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H I G H L I G H T S  G R A P H I C A L  A B S T R A C T  

• A LSTM deep learning model for pre
dicting dynamic performance of PEMFC 
is proposed. 

• Dynamic process of automotive PEMFC 
is generated by the system-level 
simulation. 

• A content predictive performance is 
achieved based on the proposed model. 

• Input feature selection, sequence dura
tion and sampling frequency are 
optimized.  
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A B S T R A C T   

As a high efficiency hydrogen-to-power device, proton exchange membrane fuel cell (PEMFC) attracts much 
attention, especially for the automotive applications. Real-time prediction of output voltage and area specific 
resistance (ASR) via the on-board model is critical to monitor the health state of the automotive PEMFC stack. In 
this study, we use a transient PEMFC system model for dynamic process simulation of PEMFC to generate the 
dataset, and a long short-term memory (LSTM) deep learning model is developed to predict the dynamic per
formance of PEMFC. The results show that the developed LSTM deep learning model has much better perfor
mance than other models. A sensitivity analysis on the input features is performed, and three insensitive features 
are removed, that could slightly improve the prediction accuracy and significantly reduce the data volume. The 
neural structure, sequence duration, and sampling frequency are optimized. We find that the optimal sequence 
data duration for predicting ASR is 5 s or 20 s, and that for predicting output voltage is 40 s. The sampling 
frequency can be reduced from 10 Hz to 0.5 Hz and 0.25 Hz, which slightly affects the prediction accuracy, but 
obviously reduces the data volume and computation amount.  
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1. Introduction 

Since the industrial revolution, machine gradually took the place of 
manpower, and human demand for energy was increasing day by day. 
From wood to oil, from low calorific value fuel to high calorific value 
fuel, human beings consume a large amount of fossil energy. A large 
amount of greenhouse gasses such as CO2 is emitted, causing global 
warming, which is recognized as the culprit of frequent extreme weather 
[1]. Many countries have put forward carbon neutrality goals and 
accelerate the development of hydrogen energy industry chain in their 
technical routes [2]. Proton exchange membrane fuel cell (PEMFC), 
which converts hydrogen to power, has the advantages of zero emission, 
high energy conversion efficiency, no mechanical vibration and low 
noise, and thus it is widely regarded as a promising propulsion in the 
automotive field [3–8]. 

Dynamic prediction of the PEMFC performance and internal state is 
critical to monitor the health state of the automotive PEMFC stack. Since 
the analytical model is inaccurate in reflecting the characteristics of the 
PEMFC compared with the actual system performance, it is of great 
significance to establish a dynamic mathematical model of the PEMFC 

with high robustness [9]. Mathematical models have been widely used 
in the performance prediction and analysis of the PEMFC, which can be 
divided into physical models [10–14] and data-driven models [15–17]. 
Physical models are developed based on the basic physical and chemical 
processes inside the PEMFC and solve the complex coupled governing 
equations. Thus, the physical models generally are more accurate but 
more complex and computationally demanding. In contrast, the 
data-driven modeling focuses on finding the input-output relationships 
from experimental datasets collected from the operation of a fuel cell 
system, without the in-depth knowledge of these physical and chemical 
processes, resulting in high computational efficiency. This characteristic 
makes data-driven models extremely important in the on-board auto
motive applications, which usually involve complex systems, dynamic 
variation, and long-term operation. The data-driven model represented 
by machine learning can greatly help to expand the application of 
complex physical models due to its high prediction accuracy and 
computational efficiency. Using the simulation data of complex physical 
models to train machine learning models is a popular method, 
commonly known as the surrogate modeling [15]. Wang et al. [18] 
developed a 3D computational fluid dynamics (CFD) PEMFC model with 

Nomenclature 

A Area (m2) 
ASR Area specific resistance (Ω m2) 
b Biases 
c Molar concentration of gas component (mol m− 3); Cell 

state 
cp Specific heat (J kg− 1 K− 1) 
Cf Friction factor 
e Deviation (bar), Natural constant 
Erev Reversible potential (V) 
f Forget gate 
F Faraday constant (C mol− 1) 
g Updated value of cell state 
h Hidden state 
i Input gate 
I Current density (A m− 2) 
J Rotational inertia (kg m2) 
Kp, KI, KD PID control coefficients 
L Length (m) 
m Mass flowrate (kg s− 1) 
M Molar weight (g mol− 1) 
N Rotational speed (RPM) 
o Output gate 
p Power (W) 
Δp Total pressure loss (Pa) 
Δpm Local pressure loss (Pa) 
Δpf Frictional pressure loss (Pa) 
P Pressure (bar, Pa) 
R Universal gas constant (J K− 1 mol− 1); Motor resistance (Ω) 
tpip Transmission time of gas in the pipeline (s) 
T Temperature (K) 
u Velocity (m s− 1), Change of control voltage (V) 
V Voltage (V) 
W Volume flowrate (m3 h− 1); Weight 
x Rotational speed after data standardization processing; 

Input vector 
X Molar fraction 
y Mass fraction; Volume flowrate after data standardization 

processing 
α Charge transfer coefficient 
γ Specific heat ratio 

ρ Density (kg m− 3) 
δ Thickness (m) 
δpip Hydraulic diameter of the pipeline (m) 
η Efficiency 
ηohm Ohmic loss (V) 
ηact Activation loss (V) 
σs Electronic conductivity (S m− 1) 
σm Ionic conductivity (S m− 1) 
σN Standard deviation of rotational speed 
σW Standard deviation of volume flowrate 
μ Dynamic viscosity (kg m− 1 s− 1) 
ν Control voltage, V 
τ Torque (N m) 
ω Angular velocity (rad s− 1) 
μ Dynamic viscosity (kg m− 1 s− 1) 
μN Average value of rotational speed (RPM) 
μW Average value of volume flowrate (m3 h− 1) 

Superscript and subscript 
a Anode 
ave Average 
ACL Anode catalyst layer 
BP Bipolar plate 
bc Corrected state of hydrogen pump 
bl Actual state of hydrogen pump 
bm Motor 
c Cathode 
cool Coolant 
CCL Cathode catalyst layer 
CL Catalyst layer 
eff Effective value 
f Forget gate 
GDL Gas diffusion layer 
H2 Hydrogen 
in Inlet 
MPL Micro-porous layer 
O2 Oxygen 
pip Pipeline 
ref Reference value 
t-1 The previous time step 
t The current time step  
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catalyst layer (CL) agglomerate model, and then used the model to build 
a PEMFC performance database with various CL compositions. The 
database was used to train the data-driven surrogate model based on 
support vector machine (SVM), and the developed surrogate model 
showed comparable accuracy with the physical model. This surrogate 
model could give a polarization curve within 1 s, while the CFD model 
would take hundreds of hours. Moreover, the surrogate model was fed 
into the genetic algorithm (GA) to obtain the optimal CL composition. In 
order to verify the correctness, they input the optimal CL composition 
into the physical model, and the percentage error between the maximum 
power density predicted by the surrogate model and that calculated by 
the physical model was only 1.395%. Qiu et al. [19] trained a radial 
basis function neural network (RBFNN) model through the dataset 
generated by a finite element (FE) model of a full-scale single PEMFC. 
Then, the RBFNN model was fed into GA to obtain the optimal reactor 
clamping mode, and the clamping mode was input into the FE model for 
validation. The results showed that the uniformity of contact pressure on 
the GDL was greatly improved. Li et al. [20] established a 3D 
steady-state CFD model of the PEMFC as the basic model for optimiza
tion, and then used variance analysis to select 6 parameters, operating 
pressure, operating temperature, anode stoichiometry, GDL thickness, 
membrane thickness and channel width, that had significant effects on 
the performance of the PEMFC from 11 commonly used parameters. 
Three ensemble learning models were used to train the surrogate 
models. Finally, three PEMFC performance indexes, power density, ef
ficiency, and oxygen distribution uniformity in the CL, are optimized 
simultaneously based on non-dominated sorting genetic algorithm-II 
(NSGA-II). The results showed that the PEMFC model with optimal pa
rameters was better than the original model in all three performance 
indexes. Yang et al. [21] built a quasi-2D model of the PEMFC to 
generate the dynamic performance data of dead-ended anode (DEA) and 

anode recirculation operations. They proposed a surrogate model 
combining the multivariate polynomial regression (MPR) method and 
artificial neural network (ANN) approach to quickly predict the 
short-term degradation behaviors of PEMFC and discussed the influence 
of the number of hidden layers and the activation function on the pre
diction curve. 

Based on the literature review, data-driven surrogate models are 
mainly used to predict and optimize the PEMFC performance. The 
physical quantities inside the PEMFC can directly reflect the current 
state and durability of the PEMFC. For example, area specific resistance 
(ASR), which can directly reflect the membrane water content, is a key 
physical parameter to evaluate the dryness or flooding of PEMFC. 
However, the instrument used to measure the ASR is expensive and 
impractical, so it is very useful to estimate the ASR from the easily 
measured operating conditions and physical quantities, which can 
monitor the operation state of the automotive PEMFC stack in real time. 
Therefore, the main purpose of this study is to use deep learning algo
rithm to replace the existing physical model, and to obtain a deep 
learning surrogate model with reliable results and fast calculation effi
ciency. We use the easily measured operating conditions and physical 
quantities as the input, and use the surrogate model based on long short- 
term memory (LSTM) to predict the ASR and output voltage of PEMFC. 
The surrogate model is used to perform sensitivity analysis on the input 
features, based on which, multiple input features are effectively 
removed. Then, we search for the optimal input data sequence duration 
to reduce the sampling frequency, reduce the complexity of the surro
gate model and the size of the input data. 

Table 1 
Regression coefficient of the characteristic 
curve of hydrogen circulation pump.  

Coefficient Value 

a0 1.4271 
a1 0.3671 
a2 0.4356 
a3 0.0588 
a4 0.1272 
a5 0.0745  

Fig. 1. The characteristic curve of the hydrogen circulation pump [23] and the fitting result.  

Table 2 
Parameters of hydrogen circulation pump model.  

Parameter Value 

Rotational inertia of blower, Jbl 2.6 × 10− 3 kg m2 

Torque constant of motor, κt 0.15 N mA− 1 

Voltage constant of motor, κv 0.15 V s rad− 1 

Efficiency of motor, ηbm 0.9 
Efficiency of hydrogen circulation pump, ηbl 0.8 
Motor resistance, Rbm 0.82 Ω 
Reference temperature, Tref 288 K 
Reference pressure, Pref 1 bar 
Proportional coefficient, Kp 2.842 
Integral coefficient, KI 232.770 
Differential coefficient, KD 1.854  
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Fig. 2. Schematic of LSTM model.  

Fig. 3. Schematic of the core concepts of LSTM.  

Table 3 
Performance comparison of three algorithms for predicting the ASR and output 
voltage in operating condition 1.  

Parameter Algorithm R2 MAE RMSE MAPE 

ASR MPR 0.4412 0.0189 0.0250 2.5624 
SVR 0.7740 0.0136 0.0159 1.8868 
LSTM-MLP 0.9829 0.0034 0.0044 0.4710 

Output voltage MPR 0.9655 0.0036 0.0046 0.5916 
SVR 0.9623 0.0036 0.0048 0.5939 
LSTM-MLP 0.9819 0.0026 0.0033 0.4437  

Table 4 
Comparative performance of LSTM-MLP with different network structures for 
ASR and output voltage prediction.  

Parameter network structure R2 MAE RMSE MAPE 

ASR 8–1 0.9983 0.0014 0.0019 0.1916 
8–8–1 0.9985 0.0012 0.0018 0.1743 
16–8–1 0.9982 0.0013 0.0019 0.1880 
32–8–1 0.9980 0.0015 0.0020 0.2037 
64–32–8–1 0.9979 0.0015 0.0021 0.2155 

Output voltage 8–1 0.9950 0.0012 0.0018 0.2001 
8–8–1 0.9953 0.0012 0.0018 0.1881 
16–8–1 0.9954 0.0011 0.0017 0.1857 
32–8–1 0.9945 0.0013 0.0019 0.2108 
64–32–8–1 0.9952 0.0012 0.0018 0.1881  
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2. Methods 

2.1. PEMFC system model development 

The automotive PEMFC system generally consists of the PEMFC stack 
and water and heat auxiliaries, including the air compressor, hydrogen 
circulation pump, membrane humidifier, radiator, and pipeline 
network. 

2.1.1. Quasi-2D PEMFC model 
The previously developed quasi-2D PEMFC model is employed in this 

study [22]. The polarization curve directly determines the output per
formance of PEMFC. The calculation formula of output voltage is: 

V = Erev − ηohm − ηact (1)  

where V (V) is the output voltage; Erev (V) is the reversible potential; 
ηohm(V) is the ohmic loss; ηact(V) is the activation loss. The reversible 
voltage follows the thermodynamics and is the ideal maximum output 
voltage of the fuel cell, which is expressed by Nernst equation: 

Erev = 1.229 − 2.304 × 10− 4(T − 298.15) +
RT
2F

[

ln
(
PH2 ,in

)
+

1
2

ln
(
PO2 ,in

)
]

(2)  

where R (8.314 J mol− 1 K− 1) is the universal gas constant; T (K) is the 
temperature; F (96,485 C mol− 1) is the Faraday constant; P (bar) is the 
pressure. The superscripts and subscripts: H2 represents hydrogen; O2 
represents oxygen; in represents inlet. Ohmic loss is caused by the 
resistance of ions or electrons in different components of the cell, and 
can be calculated as: 

Fig. 4. Five generated random operating conditions of automotive PEMFC: (a) operating condition 1, (b) operating condition 2, (c) operating condition 3, (d) 
operating condition 4, (e) operating condition 5. 
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ηohm = I⋅ASR = I

(
δBP

σs,BP
+

δGDL

σeff
s,GDL

+
δMPL

σeff
s,MPL

+
δCL

2σeff
s,CL

+
δCL

2σeff
m,CL

+
δm

σm

)

(3)  

where I (A m2) is the current density; δ (m) is the thickness; σs and σm (S 
m− 1) are the electronic and ionic conductivities, respectively. The su
perscripts and subscript: eff represents effective value, BP represents 
bipolar plate; GDL represents gas diffusion layer; MPL represents micro- 
porous layer; CL represents catalyst layer. The activation loss can be 
calculated by the Tafel equation: 

ηact =
RT
2αF

ln

⎛

⎜
⎜
⎜
⎜
⎝

I

jaδACL

(
cH2 ,ACL

cref
H2

)

⎞

⎟
⎟
⎟
⎟
⎠

+
RT
4αF

ln

⎛

⎜
⎜
⎜
⎜
⎝

I

jcδCCL

(
cO2 ,CCL

cref
O2

)

⎞

⎟
⎟
⎟
⎟
⎠

(4)  

where α is the charge transfer coefficient; j (A m− 3) is the reaction rate; c 
(mol m− 3) is the molar concentration of gas components. The super
scripts and subscripts: a represents anode; c represents cathode; ACL 
represents anode catalyst layer; CCL represents cathode catalyst layer; 
ref represents reference. 

The heat and mass transfer equations and the parameters of the 
simulated PEMFC could be found in Ref. [22]. 

2.1.2. Hydrogen circulation pump model 
Hydrogen circulation pump is an important component of the 

PEMFC system. It not only improves the utilization of fuel, but also 
humidifies hydrogen by recirculating water vapor. The volume flowrate 
of gas at the inlet of hydrogen circulation pump, the angular velocity and 
rotational speed are corrected as follows: 

Wbc = Wbl

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Tin
/

Tref

√

Pin
/

Pref
,ωbc =

ωbl
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Tin
/

Tref

√ ,Nbc =
Nbl
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Tin
/

Tref

√ (5)  

where W (m3 h− 1) is the volume flowrate; ω (rad s− 1) is the angular 
velocity; N (RPM) is the rotational speed. The subscripts: bc and bl 
represent corrected and actual states of hydrogen pump, respectively. 
The sample points in the characteristic curve of hydrogen circulation 
pump are standardized to fit the curve: 

x =
Nbc − μN

σN
, y =

Wbc − μW

σW
(6)  

where x and y are the rotational speed and volume flowrate after data 
standardization processing, respectively; μN (RPM) and μW (m

3 h− 1) are 
the average values of rotational speed and volume flowrate of sample 
points, respectively; σN and σW are the standard deviation of the rota
tional speed and volume flowrate of the sample point, respectively. 

The relationship between volume flowrate, rotational speed and 
outlet pressure of hydrogen circulation pump is fitted by using second 
order equation [23]. This process is done by using the scikit-learn library 
of the interpreted programming language Python. The second order 
equation is as follows: 

Pout = a0 + a1x + a2y + a3x2 + a4xy + a5y2 (7)  

where Pout (bar) is the outlet pressure of hydrogen circulation pump; a0,

a1, a2, a3, a4, a5 are regression coefficients. The values of coefficients are 
shown in Table 1. The coefficient of determination of the fitting result is 
0.9923, which shows that the good fitting performance (as shown in 
Fig. 1 [23]). 

The hydrogen pump is driven by motor and the inertance of drive 
motor is calculated as: 

dωbl

dt
=

1
Jbl

(τbm − τbl) (8)  

τbm = ηbm
κt

Rbm
(vbm − κvωbl) (9)  

τbl =
pbl

ωbl
(10)  

pbl = cp,in
Tin

ηbl

⎡

⎣

(
Pout

Pin

)γg,in − 1
γg,in

− 1

⎤

⎦min (11)  

Fig. 5. Data set and parameters of operating condition 1: (a) current density, 
(b) single cell output voltage, (c) air compressor rotational speed, (d) hydrogen 
circulation pump rotational speed, (e) bipolar plate temperature, (f) coolant 
outlet temperature, (g) coolant flow rate, (h)ASR. 
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cp,in = cp,H2 yH2 ,in + cp,vyv,in + cp,N2 yN2 ,in (12)  

γg,in = γH2
yH2 ,in + γvyv,in + γN2

yN2 ,in (13)  

Tout = Tin +
Tin

ηbl

⎡

⎣

(
Pout

Pin

)γg,in − 1
γg,in

− 1

⎤

⎦ (14)  

vbm = κvωbl +
pblRbm

ωblηbmκt
(15)  

where J (kg m2) is the rotational inertia;τ (N m) is the torque; p (W) is the 
power; η is the efficiency; R (Ω) is the motor resistance; v (V) is the 
control voltage for motor; bl and bm represent the state of load 
(hydrogen pump) and motor, respectively, cp,in (J kg− 1 K− 1) is the spe
cific heats with a constant pressure of the inlet gas; Pin (bar) is the inlet 
pressure of hydrogen circulation pump; γg,in is the specific heat ratio of 
the inlet gas; min (kg s− 1) is the mass flowrate of the inlet gas; yH2 ,in, yv,in 

and yN2 ,in are the mass fractions of hydrogen, water vapor, and nitrogen 
in the inlet gas, respectively; Tout (K) is the temperature of the outlet gas. 

The calculated actual outlet pressure is compared with the target 
outlet pressure, and then the difference between the two is used as the 
deviation of the proportional-integral-derivative (PID) control, to 
calculate the change of the control voltage: 

e(t) = Ptar − Pout (16)  

u(t) = Kpe(t) + KI

∫

e(t)dt + KD
de(t)

dt
(17)  

vbm,new = vbm + u(t) (18)  

where Ptar (bar) and Pout (bar) are target outlet pressure and actual outlet 
pressure, respectively; e(t) (bar) is the deviation; Kp, KI and KD are the 
PID control coefficients; u(t) (V) is the change of control voltage; vbm,new 

(V) is the new control voltage after PID control. The parameters of the 
simulated hydrogen circulation pump are listed in Table 2. 

2.1.3. Pipeline model 
The pressure drop and dynamic response lag caused by gas transfer 

inside the pipeline is considered in this model. Pressure loss includes 
local pressure loss and frictional pressure loss: 

Δp = Δpm + Δpf (19)  

Δpm =
1

Apip
(moutuout − minuin) (20)  

Δpf =
2CfLρave(uave)

2

δpip
(21)  

Cf =

{
16Re− 1, Re ≤ 2000;

0.079Re− 0.25, Re ≥ 4000. (22)  

Fig. 6. Prediction results of ASR in operating condition 1: (a) MPR, (b) SVR, (c) LSTM-MLP.  
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Re =
ρgugδpip

μg
(23)  

ρg =
Pg

RT

(
∑

i
MiXi

)

(24)  

μg =
∑

i

Xiμi∑

j
Xjϕij

,ϕij =

[

1 +
(

μi
μj

)0.5(Mj
Mi

)0.25
]2

[
8
(

1 + Mi
Mj

)]0.5 (25)  

where Δp (Pa) is the total pressure loss; Δpm (Pa) is the local pressure 
loss; Δpf (Pa) is the frictional pressure loss; Apip (m2) is the cross- 
sectional area of the pipeline; mout (kg s− 1) and min (kg s− 1) are the 
mass flowrate into and out of the pipeline, respectively; uout (m s− 1) and 
uin (m s− 1) are the velocities into and out of the pipeline, respectively; Cf 

is the friction factor; L (m) is length of the pipeline; ρave (kg m− 3) is the 
average density; uave (m s− 1) is the average flow rate; δpip (m) is the 
hydraulic diameter of the pipeline; Re is the Reynolds number; μ (kg m− 1 

s− 1) is the dynamic viscosity; M (g mol− 1) is the molar weight of gas 
species; X is the molar fraction of gas species. The response lag of the 
pipeline is reflected in the transmission time of gas in the pipeline: 

tpip =
L

uave
(26)  

where tpip (s) is the transmission time of gas in the pipeline. 

The development of other sub-models of air compressor, membrane 
humidifier, and radiator can be found in our previous works [24]. 

2.2. Prediction model 

2.2.1. LSTM 
Recurrent neural networks (RNNs) are a class of neural networks 

designed for processing the sequence data. Most RNNs can process 
variable length sequences. However, typical RNNs are prone to ex
ploding gradient and vanishing gradient in training, which leads to the 
inability to deal with long sequences. In order to solve these problems, 
Hochreiter and Schmidhuber [25] improved RNN and designed the 
LSTM neural network model. Introducing the idea of self-cycling to 
generate a path where gradients flow continuously for a long time is a 
core contribution of the LSTM model. Fig. 2 shows the schematic of the 
LSTM model. The core concepts of LSTM could be described by the cell 
state, two activation functions, and three gates, and Fig. 3 shows sche
matic of the core concepts of LSTM. 

The cell states run through the top of Fig. 3, with only a few linear 
interactions, conveying relevant information in the sequence chain. 

The two activation functions are "tanh" and "σ" in Fig. 3, respectively. 

tanh(x) =
ex − e− x

ex + e− x (27)  

σ(x) = 1
1 + e− x (28) 

Fig. 7. Prediction results of single cell output voltage in operating condition 1: (a) MPR, (b) SVR, (c) LSTM-MLP.  
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The three gates of LSTM are forget, input and output gates. The first 
is the forget gate, which determines what information should be dis
carded or retained: 

ft = σ
(
Wf

i xt + bf
i +Wf

hht− 1 + bf
h

)
(29)  

where ft is the current forget gate; Wf
i and Wf

h are the weights of the 

current forget gate; bf
i and bf

h are the biases of the current forget gate; xt 

is the current input vector; ht− 1 is the hidden state of the last LSTM cell 
output. The second is the input gate, which is used to update cell state: 

it = σ
(
Wi

i xt + bi
i +Wi

hht− 1 + bi
h

)
(30)  

ct = ftct− 1 + ittanh
(
Wc

i xt + bc
i +Wc

hht− 1 + bc
h

)
(31)  

where it is the current input gate; Wi
i and Wi

h are the weights of the 
current input gate; bi

i andbi
h are the biases of the current input gate; ct is 

the cell state of current LSTM cell; ct− 1 is the cell state of last LSTM cell; 
Wc

i and Wc
h are the weights; bc

i andbc
h are the biases; ⊙ is Hadamard 

product. The third is the output gate, which determines the output of the 
current LSTM cell: 

ot = σ
(
Wo

i xt + bo
i +Wo

h ht− 1 + bo
h

)
(32)  

ht = ottanh(ct) (33)  

where ot is the current output gate; Wo
i and Wo

h are the weights of the 
current output gate; bo

i and bo
h are the biases of the current output gate; ht 

is the hidden state of the current LSTM cell output. 

2.2.2. LSTM-MLP 
In this study, the prediction parameters (ASR and output voltage of 

the PEMFC) are values, however, the outputs of LSTM, cell state c or 
hidden state h, are vectors. Thus, we need to convert the vector to a 

Fig. 8. Predictive performance of the model after removing a single feature for predicting (a) ASR, (b) single cell output voltage.  
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single value. We input the output of the hidden state of the last LSTM cell 
into the multilayer perceptron (MLP) with one neuron of the output 
layer, and the combined model is known as the LSTM-MLP. The input of 
LSTM is the sequence data of 100 consecutive sampling points, and the 
truth value is the ASR or output voltage of the last sampling point. The 
initial number of layers of LSTM is 1, the number of neurons in hidden 
layer is 8, and the direction is unidirectional. We use the two indepen
dent models to train and predict ASR and voltage, respectively, instead 
of using a multi-output model for the better predictive performance and 
training efficiency. The learning rate is 0.001, and the number of 
training epochs is within 2400. The mean square error (MSE) is set as the 
loss. Adam optimizer is used so that the learned gradient is adaptively 
corrected during the training. The training process of the LSTM-MLP is 
done by using the PyTorch library of the interpreted programming 
language Python. 

2.3. Data acquisition 

2.3.1. Random conditions generation 
We use stochastic methods combined with reasonable constraints to 

generate the simulated automotive PEMFC operating conditions as the 
basic data. The range extender fuel cell hybrid vehicle is assumed in this 
study, and thus the automotive PEMFC system works in the relatively 
comfortable and high-efficient state without much excessive volatility. 
The maximum acceleration of the PEMFC system for loading and 
unloading is set as 0.03 A cm− 2 s− 1, and the minimum and maximum 
current densities are set as 0.5 A cm− 2 and 0.7 A cm− 2, respectively, that 
meet the fluctuation rate and range [26,27]. The random number is used 
to determine the state (loading or unloading) and acceleration of the 
PEMFC system at a certain moment. The whole operation time is limited 
to no less than 5000 s, and the final operating condition is the minimum 
current density. Fig. 4 shows the five random operating conditions 
generated under the above restriction framework. 

Fig. 9. Predictive performance of the model after removing multiple features for predicting (a) ASR, (b) single cell output voltage.  
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2.3.2. Input features selection 
To imitate the real operating environments of automotive PEMFC, 

we choose the physical quantities that can be measured or should be 
concerned in the vehicle to form the dataset, including current density, 
single cell output voltage, air compressor rotational speed, hydrogen 
circulation pump rotational speed, bipolar plate temperature, coolant 
outlet temperature, coolant flow rate and ASR. For predicting the ASR or 
output voltage, the residual parameters are set as the input features. 
Fig. 5 shows the variation curves of each feature in the data set obtained 
by sampling at operating condition 1 with time. 

3. Results and discussion 

3.1. Test criteria 

We introduce four test criteria to evaluate the prediction perfor
mance: (1) coefficient of determination (R2), (2) mean absolute error 

(MAE), (3) root mean square error (RMSE), (4) mean absolute per
centage error (MAPE). The value range of R2 is [0, 1], and the value 
range of other criteria is [0, + ∞). The value of R2 closing to 1, and that 
of other criteria closing to 0 indicate the better prediction performance. 

R2 = 1 −

∑n

i=1
(yi − ŷi )

2

∑n

i=1
(yi − y)2

(34)  

MAE=
1
n
∑n

i=1
|yi − ŷi | (35)  

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2

√

(36)  

Fig. 10. Predictive performance of models using different sequence data durations: (a) ASR, (b) single cell output voltage.  
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MAPE =
1
n

∑n

i=1

⃒
⃒
⃒
⃒
yi − ŷi

yi

⃒
⃒
⃒
⃒× 100% (37)  

where y is the average value of the true value; n is the number of sam
ples; yi is the true value; ŷi is the predicted value. 

3.2. Comparative prediction performance of algorithms 

We compare the prediction performance of LSTM-MLP with that of 
other commonly used regression algorithms, namely MPR and support 
vector regression (SVR). In order to save computing time and resources, 
we use operating condition 1 as the representative for the data set and 
divide it into train set, validation set and test set according to the ratio of 
3:1:1. Table 3 shows the performance of ASR and single cell output 
voltage predicted by the three algorithms, respectively. The prediction 
results of ASR and single cell output voltage in test set of operating 
condition 1 by the three prediction algorithms are shown in Figs. 6 and 
7, respectively. The results show that LSTM-MLP is more accurate in 
predicting both ASR and single cell output voltage than other 
algorithms. 

The prediction accuracy of the three algorithms on predicting single 
cell output voltage does not show obvious difference, because the 
voltage depends mainly on the current density at each moment. How
ever, there exist great differences in predicting ASR. The prediction 
accuracy of LSTM-MLP is significantly higher than that of MPR and SVR, 
because ASR is closely related to the membrane water content, and the 
water transport rate in the PEM is relatively slow compared to the 

change rate of the operating condition. Therefore, the membrane water 
content is not only related to the current operating condition, but also 
greatly affected by the historical states, with a time lag effect. Therefore, 
LSTM-MLP, which can remember historical data, is obviously more 
suitable than other algorithms for predicting ASR. 

3.3. Network structure optimization 

In following sections, the dataset is based on operating condition 1 as 
test set, operating condition 2 as validation set, and operating conditions 
3, 4, and 5 as train set. In this section, the network structure of LSTM- 
MPL is optimized, and we design five neural networks: 

“8–1″: the neuron number of hidden layer of LSTM is 8, and the MPL 
doesn’t have hidden layer (only have input and output layers). 
“8–8–1″: the neuron number of hidden layer of LSTM is 8, and the 
MPL has one hidden layer with the neuron number of 8. 
“16–8–1″: the neuron number of hidden layer of LSTM is 16, and the 
MPL has one hidden layer with the neuron number of 8. 
“32–8–1″: the neuron number of hidden layer of LSTM is 32, and the 
MPL has one hidden layer with the neuron number of 8. 
“64–32–8–1″: the neuron number of hidden layer of LSTM is 64, and 
the MPL has two hidden layers with the neuron numbers of 32 and 8, 
respectively. 

The prediction performance is shown in Table 4. As the network 
structure becomes complex, the prediction accuracy increases firstly 

Fig. 11. Model prediction results of single cell output voltage with different sequence data duration: (a) 5 s, (b) 40 s, (c) 80 s.  
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with very limited improvement, and then even decreases. On the con
trary, the complex model will cost much computation for the training, 
and increase uncertainty and decrease generalization for the prediction. 
Thus, we choose a balance result between prediction accuracy and 
model complexity, and use “8–8–1″ for the following study. 

3.4. Feature sensitivity analysis 

Due to the limited computing power and memory size of the chip, 
especially when it needs to be loaded in the vehicle controller, it is 
necessary to strictly limit the model complexity and data size. After 
reducing the input features, the amount of data will be reduced in 
proportion and the complexity of the model will be reduced accordingly. 
Therefore, how to effectively screen features is a very worthy direction. 
In this section, we make a sensitivity analysis of the input features and 
use this as a basis for feature selection. We train, validate, and test the 
model using a dataset with individual features removed. Fig. 8 shows the 

predictive performance of the model after removing one single feature. 
The larger R2 and smaller MAPE indicates better prediction perfor
mance. When we remove a feature, if the training yields a worse model, 
it means that the feature is more sensitive to the output parameter. 

As shown in Fig. 8, the coolant flow rate, coolant outlet temperature 
and air compressor rotational speed are the three insignificant features 
for both predicting ASR and single cell output voltage. In our simulated 
cases, the applied automotive PEMFC system model only simulates the 
normal working states, and the stack temperature is controlled in a 
stable state without the wild fluctuation by adjusting the coolant flow 
rate, that leads to the appearance that the changes of coolant flow rate 
and coolant temperature have little effect on the state of the stack. 
However, the temperature and coolant rate might become the signifi
cant features in the unnormal or fault states, where the stack tempera
ture cannot be well controlled. For the air compressor rotational speed, 
the inlet pressure is constant as 2 bar, and the dynamic response of air 
compressor is fast. Under this condition, the air compressor rotational 

Fig. 12. Predictive performance of models using different sampling frequency: (a) ASR, (b) single cell output voltage.  
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speed is strongly related to the current density, and thus it shows similar 
information as the feature of current density. If the inlet pressure 
changes with different current densities, the air compressor rotational 
speed will become more important. Only removing the current density 
could also lead to a relatively good predictive performance because this 
feature could be reflected by other features such as hydrogen circulation 
pump rotational speed due to the constant pressure and stoichiometry 
assumption. 

As shown in Fig. 8(a), the most important feature for predicting ASR 
is the single cell output voltage, followed by the hydrogen circulation 
pump rotational speed and current density. Under the condition of 
constant current density, ASR has a linear relationship with ohmic loss, 
so the single cell output voltage is strongly correlated with ASR. 
Furthermore, when predicting ASR, it is very necessary to take the single 
cell output voltage as the input feature. The hydrogen circulation pump 
rotational speed corresponds to the amount of hydrogen and water 
vapor supply. Since the inlet pressure is constant as 2 bar, the amount of 
hydrogen supply represents the current density and reflects the oper
ating conditions of the stack. The amount of water vapor supply directly 
corresponds to the humidification degree of PEMFC, which directly 
determines the membrane water content and ASR. As can be seen from 
Fig. 8(b), the most important feature for predicting the single cell output 
voltage is the hydrogen circulation pump rotational speed. As 
mentioned above, due to the constant inlet pressure, the hydrogen cir
culation pump rotational speed contains information such as current 
density, and PEM humidification degree, which have the direct impacts 
on the single cell output voltage. 

In order to reduce the model complexity and data size as much as 
possible, remove as many features as possible under the condition of 
ensuring the prediction accuracy. According to the feature importance 
shown in Fig. 8, multiple features are removed cumulatively from small 
to large. Fig. 9 shows the predictive performance of the model after 
removing multiple features. After removing less than four insignificant 
features, it will not have much impact on the prediction performance of 
the model, and even slightly improve the prediction accuracy. This is 
because some features are not closely related to the target, resulting in a 
possible negative impact. If only one feature is used to predict the single 
cell output voltage, the R2 is 0.9420 and MAPE is 0.7662%. This in
dicates that the single cell output voltage is strongly related to a single 
feature and is strongly affected by a single condition. Adding other 
feature inputs will have limited improvement in prediction perfor
mance. Unlike the single cell output voltage, at least three features are 
required to be input to predict ASR in order to ensure that the R2 value is 
higher than 0.9, which indicates that the ASR is greatly affected by a 
variety of conditions. 

3.5. Sequence duration optimization 

In the previous sections, the input is sequence data with 100 
consecutive sampling points as a group and the sampling frequency is 
10 Hz, and thus a sequence data spans 10 s. For the model development, 
the input sequence data duration can be treated as a hyperparameter. In 
this section, the effect of sequence duration on the prediction perfor
mance is discussed, and the sequence durations are selected as 1 s, 5 s, 
10 s, 20 s, 40 s, and 80 s, respectively. In terms of data set, the three 
insignificant features discussed in the previous section are eliminated. 

Fig. 10 shows the predictive performance of models using different 
sequence data durations. The results show that the accuracy of model 
prediction of ASR and single cell output voltage firstly increases and 
then decreases with increasing sequence data duration. The optimal 
sequence data duration for predicting ASR is 5 s (R2) or 20 s (MAPE), and 
that for predicting single cell output voltage is 40 s. The reason is that 
too short sequence data duration contains too little time sequence in
formation, so that the model makes prediction without enough infor
mation, resulting in low accuracy. However, too long sequence data 
duration contains too much time sequence information, that also has a 

negative effect on the prediction and leads to low accuracy. 
Fig. 11 shows the model prediction results of single cell output 

voltage with different sequence data duration. The obvious errors 
mainly occur at the overshot and undershot phenomenon when the 
current density changes. In order to accurately capture the voltage 
change at the overshot and undershot phenomenon, the input data 
should include the characteristics of current density change processes 
that explain why the optimal sequence data is 40 s for predicting the 
single cell output voltage. 

3.6. Sampling frequency optimization 

When the sequence data duration is constant, the data size and 
computation amount of developing the model can be effectively reduced 
by reducing the sampling frequency. Thus, the sampling frequency 
should be reduced as far as possible under the condition of ensuring the 
prediction accuracy. In this section, the effect of sampling frequency on 
the prediction performance is discussed, and the sampling frequencies 
are selected as 10 Hz, and 5 Hz, 2 Hz, 1 Hz, 0.5 Hz, 0.33 Hz, 0.25 Hz and 
0.2 Hz, respectively. The three insignificant features are eliminated, and 
the sequence data durations for predicting ASR and single cell output 
voltage are 20 s and 40 s, respectively. 

Fig. 12 shows the predictive performance of models using different 
sampling frequencies. For predicting ASR, the prediction accuracy de
creases slowly with the decline of sampling frequency. When the sam
pling frequency drops to 0.5 Hz, the R2 still reaches 0.9939 and MAPE is 
only 0.2702%. This reduces the data size and computation amount by 
0.05 times compared to that of 10 Hz. There is no obvious regularity in 
predicting the single cell output voltage. Sampling frequency of 0.25 Hz 
is an appropriate choice for predicting single cell output voltage. 

4. Conclusion 

To monitor the health status of fuel cell stacks during operation, the 
dynamic process of ASR and output voltage are the main two indexes. In 
this study, a transient model of PEMFC system is built to simulate the 
dynamic process of the automotive PEMFC, and the random operating 
conditions are loaded to generate the data. The data set is used to train 
the data-driven model. The results show that the LSTM-MLP is more 
accurate in predicting both ASR and single cell output voltage than the 
benchmark algorithms (MPR and SVR), because the target value is not 
only related to the current conditions, but also affected by the historical 
conditions, with a time lag effect. In order to reduce the data size and 
model complexity, a sensitivity analysis of the input features is per
formed and three insignificant features are selected for both predicting 
ASR and output voltage. The prediction performance even slightly im
proves after removing the three insignificant features. Predicting the 
ASR is greatly affected by multiple physical quantities, however, pre
dicting the single cell output voltage is strongly related to one single 
physical quantity. The optimal sequence data duration for predicting 
ASR is 5 s or 20 s, and that for predicting single cell output voltage is 40 s 
in this study. Moreover, the sampling frequency can be reduced to 0.5 
Hz for predicting ASR and 0.25 Hz for predicting single cell output 
voltage that could reduce the computation amount and data volume by 
0.025 to 0.05 times. 
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