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Abstract

Accurate voltage degradation prediction is essential for health management and lifetime
extension of proton exchange membrane fuel cell (PEMFC) systems. During long-term
constant-current operation, stack voltage evolves nonlinearly and is influenced by cou-
pled variations in temperature, pressure, flow rate, and humidity, while many deep
learning-based models lack physical interpretability. This study proposes an interpretable
Transformer-based framework for PEMFC voltage degradation prediction under constant-
current operation. The framework integrates outlier correction, interpolation, Savitzky–
Golay filtering, Z-score normalization, sliding-window reconstruction, Transformer-based
prediction, and feature-ablation interpretation. Using multivariate sensor measurements
and historical voltage as inputs, the Transformer was compared with RNN, LSTM, and
GRU baselines under identical preprocessing and evaluation conditions. The models were
evaluated chronologically by continuously applying the sliding-window model over the
held-out final 20% of the aging sequence. The Transformer achieved the best performance,
with MAE of 8.2 × 10−4, RMSE of 1.18 × 10−3, MAPE of 0.0256%, and R2 of 0.9961. Com-
pared with the second-best RNN model, it reduced MAE, RMSE, and MAPE by 9.89%,
7.81%, and 9.86%, respectively. Feature ablation showed that flow- and pressure-related
variables contributed 50.08% and 26.78% of the total importance, respectively.

Keywords: PEMFC; degradation prediction; Transformer; feature ablation; interpretable
machine learning

1. Introduction
Proton exchange membrane fuel cells (PEMFCs) are considered a promising power

source for hydrogen fuel cell vehicles because of their high efficiency, low operating
temperature, fast response, and zero-emission characteristics [1–3]. However, durability
limitations still hinder the practical deployment of PEMFCs in large-scale commercial
applications [4]. During long-term operation, irreversible degradation of components
such as the catalyst layer, proton exchange membrane, gas diffusion layer, and bipolar
plates gradually causes voltage decay and performance loss [5–7]. Therefore, accurate
degradation prediction is essential for health management, maintenance planning, and
lifetime extension of PEMFC systems.
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PEMFC degradation is a nonlinear and multi-factor coupled process involving elec-
trochemical reactions, reactant transport, water balance, and thermal management [8,9].
Under constant-current operation, the external load and environmental variables are rela-
tively stable, which helps reduce transient disturbances and makes the intrinsic voltage
degradation trend easier to observe. Nevertheless, steady-state degradation still evolves
slowly over long time scales and is affected by multiple operating variables, such as gas
flow rate, pressure, temperature, and humidity [10]. These variables reflect the reactant
supply, product removal, mass transport state, and water–thermal regulation of the stack.
Consequently, it remains challenging to build a prediction model that can accurately capture
degradation-related voltage evolution from historical operating data while maintaining
physical interpretability [11].

Existing PEMFC degradation prediction methods can generally be divided into model-
based, data-driven, and hybrid approaches [8,12–14]. Model-based methods predict degra-
dation by establishing mathematical models that describe internal aging processes, in-
cluding mechanism-based and empirical models. Mechanism-based methods usually
describe degradation from electrochemical and physicochemical perspectives. For example,
Singh et al. [15] developed a physical model for chemical membrane degradation and
evaluated the influence of radical attack on PEMFC performance. Ao et al. [16] proposed a
frequency-domain Kalman filtering method combined with a voltage degradation model,
achieving efficient PEMFC prognosis under different operating conditions. Empirical mod-
els, by contrast, usually fit degradation trends from experimental data. Pei et al. [17] pro-
posed a rapid evaluation method for automotive fuel cell lifetime by considering dynamic
load, start–stop cycles, and idling conditions. Wang et al. [9] combined semi-empirical
modeling and data-driven correction to improve the stability of long-term degradation pre-
diction. More recently, Meng et al. [18] proposed a polarization loss decomposition-based
online health state estimation method for PEMFCs, in which degradation-related indicators
such as electrochemical surface area and equivalent resistance were estimated to provide
direct electrochemical insight into fuel cell aging. Although model-based methods usually
have clear physical meanings, their practical application is still limited by parameter identi-
fication difficulty, model uncertainty, high computational cost, and weak adaptability to
complex operating environments [19,20].

Data-driven methods provide an alternative way to predict PEMFC degradation
without requiring detailed knowledge of internal physicochemical mechanisms. By learning
degradation patterns directly from measured signals such as voltage, current, impedance,
pressure, and flow rate, machine learning and deep learning models have shown strong
potential in nonlinear prognostic tasks. Tang et al. [10] proposed an online degradation
model based on transfer learning to improve prediction performance under changing data
distributions. Sun et al. [11] developed a CNN–LSTM hybrid framework in which CNN
was used to extract spatial features from multivariate sensor data, and LSTM was used for
temporal sequence modeling. He et al. [21] proposed a temporal causal inference graph
neural network framework for probabilistic remaining useful life estimation of PEMFCs,
improving prediction accuracy, robustness, and uncertainty quantification. Jin et al. [22]
developed a long-term PEMFC degradation prediction method based on an improved
echo state network with adaptive fuzzy sampling, which enhanced the extraction of key
voltage degradation information. These studies demonstrate the effectiveness of data-
driven methods for PEMFC lifetime prediction. However, recurrent architectures such as
RNN, LSTM, and GRU process sequence information sequentially through hidden-state
propagation, which limits parallel computation and may affect their ability to model flexible
interactions among multivariate observations.
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Hybrid prediction methods have also attracted increasing attention because they combine
physical knowledge with data-driven learning to improve robustness and
generalization [23,24]. Chen et al. [25] proposed a least squares support vector machine–
random process flow framework to integrate the advantages of model-driven and data-
driven methods. Liu et al. [26] developed a hybrid algorithm based on particle swarm
optimization and adaptive neuro-fuzzy inference for PEMFC degradation trend prediction
and remaining useful life estimation. Ke et al. [27] combined degradation mechanisms with
deep neural networks to predict PEMFC lifetime degradation under dynamic load cycles.
Du et al. [28] constructed a hybrid prediction model combining voltage and mechanism
models, in which dynamic weights were assigned according to local prediction errors.
Meng et al. [29] considered the recovery phenomenon of reversible voltage loss in fuel
cell life prediction, highlighting the need to distinguish recoverable voltage decay from
irreversible aging in PEMFC prognostics. Although hybrid strategies improve prediction re-
liability by incorporating physical constraints or mechanism knowledge, their performance
still depends on the completeness and accuracy of prior degradation models.

For PEMFC aging data under constant-current operation, voltage degradation evolves
gradually and is influenced by historical voltage and multiple sensor-measured operating
variables [9]. Therefore, an effective prediction model should be able to capture multivari-
ate temporal interactions and identify the most informative observations within the input
window. The Transformer provides a suitable architecture because its self-attention mecha-
nism directly models relationships among different time steps and adaptively evaluates
their relevance without recursive hidden-state propagation [30].

Recent studies have applied Transformer-based architectures to PEMFC degradation
prediction, such as temporal fusion Transformer with covariates and Transformer-based
prediction considering reversible voltage recovery [31,32]. However, these studies mainly
focus on prediction accuracy or specific degradation phenomena, while the feature-time
decision mechanism of Transformer models still requires further investigation.

Another important issue is the limited interpretability of existing deep learning-based
PEMFC prognostic models. Most studies focus mainly on statistical prediction metrics,
such as MAE, RMSE, MAPE, and R2, while paying insufficient attention to why the model
produces a specific prediction and which operating variables dominate the predicted
degradation trend [33]. For safety-critical applications such as fuel cell vehicles, pre-
diction accuracy alone is insufficient. A reliable prognostic model should also provide
physically understandable evidence that its decision logic is consistent with PEMFC degra-
dation mechanisms. Feature attribution methods offer a feasible way to analyze model
behavior [34]. In particular, feature ablation can directly evaluate the change in predicted
voltage after replacing or removing a specific input feature. By extending ablation analysis
from the feature dimension to the temporal dimension, it becomes possible to identify not
only key operating parameters but also influential historical time positions.

Motivated by these considerations, this study proposes an interpretable Transformer-
based framework for online PEMFC voltage degradation prediction under constant-current
operation. The proposed framework first conducts systematic data preprocessing and
sliding-window reconstruction to obtain high-quality multivariate degradation sequences.
A Transformer prediction model is then developed to capture temporal dependencies from
operating parameters and historical voltage information. To evaluate its effectiveness,
the proposed model is compared with representative recurrent neural network baselines,
including RNN, LSTM, and GRU. More importantly, a feature ablation-based interpreta-
tion strategy is introduced to analyze the model's decision mechanism from three com-
plementary perspectives: global feature contribution, temporal position sensitivity, and
feature–time joint attribution. In this way, the proposed framework is evaluated not only
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in terms of prediction accuracy but also in terms of the physical plausibility of its learned
degradation-related patterns.

• An interpretable Transformer-based model is developed for PEMFC voltage degra-
dation prediction over a chronologically held-out late-life interval. Under identical
sliding-window and evaluation settings, it achieves better prediction performance
than the representative RNN, LSTM, and GRU baselines.

• A feature ablation-based interpretation framework is proposed to reveal the model
decision mechanism from feature, time, and feature-time dimensions. The attribu-
tion results identify flow-related and pressure-related variables as dominant factors
in constant-current degradation prediction, which is consistent with PEMFC mass
transport degradation characteristics.

The remainder of this paper is organized as follows. Section 2 introduces the experi-
mental dataset and data preprocessing procedures. Section 3 describes the Transformer-
based prediction model and the feature ablation interpretation method. Section 4 presents
the prediction performance comparison and interpretability results. Section 5 discusses the
physical implications of the attribution results and summarizes the main conclusions.

2. Experimental Dataset and Preprocessing
2.1. PEMFC Lifetime Degradation Dataset

The experimental data used in this study were obtained from the public IEEE PHM
2014 fuel cell degradation dataset provided by the FCLAB research center [35]. The dataset
contains aging data for two fuel cell stacks. Because the present study focuses on degra-
dation prediction during constant-current operation, only FC1 was used for model devel-
opment and evaluation. The main parameters of FC1 experiment are shown in Table 1.
FC1 operated at a constant stack current of 70 A for approximately 1154 h. Although the
current setpoint remained constant, the sensor-measured temperature, pressure, flow rate
and humidity variables exhibited temporal variation and were retained as multivariate
model inputs. The condition is therefore referred to as a constant-current condition. The
stack consisted of five cells, each with an active area of 100 cm2; the nominal operating
temperature, hydrogen pressure, and relative humidity were 54 degrees C, 1.3 bar, and
50%, respectively. Periodic characterization tests temporarily interrupted the normal ag-
ing condition and could produce abrupt voltage changes and local disturbances in the
raw sequence.

Table 1. Main operating conditions of the FC1 degradation experiment.

Operating Condition Constant-Current Condition (FC1)

Number of single cells 5
Active area 100 cm2

Rated stack current 70 A
Operating temperature 54 ◦C

Hydrogen pressure 1.3 bar
Relative humidity 50%

The stack output voltage was selected as the health indicator and prediction target
because it directly reflects the electrochemical performance degradation of the fuel cell.
As the stack ages, irreversible changes in the mass transport pathways, gas diffusion
layer, catalyst layer, and membrane electrode assembly gradually lead to voltage decay.
Therefore, accurate prediction of the stack voltage trend can provide useful information for
degradation assessment and health management.
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2.2. Feature Selection

The original dataset contains multiple monitored variables, including stack-level elec-
trical signals, single-cell voltages, gas supply variables, pressure variables, temperature
variables, flow variables, and humidity-related parameters. However, not all measured
variables are suitable as model inputs for stack-level degradation prediction. The individual
cell voltages U1–U5 were excluded because the stack voltage U was selected as the predic-
tion target, and direct use of single-cell voltages could introduce redundant information
highly correlated with the target variable. The current density J was also removed because
it is directly derived from the current and active area. Since both hydrogen and air are
compressible fluids, the relationship between their pressure and flow rate cannot be directly
described by Bernoulli’s equation, nor can they be substituted for each other. Therefore,
both pressure and flow rate were filtered out and treated as characteristic parameters to be
analyzed. Ultimately, 18 characteristic parameters were retained, as shown in Table 2.

Table 2. Selected variables for constant-current PEMFC degradation prediction.

Classification Feature Parameters Symbol Unit

Voltage Fuel cell output U V
Current I A

Temperature

Hydrogen inlet TinH2

◦C

Hydrogen outlet ToutH2
Air inlet TinAIR

Air outlet ToutAIR
Coolant inlet TinWAT

Coolant outlet ToutWAT

Pressure

Hydrogen inlet PinH2

Mbar
Hydrogen outlet PoutH2

Air inlet PinAIR
Air outlet PoutAIR

Flow rate

Hydrogen inlet DinH2

L/min
Hydrogen outlet DoutH2

Air inlet DinAIR
Air outlet DoutAIR
Coolant DinWAT

2.3. Data Preprocessing and Sliding Window Construction

The raw fuel cell aging experiment data is inevitably affected by factors such as
sensor noise, acquisition errors, instantaneous abnormal disturbances, and switching
between characterization tests during long-term acquisition. To improve the quality of
input data and ensure the stability of model training, this paper sequentially performs
outlier processing, filtering and denoising, data standardization, and sliding window
sample construction.

An outlier detection method based on interquartile range (ICR) is employed in a
voltage series. Let the first and third ICRs of the voltage series be Q1 and Q3, respectively.
Then, the ICR is defined as:

IQR = Q3 − Q1 (1)

A voltage value at a given moment is considered an outlier if it satisfies the following
formula:

Ui < Q1 − 1.5IQR or Ui > Q3 + 1.5IQR (2)

For detected outliers, a linear interpolation method is used for replacement to avoid
unreasonable impacts of outliers on model training and prediction results. This method
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does not rely on specific data distribution assumptions and is applicable to the asymmetric
distribution and local fluctuations that may exist in long-term fuel cell aging data.

To reduce the interference of high-frequency measurement noise on the extraction
of lifetime decay trends, this paper employs the Savitzky–Golay (SG) filtering method
to smooth the voltage sequence. SG filtering, through polynomial least-squares fitting
within a local sliding window, effectively suppresses random noise while preserving the
local slope variations and trend characteristics of the voltage decay curve. Compared to
simple moving average filtering, SG filtering is less prone to over-smoothing of degradation
inflection points, making it more suitable for preprocessing PEMFC voltage decay trends.
This paper sets the filter window length to 101 and the local polynomial order to 3. The
voltages before and after filtering are shown in Figure 1.

Figure 1. SG filtering noise reduction effect.

Because the dimensions and numerical ranges of different input variables vary
significantly—for example, the orders of magnitude of current, pressure, temperature,
and flow rate are not the same—directly inputting them into the model can easily lead
to variables with larger numerical ranges dominating the training process. To eliminate
the impact of these dimensional differences on model training, this paper uses the Z-score
normalization method to normalize each input variable.

xnorm =
x − µ

σ
(3)

In the formula, x represents the original variable value, and µ and σ are the mean and
standard deviation of the variable on the training set, respectively. It is important to note
that all standardized parameters are calculated only based on the training set; the test set
is transformed using the same mean and standard deviation to avoid data leakage. The
predicted target voltage is also independently standardized, and after model output, it is
restored to the actual voltage value through inverse standardization.

A sliding window method is used to convert continuous time series into supervised
learning samples. Let the sliding window length be L and the input feature dimension be
F, then the input of the t-th sample can be represented as:

Xt = [xt−L, xt−L+1, ..., xt−1] ∈ RL×F (4)

The corresponding prediction target is the current stack voltage:

yt = Ut (5)
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The prediction task is defined as chronological sliding-window voltage prediction. For
each sample, the L observations within the current historical window of the multivariate
operating variables and voltage are used to estimate the corresponding target stack-voltage
value. The window length was fixed at L = 50 and the step size at 1 for all compared
models. The original high-frequency data were downsampled at fixed intervals to reduce
redundancy. The first 80% of the sequence was used for training, and the final 20% was
retained as a chronologically unseen late-life test interval. This partitioning method more
realistically simulates actual online prediction scenarios, i.e., using historical data to predict
future degradation states, rather than randomly partitioning the data and disrupting the
chronological order.

3. Methods
3.1. Transformer-Based Degradation Prediction Model

Under constant-current operating conditions, PEMFC voltage degradation evolves
slowly and continuously and is jointly affected by multiple operating variables. To capture
the temporal dependencies among voltage, flow rate, pressure, temperature, and humidity,
this study develops a task-adapted Transformer model for long-term degradation-trajectory
prediction. Rather than directly adopting the original encoder–decoder Transformer, an
encoder-only architecture is employed because the objective is to continuously track voltage
degradation from fixed-length historical windows, instead of performing sequence-to-
sequence generation. The model consists of a multivariate input projection layer, learnable
positional encoding, stacked Transformer encoder layers, and a regression output layer.

Given input window Xt ∈ RL×F, the original input features are projected into a
high-dimensional latent space through a linear mapping:

H0 = XtWe + be (6)

where We and be represent the weight matrix and bias term of the input embedding layer,
respectively. Since the Transformer itself does not contain a recursive structure and cannot
directly perceive sequence position information, positional encoding is required. This
paper employs learnable positional encoding, which is added to the input embedding:

Z0 = H0 + P (7)

where P is the learnable location encoding matrix.
The core of the Transformer encoder is a multi-head self-attention mechanism [36].

For the input representation Z, the query matrix, key matrix, and value matrix are first
obtained through a linear transformation:

Q = ZWQ, K = ZWK, V = ZWV (8)

The scaled dot product attention calculation method is as follows:

Attention(Q, K, V) = so f tmax

(
QKT
√

dk

)
V (9)

Here, dk is the dimension of the key vector. The attention mechanism dynamically
allocates weights according to relationships among positions in the historical window,
enabling the model to select the temporal information most relevant to the subsequent
voltage estimate.
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To enhance the model’s ability to represent features from different subspaces, this
paper employs a multi-head attention mechanism:

headi = Attention
(

ZWQ
i , ZWK

i , ZWV
i

)
, i = 1, . . . , h (10)

MultiHead(Z) = Concat(head1, . . . , headh)WO (11)

where headi denotes the i-th attention head; h is the number of attention heads; WQ
i ,

WK
i , and WV

i are the head-specific query, key, and value projection matrices, respectively;
Concat(·) denotes the concatenation operation; and WO is the output projection matrix.

Z′ = LayerNorm(Z + MultiHead(Z)) (12)

Zout = LayerNorm
(
Z′ + FFN

(
Z′)) (13)

The feedforward sublayer applies two successive linear transformations with a nonlin-
ear activation function inserted between them:

FFN
(
Z′) = ReLU

(
Z′W1 + b1

)
W2 + b2 (14)

After passing through multiple Transformer encoders, the hidden state of the last time
step is taken as the timing representation of the current window:

ht = Z(L)
out (15)

Final predicted output voltage value through the fully connected layer:

ŷt = Woht + bo (16)

The Transformer model used in this paper mainly consists of an input linear projection
layer, a learnable positional encoder, two Transformer encoder layers, and an output fully
connected layer. Input features are first mapped to a 64-dimensional latent space. The
encoder uses four attention heads, the feedforward network has a hidden dimension of
256, and Dropout is introduced to reduce the risk of overfitting. The model output is
a standardized voltage prediction, which is then recovered to the actual voltage value
through inverse standardization.

To provide a clearer and more reproducible description of the task-adapted Trans-
former, its detailed architecture, key parameters, and dimensional transformations are
summarized in Table 3.

Table 3. Detailed architecture and dimensional transformations of the proposed Transformer-based
regression model.

Module Layer Type Key Parameters Output Dimensions

linear projection layer Linear 17 → 64 (B, 50, 64)

positional encoding Learnable parameter Lmax = 500,
dmodel = 64 (B, 50, 64)

Transformer
encoder × 2 Multi-Head Attention + FFN n = 4, d f f = 256,

dropout = 0.2 (B, 50, 64)

Take the last time step Last-time-step indexing (H[:, −1, :]) (B, 64)

Fully connected layer Linear 64 → 1 (B, 1)
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3.2. Baseline Models and Implementation Settings

To evaluate the effectiveness of the proposed Transformer model, three representative
recurrent neural network models, including RNN, LSTM, and GRU, were selected as
baseline models. These models are commonly used in time-series prediction tasks and
have also been widely adopted in degradation modeling and health prognostics. The RNN
model was used as a basic recurrent architecture, while LSTM and GRU were introduced
as gated recurrent models to improve the ability to capture temporal dependencies.

For a fair comparison, all baseline models used the same input features, window length,
chronological train-test split, and evaluation metrics as the proposed Transformer. Each
baseline contained two recurrent layers, 128 hidden units, and a dropout rate of 0.2. The
representation at the final input position was passed to a fully connected layer to generate
the corresponding stack-voltage estimate. This sliding-window procedure was repeated
across the entire held-out late-life interval, and all outputs were inverse-normalized before
the evaluation metrics were calculated.

The proposed Transformer model consisted of two encoder layers, four attention
heads, a hidden dimension of 64, a feed-forward dimension of 256, and a dropout rate of
0.2. The same prediction task and preprocessing procedure were applied to all compared
models to ensure that the performance differences mainly resulted from model architecture
rather than data processing or experimental settings.

3.3. Evaluation Metrics

To comprehensively evaluate the voltage degradation prediction performance, four
commonly used regression metrics were adopted: root mean squared error (RMSE), coeffi-
cient of determination

(
R2), mean absolute error (MAE), and mean absolute percentage

error (MAPE). These metrics evaluate the prediction performance from different perspec-
tives. RMSE reflects the overall magnitude of prediction errors, MAE measures the average
absolute deviation, MAPE evaluates the relative prediction error, and R2 indicates the
goodness of fit between the predicted and measured voltage values.

The MAE is calculated as

MAE =
1
N

N

∑
i=1

|yi − ŷi | (17)

The RMSE is defined as

RMSE =

√√√√ 1
N

N

∑
i=1

(yi − ŷi)2 (18)

The MAPE is calculated as

MAPE =
1
N

N

∑
i=1

| yi − ŷi
yi

| × 100% (19)

where N is the number of test samples, yi is the measured stack voltage, and ŷi is the
predicted stack voltage.

The coefficient of determination R2 is defined as

R2 = 1 − ∑N
i=1(yi − ŷi)

2

∑N
i=1(yi − y)2

(20)
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where y is the mean value of the measured voltage. Smaller MAE, RMSE, and MAPE values
indicate better prediction accuracy, while a larger R2 indicates stronger fitting ability and
better explanation of the voltage degradation trend.

3.4. Feature Ablation-Based Interpretability Analysis

Although the Transformer model can provide accurate voltage degradation prediction,
its internal decision process is not directly transparent. To improve model interpretability
and examine whether the learned prediction logic is physically meaningful, a feature
ablation-based attribution method was introduced. The basic idea of feature ablation is to
replace a specific input feature at a specific historical time step with a reference value and
then measure the change in the model output. A larger output change indicates that the
corresponding feature-time position contributes more strongly to the prediction.

For an original input sample X, the prediction of the trained Transformer model is
expressed as

ŷ = f (X) (21)

where f (·) denotes the trained prediction model. When the j-th feature at the t-th time step
is replaced by its reference value, the perturbed input is denoted as X′

j,t. The attribution
value of this feature-time position is calculated as

Ij,t =| f (X)− f
(

X′
j,t

)
| (22)

This setting removes the sample-specific information of the selected feature while
keeping the perturbed input within a reasonable data distribution. Since the current
remained constant throughout the FC1 constant-current aging experiment, it contained
little variation and was excluded from the interpretability analysis. Therefore, feature
ablation analysis was performed on the remaining 16 operating variables.

To identify the dominant operating variables in degradation prediction under constant-
current operation, the global importance of each feature was obtained by averaging the
ablation effect over all test samples and all historical time steps:

Ij =
1

NL

N

∑
n=1

L

∑
t=1

| f
(

X(n)
)
− f

(
X′(n)

j,t

)
| (23)

where N is the number of test samples and L is the input sequence length. The normalized
contribution of the j-th feature was further calculated as

Cj =
Ij

∑F′
j=1 Ij

× 100% (24)

where F′ = 16 denotes the number of operating variables used for attribution analysis. This
global attribution result provides a quantitative ranking of the input variables and helps
determine whether the model mainly relies on flow, pressure, temperature, or humidity-
related information for voltage degradation prediction.

In addition to feature-level attribution, temporal position sensitivity was analyzed
to determine which historical time steps contributed most to the model prediction. The
importance of the t-th time step was calculated by averaging the ablation effect over all
analyzed features and all test samples:

It =
1

NF′

N

∑
n=1

F′

∑
j=1

| f
(

X(n)
)
− f

(
X′(n)

j,t

)
| (25)
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The normalized temporal contribution was defined as

Ct =
It

∑L
t=1 It

× 100% (26)

This analysis reveals whether the Transformer model mainly depends on recent operat-
ing states or earlier historical information. Here, each historical time step denotes a relative
temporal position within the input window and does not refer to a forecasting horizon.
For PEMFC degradation under constant-current operation, such temporal attribution is
useful for understanding how the model uses historical information to infer the current
degradation trend.

Furthermore, to jointly examine feature importance and temporal sensitivity, a feature-
time attribution matrix was constructed as

A =
[
Ij,t
]
∈ RF′×L (27)

Each element Ij,t represents the attribution value of the j-th feature at the t-th historical
time step. By visualizing this matrix as a heatmap, the key feature-time combinations used
by the model can be identified. This joint attribution analysis provides a more fine-grained
explanation than global feature ranking or temporal importance analysis alone. It can reveal
whether the model prediction is based on all input variables across the whole time window or
mainly depends on a small number of key variables at specific recent time points.

Through the above feature ablation procedure, the Transformer model is interpreted
from three complementary perspectives: feature contribution, temporal sensitivity, and
feature-time joint attribution. This enables the prediction model to be evaluated not only
in terms of numerical accuracy, but also in terms of the physical plausibility of its learned
decision mechanism under constant-current PEMFC aging conditions.

4. Results and Discussion
4.1. Prediction Performance Comparison

To evaluate prediction performance during the held-out late-life portion of the FC1
constant-current aging sequence, the Transformer was compared with RNN, LSTM, and
GRU models. All models used the same preprocessing procedure, input-window length,
chronological train-test split, and evaluation metrics to ensure a consistent comparison.

Figure 2 shows the voltage prediction results of four models under constant-current
conditions of FC1. Overall, the FC1 voltage exhibits a relatively slow decreasing trend with
increasing operating time, with slight fluctuations in local areas caused by characterization
tests or system disturbances. The RNN model can track the overall voltage decay trend
well, but still shows some deviation in local fluctuation regions. While the LSTM model can
capture some time dependencies, its predicted curve deviates significantly from the true
value in some periods, indicating its limited ability to characterize the long-term constant-
current degradation process. The GRU model’s prediction error fluctuates relatively large,
and its response to local voltage changes within the test interval is not stable enough. In
contrast, the Transformer model’s predicted curve matches the true voltage curve best,
accurately tracking the long-term voltage degradation trend and maintaining low prediction
deviation in local fluctuation regions.
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Figure 2. Comparison of FC1 prediction results from four methods: (a) RNN, (b) LSTM, (c) GRU,
(d) Transformer.

As can be further seen from the evaluation metrics in Table 4, the Transformer achieved
the best prediction performance under the FC1 constant-current condition, with MAE,
RMSE, and MAPE of 8.2 × 10−4, 1.18 × 10−3, and 0.0256%, respectively, and a coefficient
of determination R2 of 0.9961. Compared with the second-best performing RNN, the
Transformer reduced MAE by 9.89%, RMSE by 7.81%, and MAPE by 9.86%, indicating that
it not only has higher fitting accuracy but also more stable prediction error. The prediction
performance of LSTM and GRU is significantly lower than that of Transformer. The FC1
comparison results in the original paper show that Transformer outperforms RNN, LSTM,
and GRU on all evaluation metrics, achieving a prediction accuracy of R2 = 0.9961.

Table 4. Four methods for evaluating FC1 metrics.

Method MAE RMSE MAPE R2

RNN 9.1 × 10−4 1.28 × 10−3 0.0284% 0.9943
LSTM 1.31 × 10−3 2.11 × 10−3 0.0407% 0.9786
GRU 2.36 × 10−3 2.76 × 10−3 0.0733% 0.9658

Transformer 8.2 × 10−4 1.18 × 10−3 0.0256% 0.9961

4.2. Global Feature Contribution Analysis

From the perspective of global feature contributions, the impact of different operating
parameters on voltage prediction varies significantly. The air outlet flow rate (DoutAIR) is the
most important, contributing approximately 24.8%; followed by the hydrogen outlet flow
rate (DoutH2), contributing approximately 15.3%. In terms of parameter categories, flow-
related features have the highest cumulative contribution, reaching 50.1%; pressure-related
features contribute 26.8%; temperature-related features contribute 18.7%; and humidity-
related features contribute the least, only 4.4%. This result indicates that under constant
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current, the model mainly relies on flow and pressure information reflecting gas transport
and discharge status to determine voltage degradation trends.

From the category-level attribution results in Figure 3, flow-related variables account
for the largest proportion, reaching 50.1% of the total contribution. Pressure-related vari-
ables rank second, with a contribution of 26.8%, followed by temperature-related vari-
ables at 18.7% and humidity-related variables at 4.4%. This distribution suggests that
the Transformer model mainly uses gas transport-related information to infer the voltage
degradation trend.

Figure 3. Importance ranking of operating parameters obtained by feature ablation analysis.

4.3. Feature Effect Direction and Sensitivity Analysis

Figure 4 illustrates the feature effect direction obtained by feature ablation analysis.
Positive values indicate that replacing the corresponding feature with its reference value
increases the predicted voltage, while negative values indicate a decrease in the predicted
voltage. The outlet flow variables, especially Dout,AIR and Dout,H2, exhibit the strongest
negative effects, suggesting that their original values provide important degradation-related
information for maintaining accurate voltage prediction.

Figure 4. Characteristic effect direction.
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To further examine the response of the Transformer model to different feature value
levels, each operating variable was replaced by its 5th, 25th, 50th, 75th, and 95th percentile
values from the training distribution. The resulting mean prediction changes are shown
in Figure 5; positive values represent an upward shift in the predicted voltage, whereas
negative values represent a downward shift.

Figure 5. Feature sensitivity curves obtained by replacing each operating variable with different
percentile values from the training distribution.

The sensitivity curves show that different variables have distinct response patterns.
The outlet flow variables Dout,AIR and Dout,H2 exhibit nearly monotonic decreasing trends as
the replacement percentile increases, indicating that the model is highly sensitive to outlet
gas flow information. This result further confirms the dominant role of mass transport-
related variables in voltage degradation prediction under constant-current operation.

Pressure-related variables show more nonlinear responses. For example, Pin,AIR and
Pout,H2 generally increase with the percentile level, whereas Pout,AIR and Pin,H2 tend to produce
stronger negative effects at higher percentiles. This suggests that pressure variables influence
the prediction in a range-dependent manner rather than through a simple linear relationship.

Temperature and humidity variables show relatively weaker responses. Although some
temperature variables exhibit clear increasing or decreasing trends, their overall magnitudes are
smaller than those of the main flow and pressure variables. The humidity variable Hr,AIRFC also
shows a mild effect, indicating that water management information contributes to the prediction
but is not the dominant factor under the FC1 constant-current condition.

Overall, the sensitivity analysis supports the global attribution results. The Trans-
former model is most sensitive to outlet flow and pressure-related variables, while tem-
perature and humidity variables mainly provide auxiliary correction information. This
indicates that the model has learned degradation-related patterns closely associated with
PEMFC mass transport behavior.
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4.4. Relative Temporal-Position Sensitivity Analysis

To determine which historical positions within the input window influence the Trans-
former prediction, relative temporal-position sensitivity was evaluated through feature
ablation. Figure 6 shows the normalized importance of the 50 relative temporal positions
from t − 49 to t within the input window. These positions describe where an observation
occurs in the historical input sequence and do not represent single-step or multi-step fore-
casting horizons. Because contributions at earlier historical positions are close to zero, the
recent portion is emphasized for readability.

Figure 6. Importance distribution across relative temporal positions within the historical input
window, obtained by feature ablation analysis.

As shown in Figure 6, temporal importance is strongly concentrated at the most recent
relative positions within the input window. Position t contributes 86.10% of the total
temporal importance. Positions t − 1, t − 2, t − 3, and t − 4 contribute 3.00%, 4.71%, 4.20%,
and 1.99%, respectively, while positions farther back in the historical window provide
negligible contributions.

This result indicates that distant historical observations provide limited marginal
contributions under the present FC1 constant-current condition. Under slowly varying
constant-current operation, the latest voltage and sensor measurements already provide a
compact representation of the current degradation state and therefore dominate the corre-
sponding voltage estimate. From a modeling perspective, this finding illustrates adaptive
temporal information selection: although the complete 50-step window is available, the
Transformer assigns relevance primarily to the observations that are most informative
for this operating condition. The temporal distribution may differ under more dynamic
operation and should be evaluated separately.

5. Conclusions
This study developed an interpretable Transformer-based framework for PEMFC

voltage degradation prediction under constant-current operation. The FC1 sequence was
processed using outlier correction, Savitzky–Golay filtering, normalization, and sliding-
window reconstruction. The Transformer, RNN, LSTM, and GRU models were then
evaluated using the same chronological sliding-window protocol over the held-out late-life
interval. The Transformer achieved the best performance, with MAE of 8.2 × 10−4, RMSE
of 1.18 × 10−3, MAPE of 0.0256%, and R2 of 0.9961.
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Feature ablation analysis was further conducted to interpret the prediction mecha-
nism. The results indicate that flow-related variables dominate the model decision process,
contributing 50.08% of the total importance, followed by pressure-related variables with
26.78%. Among all operating parameters, the air outlet flow rate Dout,AIR and hydro-
gen outlet flow rate Dout,H2 showed the highest contributions, suggesting that outlet gas
transport information is highly relevant to steady-state voltage degradation. Relative
temporal-position sensitivity analysis showed that position t within the historical input
window contributed 86.10% of the total temporal importance. This result indicates that,
under the slowly varying FC1 constant-current condition, the model relies primarily on the
most recent operating states within the input sequence.

Overall, the proposed framework provides both accurate prediction and physically
meaningful interpretation for steady-state PEMFC degradation. The attribution results
are consistent with the mass transport characteristics of PEMFC aging, demonstrating
the potential of combining Transformer-based modeling with feature ablation analysis for
interpretable fuel cell health prognostics.
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