Dpyp1s (-38.0%, +38.7%)
Dsnroudin (-14.4%, +7.0%)

z (-53.1%, +63.3%)
Blade number (-20%, +10%)
Tip clearance (-45.5%, +45.5%)

X5 (-60%, +60%)

Yy (-100%, +100%)
Y, (-100%, +100%)
Yy (-33.3%, +33.3%)

Thickness_hub_LE
Thickness_hub_TE
Thickness_shroud LE
Thickness_shroud TE

(-26.3%, +26.3%)
(-16.3%, +16.3%)
(-27.3%, +27.3%)
(-17.6%, +17.6%)

Figure 7 Examples of different rotor designs
due to varying geometry parameters

4.3. Numerical model

A simplified CFD model was developed based on the vali-
dated CFD model in Section 2. The CFD model of the rotor
only utilized a steady-state single passage with periodic
boundary conditions, as shown in Figure 8. Similarly, the SST
turbulence model was used and structured hexahedral grids
for the rotor were created using TurboGrid. A target y+ value
less than five was assigned to maintain the accuracy of the
boundary layer flow simulation. The grid topology also fol-
lowed the same method used for the validation of the full
stage model in Section 2. A mixing-plane interface was
adopted at the interface of the rotating and stationary do-
mains. A flow direction was specified as an inlet boundary
condition. To validate the efficacy of the simplified approach,
the performance calculation from the simplified model was
compared with the full-passages model that was described in
Section 2. Inflow direction, stagnation temperature and pres-
sure were extracted from the full stage model and then used
as boundary conditions for the simplified model. It turns out
that the simplified model could predicted the rotor efficiency
with a deviation of less than 0.2%pts compared to the full-
passage model, which verified that a good agreement was ob-
tained.

* __—inlet boundary: Ty, Py, flow direction

p—

*— inlet block

turbine blade outlet block  outlet boundary: P

|
/ l

Rotating domain

Figure 8 Simplified rotor-only CFD model
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4.4. Hybrid meanline model

In a conventional meanline method, the contribution of
individual sources of loss throughout the stage are calculated
by a group of loss models during the iteration process, as dis-
cussed in Section 3. The process to tune the coefficients is
always essential to give good performance prediction. How-
ever, in the current work, losses incurred in the rotor could be
calculated directly from CFD, then predicted by ANN.

Turbine isentropic efficiency is defined by

_ hoi1—ho13
Nee = (15)
01~ ho13ss
_ hp1—ho13
Nes = hor—h (16)
01~ h13ss

Where the isentropic final enthalpies hg3ss and A5
are the values obtained in an isentropic expansion to the same
final stagnation and static pressures as the actual process. The
enthalpy deviation between the isentropic process and the real
expansion process was used to quantify the loss in this study.
If only the rotor part is investigated (without exhaust dif-
fuser), the loss is then the difference between hy;,4, and
hg11ss, @S IS shown in Figure 9.

In conventional loss models, losses are often correlated
to the relative velocity at different stations, in which the dif-
ferent categories of losses are added in successively. How-
ever, in the real flow field the losses are highly interdepend-
ent. For example, the occurrence of separation due to inci-
dence at the LE of the rotor would affect the downstream
pressure field and the development of the tip leakage flow and
subsequent leakage vortex. A meanline model cannot capture
these three-dimensional flow features, but it is clear that the
various conventional categories of losses in the rotor are not
independent of each other. In this approach, the rotor losses
were not broken down into different categories but were col-
lected as a single package. The meanline calculation method
adopted in this study reached a converged mass flow rate by
comparing the mass flow at the throat and other stations
through the stage, as discussed in Section 3. Since the loss
estimation affects the mass flow calculation, the overall rotor
loss was split into two parts and then introduced into the
meanline method separately, namely upstream and down-
stream of the rotor throat.

At the rotor throat (Station 9), static enthalpy was cal-
culated by

hg = hgs + Loss1 a7
Where
r-1
Loss1 = C,7Ty7 X (;—9) v poTo
07
While at the rotor trailing edge (Station 11), the stag-

nation enthalpy was calculated by

h011:h0115 + Loss?2 (18)
Where

y-1
Loss2 = C,;Ty; X (M) - Cp11To11
07
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Figure 9 h-s diagram of the turbine

Blockage factor is usually included in conventional
meanline modelling to correct the rotor throat area to account
for boundary layer thickness and reduced localised meridio-
nal velocity due to secondary flows. In traditional meanline
calculation methods, this factor has been introduced as a con-
stant value, without considering the possibility of blockage
varying at different operating conditions due to the inherently
changing secondary flows and accumulated losses approach-
ing the exducer throat. One of the features of this hybrid
model is that the blockage factor was treated as a variable
value that changed with operating condition.

In order to implement a variable blockage factor in the
hybrid model, the first step involved derivation of a block-
age factor calculation method. From aerodynamic theory,
the effective area at the throat was calculated by

y+1
_ myRTy y-1 2(y-1)
Aopy = 20 (1+22m2) (19)

Then the blockage factor can be estimated by

B = <1 - Ai) x100% (20)

geom

Where Ay Stands for the geometrical area.

Determining the three-dimensional geometric throat
area for each rotor generated within the Design-Modeler soft-
ware was a complex manual process that was not suitable for
dealing with many geometries. To automate the post pro-
cessing for more than 1000 CFD cases, a simplified ‘throat
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area’ calculation process was created in Ansys CFD-Post by
defining the minimum area annulus turbo-surface along the
streamwise direction as the throat plane, as depicted in Figure
10. In this case, the predominant flow direction was not per-
pendicular to this annular plane at the throat. Therefore, an
angle between the meanline velocity and the plane was intro-
duced in the effective area calculation, as shown in equation
(19). A comparison was made between this simplified annu-
lus plane method and the three-dimensional throat plane to
illustrate the adequacy of the method. The three-dimensional
throat plane was created in Design-Modeler and then im-
ported to CFD-Post. The blockage factor calculated by these
two methods is compared for several rotor geometries at the
same rotating speed but different PR and one of the geome-
tries is shown in Figure 11, which shows that the simplified
method has sufficient accuracy in the respect of blockage fac-
tor calculation. Especially when the difference in evaluation /
setup time and the consistency in application across different
geometries is factored in, the simplified method is the clear
choice for moving forward. Thus, the blockage factor was cal-
culated by an automated process utilizing the simplified
method in the CFD post-processing. It can also be seen from
Figure 11 that the blockage factor varies appreciably accord-
ing to the operating condition, validating the necessity of in-
cluding variable blockage factors in a meanline calculation.

Simplified anulus plane in CFD-POST

3D method: Throat defined in DesignModeler

Figure 10 Simplified and 3D throat plane definition
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Figure 11 Comparison of blockage factor calculated by
two methods

Data created through simulation of the parametric rotor
model described in Section 2.2 in CFD was fed into an ANN
model. The structure of the hybrid model is shown in Figure
12. There were 1400 groups of data in the database. Three

ANNSs were trained to predict the two portions of the loss and
the blockage factor. The inputs to the ANN were rotor geom-
etry and operating condition information, while the output of
the ANNSs were the rotor loss and the blockage factor respec-
tively for a specific geometry and operating condition. Since
only the rotor component was investigated in this paper, the
performance relating to only the rotor component was ex-
tracted from the meanline model.

As far as calculation time is concerned, using a desktop
computer workstation with 24 processors, it only required
several minutes to train the ANN models. Once trained, the
ANN model did not need to be retrained except if new cases
were added to the training database to extend the range of ge-
ometries or operating conditions covered. The ANN model
required only seconds to calculate and output the rotor loss
and blockage factor for use in the meanline model. The mean-
line calculation took around 20 seconds to produce a turbine
performance curve at one speed-line. Compared to the high-
fidelity CFD modelling method, this hybrid-meanline model
was around 700 times faster once it had been initially trained,
illustrating tremendous superiority in terms of calculation
time, thus fulfilling the role of design tool for full powertrain
optimization.

Geometry
parameters, operating
condition

l

Meanline model
calculation

CFD database

Loss

ANN

Performance map,
Velocity, T,P, Ma... at
each stage

Figure 12 The structure of the hybrid meanline model
5. Results and Discussion

The hybrid meanline model was tested on four unseen
designs, which were not included in the ANN training data-
base. The geometric parameters and operating parameters of
these unseen cases were within the design space. The hybrid
model was evaluated by comparing the efficiency and mass
flow rate predictions with the CFD simulations and the con-
ventional meanline model with default loss coefficients, as il-
lustrated in Figure 13.

Compared to the baseline case, Test case A was ob-
tained by decreasing the blade angle distribution parameter
Yg, which resulted in the minimum value of this parameter.
Test case B had a smaller blade angle distribution parameter
Y. compared to the baseline. Test case C was the case with a
different meridional profile, characterized by a shorter axial
length. Test case D was obtained by reducing the baseline
blade number by 1.
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The efficiency predictions at U/C equals 0.48 and 0.70
of four test cases are labelled in Figure 13. It can be seen that
at the off-design point, where U/C=0.48, the hybrid efficiency
prediction errors for the four test cases are +1.6%pts,
+2.4%pts, -1.7%pts, -0.8%pts respectively compared to the
CFD results. The average error is 1.63%pts. When U/C=0.70,
the efficiency prediction errors are +2.7%pts, +2.1%pts, -
2.0%pts, -3.4%pts respectively, resulting in an average error
of 2.55%pts. These results indicate that the hybrid model
achieves greater accuracy at lower U/C operating conditions.
The reason behind this is that enthalpy difference across the
turbine at the design point is much smaller than that of off-
design points, which makes the efficiency more sensitive to
any error in loss prediction. Similar issues are observed at
higher U/C operating points, where the enthalpy change is
much less compared to the low U/C points. Therefore, it is
understandable that the hybrid model appears not to work as
well at high U/C operating conditions, since the same accu-
racy of loss prediction has a proportionally larger impact on
efficiency than at operating points exhibiting a larger en-
thalpy drop across the turbine. Further enhancements to the
accuracy of the ANN model could be helpful to overcome this
problem, which will be one of the future works of this re-
search.

It can be seen from the efficiency map of Test case A
and C that the hybrid model achieves better accuracy than the
conventional meanline model, especially at U/C between 0.4
and 0.8. Considering that Test case A has a different stream-
wise blade angle distribution and that Test case C has a dif-
ferent axial length, it can be concluded that the additional as-
pects of rotor geometry included in the hybrid model (as de-
picted in Figure 6) allow the loss to be better captured than
traditional meanline modelling methods.

As for the MFP prediction, the errors are given by com-
paring the hybrid model predictions and the CFD results at
choke condition, as is shown in Figure 13, which are 4.5%,
4.1%, 4.7%, 5.4% for Test case A, B, C, D respectively. The
average error is 4.68%. Comparing to the CFD results, the
conventional meanline model predicts the mass flow param-
eter with errors of -8.0%, -8.7%, -5.2%, -10.7% for test case
A, B, C, D at choke conditions. The average error is 8.15%.
Overall, the mass flow rate prediction achieved by the hybrid
approach was significantly better than that of the conven-
tional meanline method, which verifies the effectiveness of
the variable blockage factor. By incorporating variable block-
age and splitting the rotor loss into two components (before
and after the throat), the hybrid model better captures the re-
ality of the flow field and hence results in a more accurate
mass flow rate prediction. In addition, in conventional loss
models, the streamwise blade angle distribution was not in-
cluded, in which rotors with different blade angles resulted in
the same performance map. However, the hybrid model is ca-
pable of calculating the loss difference when blade angle var-
ies between LE and TE in the streamwise direction and cap-
turing the performance difference.

The results indicated that this hybrid meanline model
could predict wide range performance maps, from the per-
spectives of geometry diversity and operating condition.

Significantly, it should be noted that the hybrid mean-
line model dispensed with the requirement for the loss cali-
bration process compared to the conventional meanline
method, which was vital for turbine design in the preliminary
design stage and the overall optimization process in the 1-D
engine modelling. The hybrid model also showed its ad-
vantage in greatly reduced computational time in comparison
to CFD method, as described in Section 4.4.
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Figure 13 Validations of the hybrid model
6. Conclusions

This paper explored a new hybrid meanline modelling
method for wide range performance prediction of radial tur-
bine rotors with trained ANN using results from validated
CFD on 75 geometries. The hybrid model was evaluated on
four test cases spanning the design space. It indicated that this
hybrid modelling method, independent of empirical factors
and loss model calibration, has enhanced capability in wide
range turbine MFP and efficiency predictions compared to
conventional approach and was 700 times faster than CFD
modelling, making it a viable design tool for turbocharger and
full powertrain optimization. Compared to conventional
meanline method, this hybrid model can capture the loss dif-
ference caused by different streamwise blade angle distribu-
tion and different axial length. When coupled with the inclu-
sion of a variable throat blockage factor and splitting rotor
loss into two components, marked improvements in predic-
tion of turbine efficiency and MFP were witnessed. It can be
expected that the extension of the method to include stators
would result in an accurate and efficient low fidelity model-
ling method for turbine stages. Overall, this method is an ef-
fective reference for the turbomachinery research on utilizing
machine learning technology.
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