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The development of multi-physics-resolved digital twins of proton exchange membrane fuel cells (PEMFCs) is sig-
nificant for the advancement of this technology. Here, to solve this scientific issue, a surrogate modelling method
that combines a state-of-the-art three-dimensional PEMFC physical model and data-driven model is proposed. The
surrogate modelling prediction results demonstrate that the test-set relative root mean square errors (rRMSEs) of
the multi-physics fields range from 3.88% to 24.80% and can mirror the multi-physics field distribution charac-
teristics well. In summary, for multi-physics field prediction, the data-driven surrogate model has a comparable
accuracy to the comprehensive 3D physical model; however, it considerably reduces the cost of computation
and time and achieves the efficient multi-physics-resolved digital-twin. Two model-based designs based on the
as-developed digital twin framework, i.e. the PEMFC healthy operation envelope and the PEMFC state map,
are demonstrated. This study highlights the potential of combining data-driven approaches and comprehensive
physical models to develop the digital twin of complex systems, such as PEMFCs.

1. Introduction

PEMFC technology at present still needs significant development for re-
ducing the cost, enhancing the performance, and improving the dura-

A proton exchange membrane fuel cell (PEMFC) is a highly effi-
cient and zero-emission energy conversion device. The high commer-
cial potential of PEMFCs in vehicle powertrain has been extensively
recognised [1-3]. Numerous leading automobile factories, including
Toyota, Honda, Hyundai, and Saic, have established remarkable plans
for the development programs of PEMFCs and fuel cell vehicles (FCVs)
and have launched some milestone FCV products [4-6]. However, the
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bility to satisfy the requirements of large-scale commercialisation [6-8].
Currently, the concept of digital twins is emerging rapidly with the ob-
jectives of constructing a virtual mirror of a physical entity and exten-
sive applications in complex systems of different scales, including cities,
factories, and aircrafts. In fact, digital twins have been already used in
the industry to increase efficiency and solve problems and been exten-
sively considered as a revolutionising technology [9,10]. Complex phys-
ical and chemical processes occur in a PEMFC. Developing a digital twin
of a PEMFGC, i.e. constructing a precise and virtual copy, to efficiently de-
termine and monitor its multi-physics field state, will be of tremendous
significance in cell design and control operation [11-13]. Until now, the
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Fig. 1. The Motivation and brief framework of this study.

relevant studies have still not realised an efficient multi-physics digital
twin of a PEMFC appropriately.

As proposed by Tao and Qi, data difficulty is the primary challenge
in digital twin development [9]. For a PEMFC, the multi-physics fields,
including gas reactant, water content, and temperature, directly deter-
mine its performance. However, the spatial distributions of these multi-
physics fields are difficult to be in-situ measured by typical experimental
methods, and their measurement is even impossible to conduct in real-
time in an in-situ automotive PEMFC [14-18]. As an emerging research
method, machine learning has been used by the fuel cell and other en-
ergy systems communities for performance prediction, lifetime predic-
tion, and fault diagnosis [19-25]. However, data collection is still the
major challenge, because the observation of multi-physics fields gener-
ally needs the usage of specific and expensive instruments. Despite this,
the experiments typically provide insufficient information to construct
databanks.

Simulation is also an important approach for multi-physics fields
prediction, and a few researchers consider that any three-dimensional
(3D) physical model can provide a digital twin [8,26-28]. Various stud-
ies compared simulation results of the 3D modelling of PEMFCs with
experimental results, including the overall characteristics (polarisation
curves and ohmic loss) and the spatial distribution of multi-physics fields
(current density, temperature, and water saturation), and achieved a
good agreement [29-32]. Three-dimensional modelling also highly con-
tributes to promoting the PEMFC technology, which is called as ‘model-
based design.” Moreover, the state-of-the-art 3D models have the abil-
ity to well simulate a PEMFC stack, full-scale automotive PEMFC, and
PEMFC with complex flow field designs [33-37]. However, conducting
highly precise simulation by constructing complex 3D physical model
is extremely expensive in terms of the computation and time, which
severely restricts its application.

An efficient multi-physics digital twin of a PEMFC is still difficult to
realise by the existing experimental observation and traditional simu-
lation tools. In this study, we propose a framework of surrogate mod-
elling which combines a state-of-the-art 3D PEMFC physical model and
data-driven models, to achieve an efficient multi-physics-resolved dig-
ital twin of a PEMFC. This framework is displayed in Fig. 1. A state-
of-the-art well-validated 3D two-phase computational fluid dynamics
(CFD) model of a PEMFC is implemented in various scenarios of operat-
ing conditions, and the simulation results of various multi-physics fields
are used to construct a dataset. Machine learning tools are utilised to
train a data-driven surrogate model based on the dataset. The developed
surrogate model is expected to have an accuracy comparable to that of
a physical model for multi- physics fields prediction. It can efficiently

mirror the multi-physics fields in any operating condition scenario and
serve as a multi-physics-resolved digital twin of the physical PEMFC. A
detailed PEMFC is selected as a case study to demonstrate the surrogate
modelling process, and its schematic is presented in Fig. 2(a). A dataset
is generated from the simulation results of the multi-physics fields in
100 different operating condition scenarios. Two machine learning al-
gorithms are employed for the surrogate model development, which are
an artificial neural network (ANN)-based model and a support vector
machine (SVM)-based model, and their prediction performance is com-
pared. The relative root mean square errors (rRMSE) in the test set for
all the multi-physics fields range from 3.88% to 24.80%. The proposed
surrogate model has an acceptable accuracy for multi-physics field pre-
diction to achieve a multi-physics-resolved digital twin of a PEMFC. Fur-
thermore, some model-based designs based on the digital twin are pre-
sented and demonstrated.

2. Methods

As displayed in Fig. 2(a), the simulated PEMFC consists of an an-
ode parallel flow field, a cathode serpentine flow field, and a membrane
electrode assembly (MEA) (including a membrane, gas diffusion layers
(GDLs), micro-porous layers (MPLs), and catalyst layers (CLs)). The an-
ode and cathode flows are in opposite directions, i.e. there is counter-
flow arrangement. The other detailed dimensions, operating conditions,
and material and kinetics properties of the simulated PEMFC are listed
in Table 1.

2.1. 3D physical model of PEMFC

A comprehensive 3D PEMFC physical model which couples the heat
and mass transport processes and the electrochemical kinetics is em-
ployed in this study [36]. The main governing equations solved in the
model are as follows:

Mass of the gas mixture:
d
5(6(1 —)pg) + V- (pglty) = S M

Momentum of the gas mixture:
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Fig. 2. (a) Schematics of the simulated PEMFC. (b) Schematics of the cathode serpentine flow field and anode parallel flow field, and node partition for data
generation of multi-physics fields. The activation planes (X-Z planes) of the PEMFC are divided into 70 nodes according to under- channel or under- shoulder, and
upstream and downstream of flow.

Gas species: The liquid saturation in a porous electrode can be calculated using
F) off the solved liquid pressure. The agglomerate model of the CLs is embed-
o (61 = 90 Y;) + V- (pgup i) = V - (p D} VY;) +5;. &) ded, which can better simulate the oxygen transport in a porous elec-

trode than a homogeneous model. A constant-voltage mode is imple-

Liquid pressure in a porous electrode:
mented in the simulation by defining the electronic potentials at the ex-

9 (esp) =V~ < n Kk VPI) + 5. 4) ternal surfaces of the anode and cathode flow field plates as zero and as

o Hi the difference of the reversible potential and the output voltage, respec-

Membrane water content: tively. The gas supply rates at the flow field inlets are calculated using

Prmem 0 Jion Prmem the current density and the stoichiometry ratio, and the back pressure

WE((M) v (nd F ) - Wvl (DR Y4) + S ®) is defined at the flow field outlets. The thermal boundary conditions

Electronic potential: are defined as a constant temperature at the external surfaces of the

PEMFC. Refer to our previous study for more details on the model val-

0=V- (":HV‘Pe) + S ©) idation, model assumptions, transport parameters, and electrochemical
Ionic potential: kinetics [36].

off The mesh comprises 331,800 structured volume grid cells, and there

0=V (KionV(piO“) + Sion- ™ are 4200 surface grid cells in the activation plane. The numerical solu-

Energy: tion of the physical model is obtained by a commercial CFD software,

P Fluent, coupled with in-house user-defined functions (UDFs). The sim-

a (espCpuT +e(1 = $)p, Gy, T) + V- (e5p T + £(1 = $)p, Cp g1, T) ulation results of the present physical model, including the polarisation

=V (kYT + Sy @®) curves, ohmic loss, and current density spatial distributions, for vari-
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Table 1
Dimensions, operating conditions, material and kinetics parameters of the simulated PEMFC.

Parameter Value Unit
Length and width of the PEMFC 50, 6 mm
Width and depth of channels 1,1 mm
Thickness of GDLs, MPLs,the membrane 200, 20, 25.4 um
Temperature 353 K
Porosity of GDLs, MPLs 0.6, 0.5
Contact angle of GDLs, MPLs, CLs 120, 120, 95 °
Intrinsic permeability of GDLs, MPLs, CLs, the membrane 2.0e712, 1.0e712,

1.0e713, 2.0e~20 m?
Equivalent weight of the membrane 1.1 kg mol-!
Thickness of CLs Anode: 6

Cathode: 10 um
Pt loading in CLs Anode: 0.1

Cathode: 0.3 mg cm—2
Pt/Carbon ratio in CLs Anode: 0.2

Cathode: 0.4
lonomer/Carbon ratio in CLs Anode: 0.7

Cathode: 0.9
Electrical conductivity of flow field plates, GDLs, MPLs, CLs 20,000, 8000, 5000, 5000 S m™!
Thermal conductivity of flow field plates, MPLs, CLs, the membrane 20, 1, 1, 0.95 W m! K-!
Thermal conductivity of GDLs In-plane: 21

Through-plane: 1.7 W m~! K1
Transfer coefficient 0.5
Reference gas reactant concentration Anode: 56.4

Cathode: 3.39 mol m—3
Reference exchange current density Anode: 3.0

Cathode: 3.0e~* Am-2

Table 2
Six operating condition parameters and their common ranges. The values of the
six parameters will only be the specific values as below.

Operating conditions parameters Ranges Specific values
Output voltage, V 0.35 - 0.75 0.35, 04,..., 0.7, 0.75
Back pressure, atm 1.0-22 1.0, 1.2,..., 2.0, 2.2
Anode stoichiometry ratio 1.2-16 1.2,13,14,15,1.6
Cathode stoichiometry ratio 1.6 -24 1.6, 1.8, 20,22, 24
Anode relative humidity 0.5-1.0 0.5, 0.6,..., 0.9, 1.0
Cathode relative humidity 05-1.0 0.5, 0.6,..., 0.9, 1.0

ous scenarios of operating conditions and cell parameters were com-
pared with the experimental results obtained in our previous work, and
a good agreement was achieved [36,38-40]. The computations for the
data generation are performed on a workstation (CPU: Intel (R) Xeon (R)
E5-2650 v4 2.20 GHz 24 threads) by a four-process parallel computing.
The computing time of each case is approximately 8-12h.

2.2. Data generation

A typical dataset includes a series of input and output variables. The
input variables are the global operating parameters: the voltage, back
pressure (the same in the anode and the cathode), anode stoichiometry
ratio, cathode stoichiometry ratio, anode relative humidity, and cathode
relative humidity. Their ranges and specific values are listed in Table 2.
The corresponding output variables are the distributions of the molar
concentrations of the reacting gases (hydrogen at the anode and oxygen
at the cathode), water content, and temperature, which are the most
important physical quantities of the PEMFC. Here, relative humidity of
the anode and the liquid saturation of the cathode are used to represent
the water content [11]. Datasets are generated on six representative X-Z
planes (activation planes) inside the PEMFC, i.e. the interfaces between
the anode GDL and the anode MPL (gdl_mpl_a), the anode MPL and
the anode CL (mpl_cl_a), the membrane and the anode CL (mem_cl_a),
the cathode GDL and the cathode MPL (gdl_mpl_c), the cathode MPL
and the cathode CL (mpl_cl_c), and the membrane and the cathode CL
(mem_cl_c). Each plane is divided into 70 nodes (7 x 10) based on the
shape of the flow fields, as displayed in Fig. 2(b). The data points are

generated on each local node, of which the output variables are derived
by area-weighted averaging within the grids. Each node additionally
contains its coordinates as a part of the dataset. The physical model is
implemented in random operating condition scenarios to generate 100
physical model samples. The total dataset is randomly split into two
parts: 3/4 (75 physical model samples) as the training set and 1/4 (25
physical model samples) as the test set.

2.3. Data-driven surrogate model development

According to the aforementioned data features of the multi-physics
fields under the different operating conditions, here, two extensively
used machine learning algorithms are employed aiming at different data
topologic structures, i.e. ANN and SVM. Each algorithm has its advan-
tages and typical application. ANN can well fit the highly complex and
non-linear relation between inputs and outputs with a large data vol-
ume, and SVM can achieve a good compromise between model com-
plexity and generalisation with a limited sample size.

2.3.1. ANN-based model

In this model, an ANN is employed to predict the distributions of the
physical quantities within the selected X-Z planes. One ANN model is
set for each physical quantity. The node coordinates at the X-Z planes
along with the six operating condition parameters are treated as the
input. There are totally eight input parameters and one output param-
eter, 5250 data points in the training set, and 1750 data points in the
test set for one ANN. The development of each ANN is implemented
by the MATLAB neural network toolbox [41]. The feed-forward multi-
layer perceptron is employed, and the Levenberg-Marquardt algorithm
is used as the training function. For data pre-processing, both the inputs
and outputs are normalised between 0 and 1. In the training processes,
the training data are further divided into three parts: training (70%),
validation (15%), and testing (15%). The training process stops when
the prediction performance, mean squared error (MSE) of validation,
reaches the desired goal or the error of validation does not drop any-
more with further training, which will increase the risk of overfitting.
Searching the optimal topology of an ANN is critical for model develop-
ment, including the hidden layer number and hidden neuron number,
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and this process is generally performed by manual regulation. By a pre-
liminary test, we select a two-hidden-layer ANN, which presents a better
fitting performance than a single-hidden-layer ANN. Typically, the num-
ber of data points for training should be several times larger than the
number of connected weights. Therefore, the ranges of the neuron num-
ber of the first and second hidden layers are adopted as 10-30 and 3-15,
respectively, and we manually search the optimal topology within these
ranges.

2.3.2. SVM based model

A different data structure is developed for the SVM-based model.
Here, one SVM model is developed for one physical quantity at a sin-
gle node independently. Therefore, 70 models are made parallel for the
display of the physical quantity distributions within the selected X-Z
planes with 70 nodes. The development of the SVM models is imple-
mented by LIBSVM (Chih-Chung Chang and Chih-Jen Lin) in MATLAB
[42]. The data pre-processing is the same as above. e~SVR is one func-
tion for regression and employed in this study. The radial basis function
(RBF) kernel is selected, and a five-fold cross-validation is applied to
search the optimal values of the cost parameter and gamma of the RBF
kernel.

It should be noted that for both the methods, the test set is fully
independent of the model development, and it is only used to assess the
generalisation following model development. The training, prediction,
and data post-processing are conducted on a typical laptop (Lenovo X1
Yoga, CPU: Intel(R) Core i7-6600 U 2.60 GHz).

3. Results and discussion
3.1. Prediction performance

Prediction results of the SVM-based model are reorganised into series
of two-dimensional (2D) physical fields which have the same format as
that in the ANN-based model. The root mean square error (RMSE) and
rRMSE are introduced to measure the prediction performance across the
entire dataset [23].

N

(C)]

(10)

where N is the number of data points, y; denotes the simulated values by
the physical model, y; represents the predicted values by the surrogate
model, and y is the mean of the simulated values by the physical model.

The prediction performance of the two models (i.e. the ANN and
SVM-based models) for the multi-physics-resolved digital twin of the
PEMFC are quantified and compared using rRMSE over both the test
sets (25 samples) and training sets (75 samples), as listed in Table 3.
Although there is a lack of similar studies on machine learning predic-
tion for PEMFC multi-physics, we attempt to determine the relative er-
ror (fRMSE) based on other machine learning prediction studies. Sun
et al. used a convolutional neural network (CNN) to predict the photo-
voltaic (PV) output based on an image of the sky, and the rRMSE in the
test set ranged from 26.0% to 30.2% for two solar systems [23]. In this
study, the test set rRMSEs of the multi-physics fields range from 3.88%
to 24.80%. Therefore, we can consider that both the models typically
achieve the acceptable accuracy for multi-physics prediction, and there
is no notable overfitting problem. For the ANN-based model, the rRMSE
in the training set is considerably higher than that in the test set for all
the physical fields, which is expected for the application of ANNs. An
ANN can well fit complex non-linear relations between an input and an
output; however, its generalisation is difficult to ensure. For the SVM-
based model, the rRMSE in the test set is similar to or even smaller than
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that in the training set. We examine the dataset and exclude data leak-
age, and infer that this scenario is caused by the differences in the distri-
butions of the training and test sets when randomly cutting a dataset of
a small data volume (100 operating condition scenarios). As presented
in the following discussion, the acceptable prediction result is achieved
based on this database. Therefore, we do not further increase the data
volume. Furthermore, the prediction performance of the different phys-
ical quantities is also very different, even when obtained by a single
modelling method. However, the prediction performance of one phys-
ical quantity on different planes is relatively similar, specifically when
obtained by the SVM-based model. Because the data feature difference
of the different physical quantities leads to a significant difference in the
regression effects, the data features of one physical quantity on different
planes are relatively similar.

Therefore, we can choose optimal modelling methods for different
physical quantities. The prediction performance across the entire dataset
of the ANN-based model is significantly better than that of the SVM-
based model for hydrogen, whereas the prediction performance in the
test set of the SVM-based model is generally better than that of the ANN-
based model for other physical quantities to an extent. Considering the
lower risk of overfitting of the SVM-based model, we choose the ANN-
based model for the prediction of the hydrogen distribution and use the
SVM-based model to predict the distributions of the relative humidity,
oxygen, liquid saturation, and temperature. Following the selection of
the optimal modelling method, the prediction errors measured by the
RMSE of all the physical fields in the test set are obtained, which are
listed in Table 4. The comparison of data points of the multi-physics
fields of the physical model verification and the surrogate model pre-
diction in the test set are also intuitively presented in Fig. 3. We can
notice that the regression effects of the hydrogen and temperature dis-
tributions are better than that of the relative humidity, oxygen, and lig-
uid saturation distributions. Furthermore, note that the values of the
oxygen concentration lie in a relatively large range (approximately 0—
10 mol m~3). Moreover, the surrogate model prediction might result in
the predicted values beyond the reasonable range of physical relevance,
i.e. slightly negative oxygen concentration. In this case, the values are
corrected as zero. In summary, when the surrogate model is developed
to predict a new physical quantity field, the optimal modelling method
and prediction performance should still be determined and assessed.

3.2. Digital twin presentation

The digital twin multi-physics fields are illustrated and compared
with the results from the verified physical models in Fig. 4. Here, the
representative case is selected from one of the test set samples. It can
be found that the digital twin presented by the surrogate model repro-
duces the multi-physics fields and resolves the important local phenom-
ena well. Figs. 4(a) and (b) illustrate the hydrogen and relative humidity
fields in the anode. The trends of the hydrogen consumption and humid-
ity accumulation along the through-plane and flow directions are cap-
tured well. Figs. 4(c) and (f) depict the temperature fields in the anode
and the cathode, respectively. Local hot spots (e.g. high-temperature re-
gion in the under-middle-channel area) are observed and reflected in the
digital twin. Fig. 4(d) illustrates the oxygen fields in the cathode. The
difference in the oxygen distributions in the under-channel and under-
shoulder areas are notable. The internal oxygen-starving regions (e.g.
under-shoulder area at downstream and the near-border area) can be ef-
fectively located, which provides insight and guidance for the design and
operation of the PEMFC. Fig. 4(e) presents the liquid saturation fields in
the cathode. High-liquid saturation is found in the under-shoulder area
and the near-border area, indicating a high risk in water management.

In addition to the prediction performance, the larger computation
and time cost saving on applying the surrogate model than those with
the physical model should be also highlighted here. When the surrogate
model is well-trained, the computational time of the surrogate model
to predict the multi-physics fields in one operating condition scenario
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Fig. 3. Prediction performance. Physical model verified and surrogate model predicted values of multi-physics fields in the test set. (a) Hydrogen concentration
(b) Relative humidity (c) Oxygen concentration (d) Liquid saturation (e) Temperature. Owing to the fact that the value ranges of one physical quantity at different
planes are generally similar, we integrate the results of one physical quantity at different planes into one graph. Each model has 1750 data points in the test set. (a-d)
contains results of three 2D physical fields, and there are totally 5250 data points in one graph. (e) contains the results of six 2D physical fields, and there totally
10,500 data points in the graph. Furthermore, note that hydrogen is predicted by the ANN based model and other variables are predicted by the SVM based model.
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samples. (a) Hydrogen in the anode (b) Relative humidity in the anode (c) Temperature in the anode (d) Oxygen in the cathode (e) Liquid saturation in the cathode
(f) Temperature in the cathode. To demonstrate distribution characteristics of physical fields, the shapes of the anode parallel flow field and cathode serpentine flow
field are displayed in the anode and cathode, respectively. Moreover, note that hydrogen is predicted by the ANN based model, and other variables are predicted by
the SVM based model.
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Table 3

Energy and AI 1 (2020) 100004

Comparison of rRMSE of multi-physics field prediction by the ANN based model and SVM based model in the training set and test set.

Physical quantities Planes of physical fields

ANN based model rRMSE,%

SVM based model rRMSE,%

Training Test Training Test
Hydrogen gdl_mpl_a 2.59 4.69 9.71 10.86
mpl_cl_a 2.13 3.88 9.71 10.86
mem_cl_a 2.59 3.96 9.68 10.87
Relative humidity gdl_mpl_a 5.71 23.19 18.99 18.78
mpl_cl_a 10.83 22.66 19.12 18.64
mem_cl_a 8.05 24.11 19.44 18.06
Oxygen gdl_mpl_c 10.65 19.25 14.13 13.43
mpl_cl_c 10.49 18.62 15.17 14.11
mem_cl_c 10.39 19.96 15.56 14.11
Liquid saturation gdl_mpl_c 9.21 20.07 20.46 24.16
mpl_cl_c 9.29 15.85 20.96 24.80
mem_cl_c 8.93 26.42 19.01 22.95
Temperature gdl_mpl_a 6.88 24.19 16.05 10.54
mpl_cl_a 7.62 19.50 16.30 10.56
mem_cl_a 6.89 24.10 16.69 10.67
gdl_mpl_c 6.83 17.18 16.47 10.62
mpl_cl_c 7.18 19.95 16.72 10.98
mem_cl_c 6.96 17.77 16.77 10.87
Table 4

The summary of prediction error measured by RMSE of multi-physics field prediction in the test set.

Hydrogen RMSE, mol m~3

Relative humidity RMSE Temperature RMSE, K

gdl_mpl_a 0.5527
mpl_cl_a 0.5304
mem_cl_a 0.4656
Oxygen RMSE, mol m—3
gdl_mpl_c 0.2169
mpl_cl_c 0.2184
mem_cl_c 0.2160

0.0209 0.2740
0.0210 0.3003
0.0214 0.3421
Liquid saturation RMSE Temperature RMSE, K
0.0044 0.2815
0.0033 0.3257
0.0070 0.3337

Note: Hydrogen is predicted by the ANN based model, and other variables are predicted by the SVM based model.

is within 1s, whereas the that of one physical model case is approx-
imately 8-12h by a four-processes parallel calculation. Overall, it is
notable that the digital twin framework provides comparable predic-
tion results to the verified physical model, but with negligible compu-
tation and time compared to the implementation of the physical model.
This offers possibilities for model-based designs. Moreover, two spe-
cific model-based designs are demonstrated to present the applications
of the as-developed digital twin and data-driven surrogate modelling
framework.

3.3. PEMFC healthy operation envelope

In real operations, it is preferred that the multi-physics fields of PEM-
FCs, including the reactant concentration, temperature, and water con-
tent, lie in a certain range and avoid the local problems, such as local
gas starvation, hot spots, or liquid flooding, which is called as healthy
operation [43]. Understanding the healthy operation ranges of a PEMFC
in advance is helpful to ensure high performance, high efficiency, and
low degradation in actual operation. However, as discussed, the high-
definition and spatial distribution of multi-physics observations gener-
ally provides insufficient information for databank construction. Con-
currently, conducting simulations in all the operating conditions by a
complex physical model would consume significant computation and
time. Here, we use the efficient digital twin framework to generate the
PEMFC ‘healthy operation envelope.’

Tracking the extreme values (the maximum or minimum value) in
the physical field is a rapid and simple approach to determine whether
a PEMFC lies in the healthy operation range. Fig. 5 displays the healthy
operation envelope of the PEMFC with regards to four physical quanti-
ties, i.e. temperature, oxygen, relative humidity, and liquid saturation,

within all the operating conditions. For visualisation, Fig. 5 only plots
the healthy operation envelope with regards to the three most important
variables only, which are back pressure, cathode stoichiometry ratio,
and cathode relative humidity. Other operating condition parameters
are kept as constant. To demonstrate the concept of PEMFC healthy op-
eration envelope, a series of ISO surfaces is extracted, which divides
the entire operating condition region into two parts. The grey region
represents the healthy operating condition region, and the red or blue
region represents the higher- or lower-value regions, which may reflect
that a local hot spot, oxygen starvation, drying, or liquid flooding ex-
ists. Furthermore, note that to the best knowledge of the authors, there
is no extensively recognised definition of the specific threshold value
of a healthy operation in the previous literature, and the values of the
ISO surfaces are defined according to value ranges of the physical quan-
tity. The maximum values of the temperature fields and the minimum
values of the relative humidity fields are generally in a relatively small
range for the simulated PEMFC, which indicates that they are not very
sensitive to the operating conditions. The minimum values of the oxygen
concentration fields maintain a low level (0-0.2829 mol m~3), which
indicates that oxygen starvation is an unavoidable problem for the sim-
ulated PEMFC. Benefiting from the healthy operation envelope, we can
pre-set the optimal operating conditions region by a comprehensive con-
sideration of multi-physics.

3.4. PEMFC state map

Real-time condition monitoring is significant for the operation of
PEMFCs, which could provide guidance for the PEMFC control sys-
tem. Most existing experimental methods of multi-physics fields obser-
vation are only suitable for laboratory testing and are difficult to con-
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duct in an in-situ automotive PEMFC. Control-oriented models should
have the advantages of both high efficiency and high accuracy in phys-
ical state prediction, and numerous control-oriented models were de-
veloped, which are generally simplified physical models, including one-
dimensional or quasi- two-dimensional models [44-46]. However, these
simplified models cannot accurately reflect the multi-physics distribu-
tions and track the local problems, and serve as a digital twin. Here, the
PEMFC state map based on the efficient digital twin framework is pre-
sented, which can offer a possibility of applying the simulation results
of a complex model to the control-oriented model.

Fig. 6 shows the PEMFC state maps of three physical quantities at
four representative nodes, which are node 1 (under-shoulder near the
cathode outlet), node 25 (under-channel in midstream), node 38 (under-
shoulder in midstream), and node 66 (integration of under-channel
and under-shoulder) (as illustrated in Fig. 2(b)) in the entire operat-
ing conditions. For visualisation, Fig. 6 only plots three operating con-
dition parameters as the variables which would influence the physi-
cal fields maximally by the theoretical analysis in each map, and the
other parameters are kept constant, as listed in Table 5. Similar to the
healthy operation envelope, a series of ISO surfaces is extracted in the
PEMFC state map based on the value ranges in the entire operating
conditions.

As depicted in Fig. 6(a), the oxygen concentration at the four nodes
will increase with the back pressure and cathode stoichiometry ratio and
decrease with the cathode relative humidity. According to the ranges
of the oxygen concentration in the entire operating conditions at dif-
ferent nodes, the oxygen concentration at node 1 always keeps a very
low level (the maximum is only 0.2466 mol m~3), This suggests that
increasing the cathode pressure and stoichiometry ratio only have a lit-
tle influence on improving the oxygen starvation at node 1. Node 38
also has a very low region in the map, but its below 0.1 mol m~3 region

the healthy operating condition region, and
the red region represents the higher- value
region, and the blue region represents the
lower- value region. The scopes of the phys-
ical quantities in the whole operating con-
ditions are indicated.

Table 5
The operating condition cases for PEMFC state maps in Fig. 5.

Oxygen  Relative humidity  Liquid saturation
Output voltage, V 0.6 0.6 0.6
Back pressure, atm - 2.0 2.0
Anode stoichiometry ratio 1.2 - 1.2
Cathode stoichiometry ratio - 2.0 -
Anode relative humidity 0.6 - -
Cathode relative humidity - - -
Note: “-” represents the variable operating condition parameters used in the

corresponding PEMFC state map, and their ranges are shown in Fig. 5.

is much smaller than that in node 1. Furthermore, the oxygen concen-
tration at node 38 will be higher than 0.5mol m~3 (the maximum is
0.8461 mol m~3), which indicates that increasing the cathode pressure
and stoichiometry ratio or decreasing relative humidity has a relative
effective influence on improving the oxygen starvation at node 38. The
oxygen concentrations at node 25 and 66 are relatively sufficient in the
entire operating conditions. In the map, the upper left region of the
ISO surface is generally lower than the value of the ISO surface, and
the lower right region is higher than the value of the ISO surface. As
shown in Fig. 6(b), the relative humidity at node 1 has a significant pos-
itive correlation with the anode inlet relative humidity and is slightly
influenced by the anode stoichiometry ratio and the cathode relative
humidity. However, the relative humidity at node 25 is relatively more
influenced by the anode stoichiometry compared to that at node 1, be-
cause node 25 is an under-channel and node 1 is an under-shoulder.
The values of the relative humidity at node 38 and 66 are both in a
very limited range, which suggests that the relative humidity at these
two nodes are insensitive in the entire operating conditions. There is no
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Fig. 6. PEMFC state maps. (a) Oxygen in
gdl_cl_c (b) Relative humidity in gdl_cl_a (c)
Liquid saturation in gdl cl_c at four repre-
sentative nodes in the whole operating con-
ditions. Only three operating condition vari-
ables can be employed maximally in the map
for visualisation and other operating condi-
tion variables are fixed values (see Table 5).
Series of ISO surfaces are extracted for map
visualisation.
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ISO surface shown in the map of node 66 because the value scope may
be even smaller than the prediction error. As depicted in Fig. 6(c), the
low-liquid-saturation region is generally at the lower right end of the
map, i.e. low cathode relative humidity, low anode relative humidity,
and high cathode stoichiometry ratio. The liquid saturation at node 1
and 38 (under-shoulder) are higher than that at node 66 (integration
of under-channels and under-shoulders) and node 25 (under-channel).
Although the ranges of the liquid saturation at node 1 and 38 are simi-
lar, we can find that the high-liquid-saturation region (higher than 0.1
or 0.12) of node 38 is much larger than that of node 1, which suggests
that the liquid flooding will be severer at node 38. Based on the shapes
of the ISO surfaces, we can also find that the liquid saturation at node
25 and 38 are sensitive to the cathode stoichiometry ratio, that at node
1 is sensitive to the anode relative humidity, and that at node 66 is
sensitive to the cathode relative humidity, respectively. This is proba-
bly because node 25 and 38 are located at the central flow area, node
1 is in the anode upstream, and node 66 is in the cathode upstream.
Based on the PEMFC state map, the multi-physics distribution could be
easily constructed in the entire operating conditions and applied as the
control-orientated model in the PEMFC control system.

3.5. Limitations and outlooks

Although the 3D CFD modelling of PEMFCs is widely recognised as
an effective method to simulate the physical PEMFC, and the physi-
cal model employed in this study is well-validated, the relevance be-
tween the physical model and the physical PEMFC is also expected
to be enhanced. This will be helpful in realising a higher level of
digital twins. Specifically, described below are the recommended ap-
proaches, and these would be our future research. First, the state-of-
the-art 3D physical models still include some modelling assumptions,
which make the simulated PEMFC an ideal one. For instance, a phys-
ical PEMFC may possess a poor assembly and its performance would
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be worse than that of an ideal PEMFC. These problems are not consid-
ered in the present physical model, and thus, cannot be reflected by
the present digital twin framework. Therefore, the proposed physical
model is still expected to be improved in the future. Although the in-
creasing model complexity will increase the cost of the computation
and time, the data-driven surrogate model proposed in this study would
provide support. Second, multiple easy-to-observe physical signals col-
lected from the physical PEMFC are expected to be used in the physi-
cal model. Only six operating condition parameters are considered in
this study. Third, an in-depth comparison with the observed results
from the physical PEMFC to validate the physical model is relevant.
There are some modelling parameters which are difficult to be pro-
vided by experiments. Extensive sensitivity analyses have proved that
different modelling parameters can fit the same PEMFC characteristics
in some operating conditions; however, these might become invalid in
a new operating condition [47]. Using machine learning and optimi-
sation algorithms to determine the uncertain parameters in the physi-
cal model and enhance the relevance between the physical model and
the physical entity would be a potential prospect in physical model
development.

4. Conclusion

In this study, we propose a data-driven surrogate modelling frame-
work to achieve the multi-physics-resolved digital twin of PEMFCs. Sim-
ulation results of a state-of-the-art 3D physical model of PEMFCs con-
struct a dataset and are applied to train the surrogate model. Two data-
driven modelling methods with different data structures using ANN and
SVM, respectively, are presented and compared. The prediction results
show that the rRMSE in the test set of all the multi-physics fields range
from 3.88% to 24.80%, and the prediction performance of the differ-
ent physical quantities differs highly. The digital twin is represented in
the form of multi-physics field contours and compared with the simu-
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lation results of the physical model. The results demonstrate that the
predicted multi-physics fields well mirror the main distribution charac-
teristics of the simulation results. In summary, the data-driven surrogate
model has a comparable accuracy for multi- physics field prediction to
that of the comprehensive 3D physical model, whereas the computing
time is within 1 s using an ordinary laptop. Moreover, its computing effi-
ciency is thousands of times higher than that of the physical model. The
proposed framework realises an efficient multi-physics-resolved digital-
twin. Furthermore, two model-based designs, the PEMFC healthy oper-
ation envelope and PEMFC state map, are demonstrated which could
be used to understand the healthy operation ranges in advance and
run as the digital twin embedded into the PEMFC control system. Dis-
cussing extensively, this study points out the developing method and
application prospects of combining data-driven approaches and simula-
tion results of comprehensive physical models or other high-accuracy
data to construct the digital twin, or other applications, of complex
systems.
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