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Abstract 

Precise prediction of voltage degradation is critical for the prognostics and health 
management of proton exchange membrane fuel cells (PEMFCs). The performance 
degradation of PEMFCs is governed by a complex coupling of multiple physicochemical 
mechanisms, including catalyst layer and proton exchange membrane degradation. 
Crucially, these internal degradation processes evolve across highly heterogeneous time 
scales, ranging from transient high-frequency fluctuations to low-frequency and long-
term irreversible performance fade. Conventional predictive models, which typically rely 
on single-scale architectures or fixed receptive fields, are inherently ill-equipped to 
simultaneously decouple and capture these cross-scale temporal dynamics. To tackle this 
challenge, this paper innovatively proposes a multi-scale deep learning framework that 
integrates a multi-scale degradation trend perception module, a long short-term memory 
(LSTM)-based encoder–decoder architecture, and a multi-head attention mechanism. 
One-dimensional convolutional layers with different kernel sizes are employed to 
simultaneously extract local temporal features at multiple granularities, followed by the 
LSTM encoder–decoder to model long-range temporal dependencies, while the cross-
attention mechanism dynamically allocates attention across the encoded context at each 
autoregressive decoding step. Experimental outcomes indicate that the proposed model 
realizes excellent predictive accuracy across five evaluation indices in comparison with 
standard baselines. In particular, the mean absolute percentage error (MAPE) reaches 
1.6696%, and the maximum absolute percentage error (Max-APE) is strictly bounded 
within 5%, substantiating the reliability of the proposed framework for high precision and 
long-horizon health prognostics for PEMFCs. 
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1. Introduction 
Proton exchange membrane fuel cells (PEMFCs) have stood out as one of the most 

promising clean energy conversion technologies, owing to their low operating tempera-
ture, rapid start-up capability, high power density, and zero local emissions [1,2]. A 
PEMFC is structurally characterized by the PEM separating the anode from the cathode 
[3]. Driven by the decarbonization of the transportation sector and decentralized energy 
supply, PEMFCs have evolved into a promising power source for passenger cars, heavy-
duty vehicles, and stationary applications [4–6]. However, the long-term durability of 
PEMFCs remains a critical barrier to their widespread commercialization [7]. Electro-
chemical degradation mechanisms, including membrane aging, catalyst layer dissolution, 
and carbon support corrosion, lead to progressive performance deterioration over opera-
tional lifetimes [8–10], ultimately attaining the minimum threshold [11]. Consequently, 
accurate forecasting of the remaining useful life (RUL) and long-term degradation trajec-
tory is paramount to condition monitoring and reliability assurance in practical fuel cell 
deployments [12,13]. 

Existing approaches to fuel cell degradation prediction can be sorted into data-
driven, model-based, and hybrid methods [14,15]. Model-based methods construct phys-
ics-informed representations of degradation mechanisms, offering interpretability and ex-
trapolation capability under well-characterized conditions [16]. For instance, Zhang et al. 
[17] proposed an innovative method built upon a semi-empirical model by introducing 
degradation models of a recovery factor and electrochemical surface area, which achieved 
accurate degradation trend prediction. Yang et al. [18] carried out health prediction built 
on the equivalent circuit model and electrochemical impedance spectroscopy (EIS). Mess-
ing et al. [19] established an empirical durability model by systematically decoupling the 
distinct degradation effects of start/stop and dynamic load cycles based on accelerated 
stress tests. 

However, the complexity of multi-physics degradation processes makes it exceed-
ingly challenging for analytical models to precisely extract long-term dynamic behaviors, 
particularly under volatile load profiles. By contrast, data-driven methods bypass the 
need for explicit mechanistic formulations by directly learning degradation patterns from 
historical operational data, thereby offering superior flexibility for practical applications 
[20–22]. 

Among data-driven methods, Tang et al. [23] integrated EIS with a gated recurrent 
unit, which provides a new paradigm for accurate and explainable PEMFC health prog-
nostics. Lu et al. [24] took advantage of Bayesian optimization, enabling the prediction 
accuracy of the voltage trend to exceed 99%. Wu et al. [25] devised a time–frequency 
model, aiming to improve the accuracy of voltage decay prognosis across highly dynamic 
operational profiles, through the architectural fusion of 2D frequency-spectrum charac-
teristics and 1D sequential memory mechanisms. Terrissa et al. [26] established a prog-
nostic methodology centered on data-driven digital twin paradigms for the RUL predic-
tion of PEMFCs. By leveraging stacked autoencoders to autonomously extract deep deg-
radation features from limited non-linear operational profiles, this methodology success-
fully achieves high-accuracy health monitoring and robust aging trend projection. 
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The degradation of PEMFCs is attributed to the coupled evolution of multiple phys-
icochemical mechanisms, including catalyst layer degradation, membrane aging, and 
electrochemical performance attenuation. These degradation phenomena exhibit pro-
nounced temporal heterogeneity, characterized by the coexistence of short-term transient 
fluctuations and long-term irreversible degradation evolution across different temporal 
scales. Nevertheless, most existing prediction frameworks are predominantly developed 
based on single-scale learning paradigms or fixed receptive-field architectures, which 
limit their ability to effectively model the intrinsic cross-scale temporal dynamics govern-
ing PEMFC degradation processes. 

To tackle these limitations, this paper develops an innovative data-driven multi-scale 
model for long-horizon voltage degradation prediction of PEMFCs. Empirical results ver-
ify that the predictive capability of the proposed model is considerably elevated. The pri-
mary merits of this research include: 

1. An innovative deep learning architecture that intricately integrates a multi-scale deg-
radation trend perception module is proposed by the integration of a long short-term 
memory (LSTM)-based encoder–decoder and a multi-head cross-attention mecha-
nism. 

2. The inherent limitations of conventional predictive models with fixed receptive fields 
are overcome, enabling the simultaneous capture of complex and multi-scale tem-
poral dynamics inherent in voltage degradation. 

3. Three parallel convolutional layers are designed to extract multi-scale local features 
from the voltage difference sequence, thereby capturing both short-term fluctuations 
and broader temporal patterns in the voltage response. By deploying varying kernel 
sizes, the model successfully decouples and extracts fine-grained short-term transi-
ent fluctuations and broader local degradation patterns. This strategy yields a com-
prehensively enriched and complementary feature representation before sequential 
modeling. 

A multi-scale degradation trend perception module is developed to jointly extract 
fine-grained voltage fluctuations and broader local degradation patterns from the first-
order voltage difference sequence. By integrating parallel convolutional branches with 
different receptive fields before temporal encoding, the proposed module overcomes the 
limitation of single-scale feature extraction and provides a more comprehensive represen-
tation of PEMFC degradation dynamics. 

To facilitate a clear presentation, the subsequent text is partitioned into several seg-
ments. Section 2 details the experimental dataset and the dynamic load durability test. 
Section 3 delineates the proposed multi-scale degradation trend perception module and 
attention-based framework. Section 4 elaborates on the experimental verification, perfor-
mance evaluation, and comparative analysis. Finally, Section 5 concludes this work and 
outlines future research directions. 

2. Fuel Cell Dynamic Durability Test 
This study utilizes a long-term dynamic durability dataset of a single PEMFC, which 

was provided by the Clean Energy Automotive Engineering Center and College of Auto-
motive and Energy Engineering of Tongji University [27,28]. The single PEMFC features 
a rated current of 35.6 A. To evaluate its durability, the European harmonized test protocol 
was introduced as an alternative testing framework. Under this protocol, the fuel cell dy-
namic load cycle (FC-DLC) was specifically developed based on the New European Driv-
ing Cycle (NEDC, ECE R15) to effectively simulate dynamic automotive operations. Fig-
ure 1a shows the current load level in the first 1200 s, alongside the measured output volt-
age values. The test procedure [29] includes one extra-urban driving cycle and four urban 
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driving cycles. The complete durability dataset comprises a total of 3076 consecutive FC-
DLC cycles, with each cycle lasting approximately 1180 s, accumulating approximately 
1008 h. The complete output voltage during the test is shown in Figure 1b. All data pre-
processing, model development, and numerical analyses were performed using Python 
version in PyCharm 2025.3 (JetBrains s.r.o., Prague, Czech Republic). 

 

Figure 1. (a) Current load level and measured output voltage values in the first 1200 s. (b) Complete 
output voltage data for PEMFC during the long-term durability test. 

It should be noted that the current profile shown in Figure 1a was not directly used 
as an input variable of the proposed model. The current profile was used to describe the 
operating conditions of the PEMFC dynamic durability test. The original dataset was col-
lected under variable operating conditions, during which the fuel cell experienced a large 
number of dynamic load cycles. Therefore, the degradation behavior contained in the volt-
age data was affected by the variable-load operating history. 

3. Method 
3.1. Model Architecture 

PEMFC degradation is governed by the coupled evolution of multiple physicochem-
ical processes, including catalyst layer deterioration, membrane aging, and electrochemi-
cal performance attenuation. These degradation dynamics exhibit significant temporal 
heterogeneity, where short-term transient fluctuations and long-term irreversible degra-
dation evolution coexist across different temporal scales. To effectively characterize such 
multi-scale degradation behaviors, a multi-scale degradation evolution perception frame-
work is developed to enhance the representation capability of heterogeneous temporal 
features. 

Figure 2 provides a detailed visualization of the proposed modeling paradigm. The 
model takes a difference sequence of length 𝑇 ൌ 90 as input, denoted as 𝐗 ∈ ℝଽ଴ൈଵ, and 
produces a predicted difference sequence of length 𝐿 ൌ 60  as output, denoted as ሼ𝑦ොଵ,𝑦ොଶ, … ,𝑦ො௅ሽ. To construct the input sequence for the proposed network, the measured 
fuel cell voltage was transformed into a first-order difference sequence. The first-order 
difference operation reduces the influence of the long-term voltage decay and emphasizes 
local voltage variations between adjacent time steps. As a result, this input sequence ena-
bles the corresponding scale of the network to focus on fluctuations, rather than being 
dominated by the absolute voltage drop caused by long-term degradation. The data flow 
proceeds through the following four stages: (i) feature extraction via parallel convolu-
tional kernels, (ii) sequence encoding via LSTM, (iii) autoregressive prediction via cross-
attention with decoder, and (iv) voltage reconstruction via predicted sequences. 
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Figure 2. Architecture of the proposed multi-scale perception LSTM encoder–decoder with multi-
head attention for the voltage prediction of PEMFCs. 

Firstly, the input sequence 𝑿 is simultaneously fed into three parallel convolutional 
layers with kernel sizes of 3, 5, and 7, each producing 32 feature channels. The outputs of 
the three convolutional branches are fused across the channel axis, thereby yielding a 
comprehensive multi-scale feature matrix 𝑭concat, which serves as the input to the encoder. 
Secondly, the feature matrix 𝑭concat is processed by a two-layer LSTM encoder with a hid-
den size of 128. The encoder sequentially processes all 90 timesteps and produces two 
outputs: the full encoder hidden state sequence 𝑯enc, which is later used as the key and 
value source in the attention mechanism, and the final hidden and cell states ሺℎே,  𝑐ேሻ, 
which are passed to the decoder as its initial states. Thirdly, the decoder is a two-layer 
LSTM with a hidden size of 128, initialized with ሺℎே, 𝑐ேሻ from the encoder. The decoder 
operates autoregressively for 𝐿 = 60 steps. At each step 𝑡, the decoder takes the previ-
ous prediction 𝑦ො௧ିଵ as the input and generates the hidden state 𝑑௧. This hidden state sim-
ultaneously serves as the query to the attention mechanism, while the output of encoder 𝑯enc provides the key and value. It should be emphasized that the multi-head cross-at-
tention is computed between the decoder hidden state and the encoder output sequence, 
rather than between different convolutional scales. Through scaled dot-product attention 
with four parallel heads, the attention output 𝑨௧ is computed, dynamically weighting the 
encoder context most relevant to the current prediction step. Finally, at each decoding 
step 𝑡, the hidden state 𝑑௧ of the decoder and the attention output 𝑨௧ are concatenated 
and then passed through a fully connected layer to generate the prediction result 𝑦ො௧. The 
predicted value 𝑦ො௧ is subsequently fed back as the input to the decoder at the next step, 
forming a closed-loop autoregressive prediction process. The above-mentioned procedure 
is repeated for 60 steps, yielding the complete predicted difference sequence, which is 
finally reconstructed into the voltage prediction curve. 

The multi-scale degradation trend perception module is designed according to the 
multi-scale temporal characteristics of the PEMFC voltage degradation signal. Conven-
tional single-scale convolution can only extract local features within a fixed receptive field, 
which may be insufficient to simultaneously represent fine-grained voltage fluctuations 
and broader local degradation patterns. To overcome this limitation, three parallel one-
dimensional convolutional branches are employed to process the voltage difference se-
quence. 

The smaller receptive field emphasizes short-term and fine-grained variations, while 
the larger receptive fields capture progressively broader local temporal patterns. The out-
puts of the three branches are concatenated along the channel dimension to form a unified 
multi-scale feature representation before being fed into the LSTM encoder. In this way, 
the module provides the encoder with complementary degradation information at 
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different temporal scales and enhances the ability of the model to perceive complex local 
evolution patterns in the voltage sequence. 

To ensure the reproducibility of the proposed framework and achieve optimal pre-
dictive performance, the hyperparameter configuration of the network was systematically 
optimized. Hyperparameters govern the capacity, convergence rate, and generalization 
ability of the deep learning models, thereby dictating their ability to extract the complex 
dynamics of the PEMFCs. A comprehensive compilation of the finalized hyperparameter 
specifications and training environment configurations is meticulously detailed in Table 
1. 

Table 1. Hyperparameter configuration table. 

Hyperparameter Value Description 
Target_samples 1008 Target sample size after downsampling 

Train_cutoff 550 Training set cutoff index 
Seq_len 90 Input sequence length 

Pred_len 60 Prediction length 
Hidden_size 128 LSTM hidden layer dimension 

Patience 40 Patience for early stopping 
Num_heads 4 Number of multi-head attention heads 
Batch_size 16 Batch size 

Epochs 200 Maximum number of training epochs 
LR 0.0008 Initial learning rate 

Num_Layers 2 Number of LSTM layers 
Frac 0.01 Smoothing window fraction 

Validation set ratio 20% Split from the pre-cutoff training set 
Normalization range [−1, 1] MinMaxScaler feature range 

Dropout 0.1 Dropout rate 
Conv channels 32 × 3 = 96 32 × 3 channels, concatenated across three scales 
Conv Kernels [3, 5, 7] Kernel sizes for each convolution 

The choice of the input and output window lengths was based on comparative ex-
perimental results. Several combinations of input and output window lengths were tested 
under the same data split, model structure, and training settings. The experimental results 
are shown in Table 2. Based on both the predicted voltage results and the evaluation in-
dicators, the model achieved the best overall performance when the input window length 
was 90, and the output window length was 60. Therefore, the input and output window 
lengths were set to 90 and 60, respectively, in the proposed model. 

Table 2. Comparison results of different input and output window lengths. 

Input Length Output Length MAE/V RMSE/V 
60 60 0.0137 0.0164 
90 30 0.0085 0.0109 
90 60 0.0088 0.0108 
90 90 0.0088 0.0118 

120 60 0.0188 0.0244 

3.2. Multi-Scale Degradation Trend Perception Module 

The voltage degradation signal of a fuel cell exhibits complex temporal characteristics 
at multiple scales, including fine-grained local fluctuations in the voltage response that 
may be influenced by the variable-load operating history during the dynamic durability 
test, as well as broader temporal patterns associated with gradual performance 
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degradation. A single convolutional kernel with a fixed receptive field is insufficient to 
capture such heterogeneous local temporal structures simultaneously. To address this 
limitation, a multi-scale degradation trend perception module is introduced to enrich the 
feature representation of the input sequence before sequential modeling, while long-term 
temporal dependencies are delegated to the subsequent LSTM encoder. 

Specifically, three parallel convolutional layers are applied to the input sequence. The 
three kernel sizes correspond to different local receptive fields: the kernel of size 3 extracts 
fine-grained short-term fluctuations, the kernel of size 5 captures intermediate local vari-
ations, and the kernel of size 7 focuses on smoother and broader local patterns within the 
input window. Each convolutional layer produces 32 feature channels, and zero-padding 
is applied to ensure that the temporal dimension remains unchanged after convolution. 
The operation of each branch is defined as 

ReLU( ), {3,5,7}k k k k∈∗= +F W X b  (1) 

where 𝑿 ∈ ℝ்×ଵ denotes the input difference sequence of length 𝑇, 𝑾௞ and 𝒃௞ are the 
learnable weight matrix and bias of the convolutional layer with kernel size 𝑘, ∗ denotes 
the convolution operation, and ReLU(⋅) is the rectified linear unit activation function. 

The outputs of the three channels are concatenated across a feature dimension to gen-
erate the unified multi-scale representation: 

96
concat 3 5 7[ ] T ×= ∈F F F F    (2) 

where ∥ denotes concatenation along the channel dimension. This multi-scale design en-
ables the model to simultaneously perceive local temporal structures at multiple granu-
larities, providing richer and more complementary feature representations compared to a 
single-kernel approach. The resulting feature matrix 𝑭concat preserves the original tem-
poral dimension while enriching each step with multi-scale feature information, and is 
subsequently fed into the encoder–decoder framework. 

3.3. LSTM Encoder–Decoder with Attention Mechanism 

The encoder and decoder in the proposed model are both built upon LSTM networks, 
which are tailored to track persistent time-series dynamics across historical sequences. 
Unlike standard recurrent neural networks (RNNs), LSTM introduces a gating mecha-
nism to regulate information flow, effectively mitigating the vanishing gradient problem. 
At each step 𝑡, the LSTM unit updates its hidden state 𝒉௧ and cell state 𝒄௧ through three 
gates, defined as follows: 

( )f 1 f[ , ]t t tσ −= ⋅ +f W h x b  (3)

i 1 i( [ , ] )t t tσ −= ⋅ +i W h x b  (4)

c 1 ctanh( [ , ] )t t t−= ⋅ +c W h x b  (5)

1t t t t t−= +c f c i c   (6)

o 1 o( [ , ] )t t tσ −= ⋅ +o W h x b  (7)

tanh( )t t t=h o c  (8)

where 𝜎(⋅) denotes the sigmoid activation function, tanh (⋅) denotes the hyperbolic tan-
gent function, ⊙  denotes the element-wise multiplication, and 𝑾௙ , 𝑾௜ , 𝑾௖ , 𝑾௢  and 𝒃௙, 𝒃௜, 𝒃௖, 𝒃௢ are the learnable weight matrices and bias vectors of the respective gates. 

To further enhance the capability of the decoder to dynamically focus on the most 
relevant temporal context from the encoder output at each prediction step, a cross-
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attention mechanism is incorporated. The hidden state of the decoder at each step serves 
as the query, while the complete encoder output sequence provides both the keys and 
values. The scaled dot-product attention is computed as 

Attention( , , ) softmax( )
kd

⋅= ⋅Q KQ K V V
T

 (9) 

where 𝑸, 𝑲, and 𝑽 denote the query, key, and value matrices, respectively, and 𝑑௞ de-
notes the dimension of the key vectors. 

For the purpose of integrating feature standpoints across diverse analytical dimen-
sions, multi-head attention with 𝑁௛ = 4 parallel attention heads is employed: 

Q K Vhead Attention( , , )i i i i= ⋅ ⋅ ⋅Q W K W V W  (10) 
o

1MultiHead( , , ) Concat(head , ..., head )t h= = ⋅A Q K V W  (11) 

where 𝑾௜୕ , 𝑾௜୏, 𝑾௜୚ are the projection matrices for the 𝑖-th attention head, and 𝑾୓ is 
the output projection matrix. 

The attention output 𝑨௧ is then concatenated with the hidden state of the decoder 𝒅௧ ∈ ℝௗ೓, where 𝒅௧ denotes the hidden state of the decoder LSTM at prediction step 𝑡, 
and passed through a fully connected layer with learnable weight matrix 𝑾out and bias 𝒃out to obtain the prediction results at each step: 

out outˆ [ ]t t ty = ⋅ +W d A b  (12) 

The predicted value 𝑦ො௧ is fed back as the input to the next decoding step, forming a 
closed-loop autoregressive prediction process that is repeated for 𝐿 steps, where 𝐿 de-
notes the prediction horizon, yielding the complete predicted difference sequence ሼ𝑦ොଵ,𝑦ොଶ, … ,𝑦ො௅ሽ. 
3.4. Data Preprocessing 

The raw experimental dataset comprised 20 data files collected from PEMFC opera-
tions in different operating conditions. In order to guarantee that the model was opti-
mized exclusively on data representative of nominal operating conditions, a current-
based filtering criterion was applied: only voltage measurements corresponding to a dis-
charge current within the range of 35.5~35.6 A were retained, yielding a total of 135,333 
valid data points. This filtering step eliminates measurements acquired under off-nominal 
current conditions, which may introduce inconsistent electrochemical dynamics and de-
grade model generalizability. 

Since the output voltage of a PEMFC varies directly with the operating current, com-
bining voltage values obtained at different current levels would introduce substantial 
load-dependent variations and obscure the long-term degradation trend. Therefore, the 
voltage within the current range of 35.5~35.6 A, corresponding to the rated operating cur-
rent of the tested fuel cell stack, was extracted to construct the degradation sequence used 
in this study. This selection ensures that the voltage values at different aging stages are 
compared under approximately identical operating conditions, thereby reducing the di-
rect influence of current variation and allowing the degradation-related voltage evolution 
to be identified more clearly. 

To mitigate the effect of high-frequency measurement noise inherent in the raw volt-
age sequence, locally weighted scatterplot smoothing (LOWESS) is applied to the 
downsampled voltage series before the differential transformation. LOWESS is a non-par-
ametric regression method that estimates the underlying smooth trend at each data point 
by fitting a weighted low-degree polynomial within a local neighborhood, without im-
posing any global functional form on the data. This property makes it particularly well-
suited for electrochemical time series characterized by non-stationary dynamics and ir-
regular noise distributions. 
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Formally, given the downsampled sequence ሼ(𝑡௜ ,𝑣௜)ሽ௜ୀଵ௡   where 𝑛 =1008, the 
smoothed estimate 𝑣ො௜ at each point 𝑡̂௜ is obtained by minimizing the locally weighted 
sum of squared residuals: 

2

1 0

ˆ arg min ( ) ( )
pn

k
i j i j k j i

j k
v w t v β t t

= =

 
= − − 

 
 

β

 (13)

where 𝑝 denotes the polynomial degree and 𝑤௝(𝑡௜) is the tricube kernel weight assigned 
to the 𝑗-th observation: 

}{

33

1
j i i

j i
j i t t d

i

t t
w t

d
( ) 1

− ≤

  −  = −     

 (14) 

where 𝑑௜  represents the distance to the furthest point within the local window deter-
mined by bandwidth parameter 𝑓. 

In this model, 𝑓 is set to 0.01, meaning that each local regression is performed over 
a window encompassing ⌊0.01 × 1008⌋ = 10  neighboring points. This narrow band-
width is deliberately chosen to preserve the macro-scale electrochemical degradation 
trend and the characteristic cyclic voltage fluctuations associated with operating cycles, 
while effectively suppressing stochastic measurement artifacts. To further enhance ro-
bustness against outliers, LOWESS employs iterative re-weighted least squares, in which 
residuals from each fitting iteration are used to construct bisquare robustness weights that 
progressively downweight anomalous observations in subsequent iterations. The result-
ing smoothed sequence serves as the input to the first-order differencing operation, en-
suring that the differential increments fed into the model reflect the genuine electrochem-
ical dynamics rather than measurement noise. 

First-order differencing was then applied to the smoothed sequence to convert the 
non-stationary voltage series into an approximately stationary incremental series, im-
proving the training-phase evolution dynamics and convergence smoothness within the 
structural network. Finally, the difference sequence was normalized to the interval [−1, 1] 
via min–max scaling fitted exclusively on the training partition, with the resulting scaling 
parameters applied to the validation, which can be calculated as 

min
scaled

max min

2 1x xx
x x

−
= × −

−
 (15)

where 𝑥୫ୟ୶ and 𝑥୫୧୬ denote the maximum and minimum values, 𝑥 denotes the origi-
nal value, and 𝑥ୱୡୟ୪ୣୢ denotes the scaled value. 

Since the model was trained on the voltage difference, the first 550 data points gen-
erated 549 first-order voltage difference values. Among these values, the first 440 values 
were used to construct the training samples, and the remaining 109 values were used as 
the validation interval for hyperparameter selection and early stopping. The test interval 
started after the 550th known voltage data point. During testing, the 550th voltage value 
was used as the initial value for voltage reconstruction, and the model recursively pre-
dicted the subsequent voltage differences. 

To prevent information leakage, the normalization scaler was fitted only on the train-
ing subset of the voltage difference sequence and was then applied unchanged to the val-
idation and test intervals. The true voltage data in the test interval were not used during 
model training, validation, early stopping, hyperparameter selection, or scaler fitting. 
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3.5. Evaluation Indicators of Results 

To quantitatively assess the predictive performance of the developed algorithm re-
garding fuel cell degradation behaviors, five widely adopted statistical metrics are em-
ployed: root mean square error (RMSE), absolute percentage error (APE), normalized 
mean square error (NMSE), mean absolute percentage error (MAPE), and mean absolute 
error (MAE). The mathematical formulations of these metrics are defined as follows, 
where 𝑦ො௜ and 𝑦௜ represent the predicted and experimental true voltage values at the 𝑖 
step, respectively. 

2
1

1 ˆRMSE ( )n
i ii
y y

n =
= −  (16) 

ˆ
APE 100%i i

i

y y
y
−

= ×  (17) 

1

1

2

2

ˆ( )
NMSE

( )

n

i
n

i

i i

i i

y y

y y
=

=

−
=

−



 (18) 

1

ˆ1MAPE 100%n i i
i

i

y y
n y=

−
= ×  (19) 

1

1 ˆMAE n
i ii
y y

n =
= −  (20) 

Each metric captures a distinct aspect of the accuracy and robustness of the model. 
Specifically, RMSE and MAE quantify the absolute errors in the same unit as the target 
variable. Due to its squaring mechanism, RMSE heavily penalizes larger deviations, mak-
ing it highly sensitive to outliers, whereas MAE measures the average magnitude of ab-
solute errors in a linear fashion, offering a more robust reflection of the central error ten-
dency. To provide scale-independent assessments, APE and MAPE measure relative er-
rors; APE evaluates the percentage discrepancy for individual data points, while MAPE 
aggregates these errors to reflect the overall percentage accuracy, facilitating straightfor-
ward comparisons across different data scales. Furthermore, NMSE normalizes the sum-
mation of squared residual deviations against the total variance of the observed data. This 
benchmarking standardizes the error, where a lower NMSE value indicates a substantial 
performance gain over a naive mean-based baseline predictor. Collectively, the simulta-
neous adoption of these absolute, relative, squared, and normalized error criteria ensures 
a comprehensive and multi-faceted validation of the model�s forecasting accuracy. 

4. Results and Discussion 
4.1. Data Visualization After Preprocessing 

Figure 3 illustrates the voltage data after current-based filtering and the subsequent 
preprocessing pipeline. The upper panel (Figure 3a) presents the 135,333 raw voltage 
measurements retained under the nominal discharge current of 35.5~35.6 A, spanning ap-
proximately 1008 h of operation across 20 experimental files. The data exhibit a clear long-
term degradation trend superimposed on periodic operating cycles, reflecting the pro-
gressive power fade of the PEMFC over its operational lifetime. The lower panel of Figure 
3b displays the downsampled sequence (n = 1008) alongside the LOWESS-smoothed curve 
(frac = 0.01). The smoothed curve successfully captures the macroscopic degradation tra-
jectory while effectively suppressing the high-frequency fluctuations and inter-cycle var-
iability present in the raw signal, thereby providing a stable and noise-attenuated input 
for subsequent model training. 
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Figure 3. (a) Original voltage scatter plot under rated current; (b) downsampled and LOWESS-
smoothed data. 

4.2. Multi-Scale Degradation Trend Perception Optimization Results 

The first 550 h of the dataset were designated for model training, whereas the sup-
plementary subset was used as the prediction set. To evaluate the model, a validation set 
was established, with the first 80% of the training set used for model training and the 
remaining 20% for error evaluation. 

Figure 4 illustrates the voltage prediction results of the proposed model when a nom-
inal current of 35.6 A is employed in the discharge dataset. The blue solid line represents 
the training data within the first 550 h, the gray dashed line corresponds to the original 
voltage signal in the test interval, and the red line tracks the predicted curve of the pro-
posed model from 550 to 1008 h. The voltage exhibits a clear monotonic decreasing trend, 
reflecting the typical electrochemical degradation characteristics of fuel cells. Superim-
posed on this long-term degradation trend are periodic fluctuations of varying ampli-
tudes, which are closely related to cyclic load variations during operation. Notably, the 
training data exhibit intermittent reversible voltage recovery, where the voltage tempo-
rarily rises above the overall degradation trend before decreasing again. Such reversible 
voltage recovery is a typical feature of PEMFCs and is generally attributed to membrane 
rehydration, localized regeneration of the catalyst layer, or temporary relief of mass 
transport limitations. The forecasting interval contains a pronounced voltage degradation 
trend and repeated local recovery and decay processes. Despite these changes, the pre-
dicted voltage remains generally consistent with the measured trajectory and captures the 
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major periodic fluctuations. The result demonstrates that it can maintain satisfactory fore-
casting accuracy under changing degradation tendencies. 

 

Figure 4. Proposed model prediction results on the dataset. 

The proposed model effectively captures both the short-term dynamic fluctuations 
and long-term degradation trend of the voltage, owing to the complementary design of 
its two core components. The multi-scale degradation trend perception module extracts 
local temporal features at multiple granularities, enabling the model to perceive fine-
grained short-term variations, while the LSTM encoder–decoder framework learns long-
range temporal dependencies across the full sequence, capturing the overall degradation 
trajectory and acquiring the periodic reversible recovery patterns from the training data. 
Leveraging this joint learning capability, the reversible voltage recovery patterns observed 
in the training interval are effectively encoded into the representations of the model and 
subsequently reproduced in the prediction interval after 800 h. The quasi-periodic recov-
ery events in the predicted curve exhibit a reasonable correspondence with the actual sig-
nal in both temporal location and amplitude. 

To further evaluate the effectiveness and generalization capability of the proposed 
model, an additional experiment was conducted using the fuel cell degradation dataset 
from the IEEE 2014 Data Challenge [30]. Since the latter portion of this dataset exhibits 
pronounced and irregular reversible voltage recovery, the first 1000 h of operating data 
were selected for model training and prediction. This setting was used to assess the capa-
bility of the proposed model to capture the long-term voltage degradation tendency of the 
fuel cell. 

As shown in Figure 5a, the proposed model closely follows the overall voltage deg-
radation trajectory of the additional dataset with the original split and captures the major 
temporal variations during the forecasting interval. The model achieves an MAE of 0.0061 
V and an RMSE of 0.0087 V. The performance obtained on the additional dataset indicates 
that the proposed model can extract temporal degradation characteristics and is not re-
stricted to the dataset used in the primary experiment. Nevertheless, differences in fuel 
cell stack configuration, operating conditions, sampling intervals, and measurement noise 
may affect the data distribution. Further multi-dataset and cross-condition validation will 
therefore be conducted in future work. Furthermore, as shown in Figure 5b, under the 
5:2:3 train–validation–test partitioning strategy, the proposed model still achieved good 
prediction accuracy, indicating that its performance is not strongly dependent on the orig-
inal data partitioning scheme. 
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Figure 5. Proposed model prediction results on an additional IEEE dataset: (a) original split; (b) 5:2:3 
train–validation–test split. 

4.3. Ablation Study 

To systematically evaluate the specific impact of individual module designs on the 
predictive performance, a series of ablation experiments was conducted by selectively re-
moving individual modules from the proposed model. Three degraded variants were con-
structed: (1) Without Multi-Scale Degradation Trend Perception, in which the multi-scale 
degradation trend perception module was replaced by a single-scale convolution with a 
kernel size of three; (2) Without Attention, in which the multi-head attention mechanism 
was removed, and the decoder output was directly mapped to predictions without cross-
sequence context modeling; and (3) Without Encoder–Decoder, in which the autoregres-
sive encoder–decoder architecture was replaced by a single LSTM that directly projects 
the final hidden state to the full prediction horizon. All other hyperparameters and train-
ing configurations were held constant across variants to ensure a fair comparison. 

The prediction results of all variants are presented in Figure 6. The proposed full 
model achieves the closest agreement with the ground truth voltage degradation trajec-
tory throughout the entire test horizon, accurately capturing both the short-term cyclic 
fluctuations and the long-term downward trend. In contrast, all ablated variants exhibit 
substantially degraded predictive performance. 

Crucially, the indispensable role of the multi-scale feature extraction is substantiated 
by the performance of the Without Multi-Scale Perc variant (green), which exhibits a sys-
tematic positive bias relative to the ground truth, with predicted voltage values consist-
ently elevated above the true degradation trajectory. While the cyclic oscillation pattern is 
partially preserved, the amplitude and phase of the predicted cycles progressively deviate 
from the reference, indicating that single-scale convolutional feature extraction fails to ad-
equately resolve the multi-frequency temporal components embedded in the voltage sig-
nal. The inability to capture fine-grained local dynamics ultimately causes the model to 
underestimate the rate of long-term power fade and performance degradation. 

The Without Attention variant (orange) tracks the overall downward degradation 
trend more closely than the Without Multi-Scale Perc variant. However, it exhibits pro-
nounced amplitude amplification in the cyclic fluctuations, with valley voltages substan-
tially lower than those observed in the ground truth. This over-oscillation behavior sug-
gests that without the cross-attention mechanism to selectively integrate the complex en-
coder information, the decoder relies excessively on its internal recurrent state, leading to 
error accumulation and instability over extended prediction horizons. 
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Figure 6. Prediction results of the proposed model and its ablation variants. 

The Without Encoder–Decoder variant (purple) displays the most severe divergence 
from the ground truth. The predicted curve maintains an anomalously elevated voltage 
level throughout the test horizon, failing to track the progressive degradation trend and 
exhibiting irregular oscillations inconsistent with the underlying electrochemical dynam-
ics. This behavior confirms that direct multi-step projection from a single LSTM hidden 
state lacks the sequential inductive bias required for coherent long-horizon forecasting 
and that the autoregressive decoding mechanism is indispensable for generating physi-
cally plausible voltage trajectories. 

Overall, the visual comparison corroborates the quantitative findings in Table 2, col-
lectively establishing that the proposed full model, through the synergistic integration of 
the multi-scale degradation trend perception module, multi-head attention, and the auto-
regressive encoder–decoder structure, achieves superior predictive fidelity across both the 
macro-scale degradation trend and the micro-scale cyclic dynamics. 

Table 3 explicitly delineates the performance fluctuations caused by the ablation 
study, which reports five evaluation metrics—MAE, RMSE, MAPE, NMSE, and Max-
APE—across the proposed full model and three ablated variants. The formulated frame-
work consistently demonstrates overwhelming superiority across the entire spectrum of 
evaluation criteria, featuring MAE of 0.0088 V, RMSE of 0.0108 V, MAPE of 1.6696%, 
NMSE of 1.3599, and Max-APE of 4.9637%, demonstrating its superior accuracy and ro-
bustness in long-horizon voltage degradation prediction. 

Table 3. Quantitative evaluation results of the ablation study. 

Model MAE RMSE MAPE NMSE Max-APE 
Proposed 0.0088 0.0108 1.6696 1.3599 4.9637 

Without Multi-Scale Perc 0.0130 0.0147 2.5096 2.5252 7.8331 
Without Attention 0.0128 0.0162 2.4381 3.0716 7.3397 

Without Encoder–Decoder 0.0233 0.0267 4.4878 8.2840 10.9179 

The removal of the multi-scale degradation trend perception module (Without Multi-
Scale Perc) leads to a notable degradation in predictive performance, with MAE increasing 
by 47.7% to 0.0130 V, RMSE rising to 0.0147 V, and MAPE increasing to 2.5096%. The Max-
APE deteriorates substantially to 7.8331%, reflecting a loss of multi-frequency local feature 
extraction capability. These results confirm that convolutional kernels of varying 
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receptive fields are essential for capturing the heterogeneous temporal patterns embedded 
in the voltage degradation sequence and that relying on a single-scale convolution is in-
sufficient to characterize the complex dynamics of PEMFC aging. 

The exclusion of the multi-head attention mechanism (Without Attention) yields 
MAE of 0.0128 V, RMSE of 0.0162 V, MAPE of 2.4381%, and Max-APE of 7.3397%, repre-
senting performance degradation across all metrics relative to the full model. The NMSE 
increases to 3.0716, indicating a significant reduction in the capability of the model to ex-
plain the variance of the true voltage trajectory. This demonstrates that the cross-attention 
mechanism between decoder hidden states and encoder context representations plays a 
critical role in maintaining temporal coherence over extended prediction horizons, ena-
bling the model to selectively pay attention to the most informative historical states during 
autoregressive decoding. 

The most severe performance degradation is observed upon the removal of the en-
coder–decoder architecture (Without Encoder–Decoder), with MAE rising to 0.0233 V, 
RMSE to 0.0267 V, MAPE to 4.4878%, NMSE to 8.2840, and Max-APE to 10.9179%. The 
NMSE value of 8.2840 indicates that the prediction capability of the model is substantially 
less representative of the underlying degradation dynamics than that of the full model, 
and the Max-APE of 10.9179% reflects large localized prediction errors that would be un-
acceptable in practical PEMFC management applications. These findings unequivocally 
establish that the autoregressive encoder–decoder structure is the most critical architec-
tural component, as it provides the sequential inductive bias necessary for coherent multi-
step prediction across long time horizons. 

The evaluation indicators were calculated exclusively over the forecasting interval. 
The training and validation data were not included in the computation of the final evalu-
ation results. Therefore, the early data do not directly inflate the reported forecasting ac-
curacy. 

Taken together, the ablation results provide strong empirical evidence that each ar-
chitectural component contributes indispensably to the overall predictive capability of the 
proposed model. The progressive performance degradation observed upon removing 
each module confirms that the synergistic integration of multi-scale convolutional feature 
extraction, multi-head attention, and the encoder–decoder decoding paradigm is the key 
to achieving high-accuracy, long-horizon voltage degradation forecasting for the PEMFC. 
These findings collectively demonstrate that each component of the proposed architecture 
contributes meaningfully to predictive accuracy and that their integration yields a syner-
gistic improvement that cannot be achieved by any single module in isolation. 

4.4. Model Comparison 

To evaluate the advantages of the proposed PEMFC lifetime prediction model, the 
forecasting results of various models, including LSTM, GRU, and Transformer, are com-
pared, as illustrated in Figure 7. With the extension of the prediction horizon, the tradi-
tional recurrent neural network-based models LSTM and GRU suffer from severe error 
accumulation, leading to a significant underestimation of the actual voltage in the later 
prognostic stages. Although the Transformer model possesses a powerful self-attention 
mechanism, it exhibits instability and high variance when tracking the transient peak am-
plitudes of local fluctuations. 



Batteries 2026, 12, 262 16 of 20 
 

https://doi.org/10.3390/batteries12070262 

 

Figure 7. Prediction results of performance degradation for different models. 

In contrast, by integrating multi-scale convolutions with an attention architecture, 
the proposed model successfully mitigates the degradation of long-term dependencies. 
Throughout the entire testing phase, the proposed model demonstrates the highest fidel-
ity to the original data curve. Consequently, the proposed method yields the lowest abso-
lute percentage error, exhibiting superior robustness and reliability for the long-term pre-
diction of PEMFC health state. 

To further dissect the local prediction accuracy, the instantaneous APE profiles over 
the prognostic phase are explicitly plotted in Figure 8. The APE of the proposed model 
remains remarkably low and steady, consistently confined below 4.0% for the majority of 
the timeline and only reaching a minor peak of 4.9637% at the very end. The MAPE of the 
proposed model, representing the average profile of the APE, is recorded at a mere 
1.6696%. Conversely, the benchmark models display severe error accumulation over time. 
Beyond 800 h, the APE of the Transformer fluctuates upward to around 8.0–9.0%, while 
the LSTM and GRU exhibit severe error divergence, peaking at 11.6493% and 14.9668%, 
respectively, near the end of the operational test. 

 

Figure 8. Prediction results of APE for different models. 
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In order to comprehensively evaluate the prediction accuracy and robustness of the 
developed model, Figure 9 presents a comparative radar chart across five distinct error 
metrics, including RMSE, MAE, MAPE, NMSE, and Max-APE. In this visualization, a 
smaller geometric footprint of the enclosed polygon signifies a lower overall prediction 
error profile. 

 

Figure 9. Radar chart of test data prediction error comparison. 

As illustrated, the proposed model occupies the innermost region, demonstrating ab-
solute superiority across all evaluation criteria. Specifically, the model achieves the lowest 
RMSE and MAE, underlining its exceptional global fitting capability. Furthermore, the 
Max-APE of the proposed model is strictly confined to 4.9637%, which is substantially 
lower than that of the Transformer (9.0588%), LSTM (11.6493%), and GRU (14.9668%). 
This tight upper bound on peak error highlights the outstanding robustness of the model 
when coping with extreme transient fluctuations. 

Compared with the standard recurrent networks LSTM and GRU, as well as the 
standalone Transformer architecture, the framework optimized by the multi-scale convo-
lutional algorithm significantly minimizes the comprehensive forecasting errors. This 
demonstrates that the proposed methodology offers a highly reliable and consistent solu-
tion for high-precision, long-term prognostic forecasting of PEMFCs under complex time-
series conditions. 

To evaluate the computational costs and efficiency of the models, we compared the 
number of trainable parameters, floating-point operations (FLOPs), training time, and in-
ference time under the same experimental settings. The detailed comparison results are 
presented in Table 4. 

Table 4. Comparison of computational costs and efficiency of the models. 

Model FLOPs/M Epochs Training Time/s Inference Time/ms 
Proposed 428.60 80 271.25 315.84 

LSTM 59.15 114 157.20 107.65 
GRU 44.37 96 119.80 107.28 

Transformer 79.11 102 13.73 8.16 

The proposed model requires 428.60 M FLOPs, which is higher than those required 
by the LSTM, GRU, and Transformer models. It also requires a total training time of 271.25 
s over 80 epochs and an average of 3.39 s per epoch. In terms of inference efficiency, the 
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proposed model requires 315.84 ms to complete the recursive prediction of 458 future data 
points. This value is higher than that of the baseline models, but the complete long-term 
forecast can still be generated within approximately 0.32 s. 

Although the proposed model requires a longer training time, the total training du-
ration of 271.25 s remains negligible compared with the 1008 h timescale of the degrada-
tion data. Therefore, the additional computational time is considered acceptable for prac-
tical applications. The proposed model provides a favorable balance between prediction 
performance and computational efficiency and demonstrates potential for practical 
PEMFC degradation-monitoring applications. 

5. Conclusions 
This paper presents a fuel cell voltage degradation prediction model that integrates 

multi-scale convolutional feature extraction, an LSTM-based encoder–decoder frame-
work, and a cross-attention mechanism. The model is motivated by the complex temporal 
characteristics of the voltage signals of PEMFCs under long-term constant-current opera-
tion, which simultaneously exhibit fine-grained short-term fluctuations, periodic reversi-
ble recovery events, and a sustained long-term degradation trend that conventional sin-
gle-architecture models struggle to capture jointly. Experimental validations explicitly 
verify that the proposed model establishes a clear performance margin across all evalua-
tion metrics in comparison with the baseline models, including the standard LSTM, GRU, 
and Transformer. The results confirm that the integration of multi-scale local feature ex-
traction and attention-augmented sequence-to-sequence modeling constitutes an effective 
strategy for long-horizon fuel cell voltage prediction. It should be acknowledged that the 
present study is limited to a single operating condition at 35.6 A constant current, and the 
generalizability of the proposed model across varying current loads, operating tempera-
tures, humidity conditions, and fuel cell stack configurations remains to be systematically 
investigated. Future work will focus on extending the proposed framework to multi-con-
dition and multi-dataset scenarios, incorporating transfer learning strategies to improve 
prediction robustness under diverse degradation modes, and further enhancing the inter-
pretability and long-term reliability of the health state prediction of PEMFCs. 
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Abbreviations 
The following abbreviations are used in this manuscript: 

PEMFC Proton exchange membrane fuel cell 
LSTM Long short-term memory 
MAPE Mean absolute percentage error 
Max-APE Maximum absolute percentage error 
RUL Remaining useful life 
EIS Electrochemical impedance spectroscopy 
FC-DLC Fuel cell dynamic load cycle 
NEDC New European Driving Cycle 
LOWESS Locally weighted scatterplot smoothing 
RMSE Root mean square error 
APE Absolute percentage error 
MAE Mean absolute error 
RNN Recurrent neural network 
FLOP Floating-point operation 
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