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ARTICLE INFO ABSTRACT

Keywords: Current transfer learning-based methods for predicting the degradation of proton exchange membrane fuel cells
Fuel C‘eu i (PEMFCs) commonly face insufficient elimination of inter-domain distribution shifts and low knowledge transfer
Domain adaptation technology efficiency. Traditional approaches typically extract domain-invariant features by filtering multi-dimensional
Frequency domain analysis operational parameters. This process is not only complex but may also introduce interference weakly corre-

Transfer learning

Remaining useful life lated with voltage degradation, thereby compromising the stability and reliability of cross-domain predictions.

To address these challenges, this paper proposes a time-frequency fusion transfer learning (TF-TL) architecture.
Unlike existing methods that filter domain-invariant features from multi-dimensional operational parameters,
the proposed approach directly aligns domains by leveraging the intrinsic frequency-domain characteristics of
voltage signals. The integrated Frequency Domain Adaptation (FDA) technique employs Fast Fourier Transform
(FFT) to extract intrinsic low-frequency components from voltage signals. It then aligns features between source
and target domains using an enhanced Maximum Mean Discrepancy (MMD) metric. This voltage-centric, fre-
quency-domain alignment avoids dependence on complex auxiliary parameters, thus improving the interpret-
ability and stability of transfer learning. Experimental results show that TF-TL significantly improves
generalization across devices and operating conditions, with FDA effectively reducing inter-domain distribution
divergence. In multiple transfer tasks, the framework achieves highly accurate and reliable remaining useful life
estimation with a relative error below 1.9 %. The proposed architecture provides a theoretical foundation for
deploying rapid and reliable online prognostic systems for PEMFCs under complex operating conditions.

1. Introduction shortens system lifetime but also impedes large-scale commercialization

by raising concerns over operational safety and maintenance costs [3].
1.1. Background and literature review To address this bottleneck, effective prognostics and health management

(PHM) strategies are required to extend the full lifecycle of PEMFCs [4,

Proton exchange membrane fuel cells (PEMFCs), a core enabling 5].

technology for the hydrogen economy, are driving the low-carbon Data-driven methods can autonomously capture latent degradation
transition of transportation powertrains and distributed energy sys- patterns from historical data, thereby facilitating the development of
tems owing to their zero-emission nature and high power density [1]. mathematical models that describe the relationship between operational
However, under complex operating conditions, PEMFCs experience parameters and performance decay [6,7]. Compared with traditional
performance degradation arising from the coupling of various mecha- mechanistic models, data-driven methods effectively overcome the
nisms, such as electrochemical decay and membrane electrode assembly model mismatch problem caused by complex fuel cell aging mechanisms
aging [2]. This difficult-to-predict degradation behavior not only [8]. These methods exhibit enhanced robustness against noise and
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operational fluctuations, making them a mainstream solution for PEMFC
lifetime prediction [9]. In recent years, various data-driven approaches,
ranging from deep neural networks to transfer learning frameworks,
have been explored to improve degradation modeling accuracy and
cross-domain generalization. By comparing Backpropagation Neural
Networks (BPNN), Long Short-Term Memory (LSTM) networks, and
Gated Recurrent Unit (GRU) networks, Long et al. [10] validated the
superiority of GRU in temporal modeling for PEMFC lifespan prediction.
Wilberforce et al. [11] proposed a LSTM with Convolutional Neural
Network (CNN) fusion architecture that utilizes convolutional neural
networks to extract spatial features, significantly improving the pre-
diction accuracy of the Remaining Useful Life (RUL). Zhu et al. [12]
developed an Informer-GPR fusion method, which enhances the
extraction of key aging features based on a sparse self-attention mech-
anism, achieving uncertainty quantification and adaptability to dynamic
conditions. However, mainstream methods such as LSTM and GRU focus
on time-domain degradation trajectories, without explicit representa-
tion for frequency-domain features, limiting their capacity to capture
multi-physics degradation mechanisms. In addition, modeling
time-varying correlations requires large datasets and is vulnerable to
overfitting under scarce data conditions, which can significantly in-
crease prediction errors.

The need for improved resolution of complex features has led to the
incorporation of frequency-domain analysis for probing PEMFC perfor-
mance degradation. Sun et al. [13] used Complete Ensemble Empirical
Mode Decomposition (CEEMD) to decompose PEMFC voltage into
multiple Intrinsic Mode Functions (IMFs) and employed Fast Fourier
Transform (FFT) to analyze the potential correlations between these
IMFs and other feature parameters, such as current and temperature,
from a frequency-domain perspective. Wang et al. [14] extracted
frequency-domain health indicators based on the Hilbert transform and
built a symbolic GRU model, demonstrating accurate life estimation
capability at multiple End-of-Life (EoL) points. Zhu et al. [15] combined
TimesNet and Gaussian Process Regression (GPR), transforming
time-domain voltage signals into 2D space ones via low-frequency
domain analysis, accurately reflecting PEMFC aging characteristics
while assessing prediction uncertainty. These studies show that
frequency-domain analysis, by decoupling the spectral features of
voltage signals, can identify quantitative links between different fre-
quency bands and specific degradation mechanisms, overcoming the
ambiguity of time-domain trajectories [16]. However, the accuracy of
these predictions is compromised by dataset scarcity.

Transfer learning technology, which leverages knowledge from a
source domain to improve and optimize the performance of predictive
models in a target domain lacking extensive labeled data, is gradually
being applied to the field of PEMFC lifetime prediction [17-19]. How-
ever, during transfer, Domain Adaptation (DA) techniques are necessary
to eliminate inter-domain discrepancies between the source and target
domains; otherwise, distribution shifts can cause the predictive model to
fail due to feature mismatch during transfer [20]. Prevailing DA tech-
niques combined with transfer learning are mainly divided into two
categories: Feature-based Transfer (FT) and Model-based Transfer (MT)
[21]. Zhang et al. [22] used a comprehensive feature evaluation method
based on Dynamic Time Warping and Kernel Principal Component
Analysis to prioritize key features, establish a domain-invariant feature
set, and finally input it into the LSTM model to complete fuel cell
transfer prediction. Kebede et al. [23] proposed a transfer learning
method based on a Variational Autoencoder and a Bidirectional LSTM
model with an Attention Mechanism (BiLSTM-AM) for RUL estimation,
which optimizes parameter computation based on the VAE, and falls
into the MT category. Wang et al. [24] proposed a novel method using a
layer-enhanced quantum LSTM model combined with MT, involving
offline training based on source domain data, followed by fine-tuning
and transfer to the target stack, achieving accurate RUL estimation.
However, MT requires a small amount of target domain data to optimize
the initial parameters of the pre-trained model. When the distribution
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difference between the source and target domains is large, the model
cannot adequately decouple domain-specific information, leading to
biases in transfer prediction.

1.2. Research gap and contributions

While data-driven methods and transfer learning have advanced
PEMFC lifetime prediction, current approaches still face challenges in
physical interpretability and robust generalization. Two persistent lim-
itations hinder further progress. First, time-domain and frequency-
domain feature processing are often isolated [25]. Typically, fre-
quency analysis is relegated to a mere preprocessing step. This discon-
nect impedes the synergistic capture of critical interactions between
transient voltage dynamics and long-term degradation trends. Second,
cross-domain invariant feature screening is often inefficient [26]. It
typically depends on exhaustive searches across high-dimensional
operational parameters. This not only incurs high computational costs
but may also introduce features that are weakly correlated with voltage
degradation. This issue becomes acute with large-scale feature inputs,
which limits the reliability of predictive models during transfer.

To address the aforementioned issues, this paper proposes a new
scheme for PEMFC lifetime prediction based on a developed Frequency
Domain Adaptation (FDA) technique. With the FDA, a time-frequency
fusion transfer learning (TF-TL) architecture that incorporates
frequency-domain FFT is established. This architecture centers on the
frequency-domain characteristics of voltage signals, directly extracting
domain-invariant features that reflect the essence of degradation,
avoiding reliance on complex experimental parameters, and enhancing
the universality and interpretability of degradation pattern transfer from
a mechanistic perspective. Benefiting from a lightweight structural
design, this architecture can be combined with various deep learning
models to achieve online generalized prediction across different oper-
ating conditions and devices. The specific advantages of the proposed
method that contribute to PEMFC lifetime prediction are summarized as
follows:

1) The proposed TF-TL architecture for PEMFCs is capable of frequency-
domain feature selection and time-domain feature analysis. This
architecture can be lightly embedded into various deep learning
networks to achieve cross-domain generalized prediction.
The proposed FDA technique can achieve domain-invariant charac-
teristics during the transfer process. This technique directly extracts
frequency-domain features from the voltage signals to resolve inter-
domain discrepancies, thereby avoiding dependence on numerous
operational parameters and enhancing the interpretability and sta-
bility of generalized predictions.

3) The prediction uncertainty caused by cross-domain differences is
effectively and significantly suppressed. Under cross-device and
cross-operating-condition scenarios, the TF-TL architecture achieves
a high-confidence performance degradation trajectory and accurate
RUL estimation.

2

—

The remainder of this paper is organized as follows. Section 2 pre-
sents the proposed fuel cell lifetime prediction framework. Section 3
describes the data sources utilized in this study. Section 4 validates the
efficacy of the FDA in eliminating inter-domain differences and dem-
onstrates the superior performance of the TF-TL architecture. Finally,
Section 5 concludes the paper.

2. Methodology
2.1. A transfer learning architecture with time-frequency fusion
Addressing the prevalent issues of inefficient feature screening and

weak physical interpretability in existing DA methods, which generally
rely on multidimensional operational condition parameters, this paper
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proposes a TF-TL architecture centered on the essential frequency-
domain characteristics of voltage signals, as depicted in Fig. 1.

Initially, experimental data from both the source and target domains
are collected and preprocessed, based on which multiple transfer
learning tasks are defined. Subsequently, this paper introduces the TF-
TL architecture that incorporates an FDA module. This module ana-
lyzes the voltage signals of both the source and target domains via FFT to
extract their intrinsic frequency-domain components. Furthermore,
based on an improved MMD metric, low-frequency consensus features
shared between the two domains are adaptively selected. Meanwhile,
Kernel Density Estimation (KDE) is utilized for non-parametric proba-
bilistic modeling of the discrepancies in feature distributions, providing
visual and quantitative evaluations for domain alignment.

Unlike traditional methods that rely on external operational condi-
tion parameters for feature alignment, the FDA technique directly mines
domain-invariant knowledge reflecting the essence of degradation from
the frequency-domain representations of voltage signals. This approach
enhances the universality and interpretability of the transfer process at
the mechanistic level. Finally, the CNN module within the TF-TL ar-
chitecture captures local degradation patterns, thereby enhancing the
capability of baseline models like LSTM to learn domain-invariant
degradation laws, which ultimately leads to accurate prediction of the
performance degradation trajectory and RUL estimation in the target
domain.

2.2. Time-domain and frequency-domain algorithms

2.2.1. Fast Fourier transform

FFT is an efficient algorithm for computing the Discrete Fourier
Transform (DFT). Its primary function is to rapidly convert discrete
signals from the time domain to the frequency domain, thereby
revealing the frequency components of the signal. Direct computation of
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the DFT is overly complex. However, the FFT method significantly
simplifies the calculation process by leveraging the properties of rota-
tion factors in the DFT solution process and incorporating the divide-
and-conquer algorithm philosophy [27]. As a result, FFT is widely
applied in engineering practices for spectral analysis. The core principles
of FFT are as follows:
N-1 o
Y[k =Y x[n]-e V" (k=0,1,.,N-1) 1

n=0

where Y[k] represents the complex amplitude of the signal at frequency
index k, x[n] denotes the uniformly spaced time series after interpola-
tion and resampling, and N signifies the number of sampling points.
Regarding the selection of the FFT window length, if the analysis win-
dow is too short, low-frequency trends with periods significantly longer
than the window are difficult to capture effectively, and their amplitude
and phase information can be lost during window sliding. Therefore, this
study applies a global FFT transformation to the preprocessed voltage
sequence, where the window length is equal to the total number of
sampling points N in the sequence. This approach achieves the highest
possible frequency resolution for capturing the underlying low-
frequency trends.

2.2.2. 1D-CNN

CNN is a deep learning model specifically designed for processing
grid-like data. Its core advantage lies in efficiently extracting spatial
features through local perception and weight-sharing mechanisms. In
the investigation of fuel cell lifespan prediction, CNN can automatically
learn local degradation characteristics from multi-dimensional sensor
data, including voltage and temperature [28]. Specifically, the con-
volutional layers capture local degradation patterns, the pooling layers
achieve feature dimensionality reduction and enhance translation
invariance, while the fully connected layers integrate these features and

N / 2 4 I wcoe S
4 \ O @ Low-frequency ol ——
( IEEE PHM 2014 } I Voltage feature extraction !
G20 test stati '
: est station § g " Transfer tasks || : G |
|1 | | | 0.7A/em? 1 | | FFT Nk " |
|1 I ] Cross il | Y (. 12 o |
LS Withe ‘ [ Origin data :
LU bt ‘ I g ! | Withowt '\ i condition ! l \ $ | " '
([ 1#1 1571 1 | N [ W s |
|1 "y 1 Currentripples | ", Cross 1 | Frequeflcy N = : - I I
| ' Nine types of loads | 1 L d 1 | domain O AN
| ! l o ,1 l"-’“ em’ EYaS 1 | decomposition ' I
! ol o mmm e — a) . |
0—» PO — 0.7A/cm* VYNV |
| s —e—r—ns 1 1% vi Improved MMD I
|!=mm o T op— Z Stagel  Stage 2 S bt * ] |
® Two types of experimental test benches 1) Independence from other operational parameters
YP P Data FDA p P p
® Static, pseudo-dynamic and dynamic test conditions & ool 2 Domain adaptation from frequency domain
® Multiple experimental test data preprocessing echnology 3 Elimination of inter-domain discrepancies
® High reliability and strong robustness Verify TF-TL ® Transfer learning architecture integrating FDA
® Enhance the performance of the baseline model 5 . ® Cross-domain generalization prediction
—————— superiority architecture ©® Adapting to long-term prediction tasks
™ Confidence level |
analysis 1 y
Y I Stag e 4 St“g e 3 ; im;::t";r?em
| ' 1 | |
|| Feature | | : :
I transfer : : | |
Pre-trainin ' [ 2
|e—— B «w———— | DA tes inter- Z4)
- o | ]model | | du|nea:|l:‘:|li‘;;3c|:2: J‘_. X
- - | | \
AI | Superiority : : - : Transfer
—a | verification | I | Learning
— 1| [ | ! \
— I / \ ‘ .
= | / \

Fig. 1. The research framework of this paper.



H. Wu et al.

map them to the final predictive output. The main structure of CNN is
illustrated in Fig. 2.

In the TF-TL architecture, a lightweight 1D-CNN serves as the local
feature extractor. This network takes the single-channel time-series
signal aligned by the FDA module as input. Its core structure consists of
two convolutional blocks: the first block employs 16 filters with a size of
5, followed by a max-pooling layer with a stride of 2. The second block
uses 32 filters with a size of 3. All convolutional layers utilize the ReLU
activation function. Finally, a global average pooling layer aggregates
the feature map along the temporal dimension into a compact 32-dimen-
sional feature vector. This design aims to extract local patterns from the
voltage degradation sequence with minimal parameters. The resulting
feature vector is then fed into sequence models such as LSTM or GRU for
temporal modeling, enabling collaborative cross-domain learning of the
degradation patterns.

2.3. Other deep learning models

This section provides an overview of commonly used deep learning
models in the field of PEMFC lifespan prediction, including RNNs and
their various variants, as well as Temporal Convolutional Networks
(TCNs) [29]. These models have been extensively validated in existing
research, demonstrating high predictive accuracy and low memory
consumption, which aligns well with the rapid response requirements of
transfer learning. Based on this, this paper selects to integrate them with
the proposed TF-TL architecture to evaluate the transfer universality and
performance advantages of the framework under different model con-
ditions. Table 1 summarizes the advantages and disadvantages of the
five baseline models.

2.4. DA technology based on frequency-domain features

Transfer learning aims to achieve effective knowledge transfer across
different domains. Its core objective is to discover generalized feature
representations and underlying patterns from the source domain and
transfer them to the target domain through an adaptation mechanism,
which has a different data distribution. This significantly enhances the
predictive capability and generalization performance of the model in the
target domain, particularly when labeled data in the target domain is
limited. Assume there exist source domain data Dy = {(xs 1, ys 1), (xs 2,
ys2), ..., (xsi,ys)}N;i=1 and target domain data D, = {(xt 1, yt 1), (xt
2, yt 2), ..., (xt j, yt D}N; j = 1, where (xs i, ys i) and (xt j, yt j) are
combinations of feature sequences and prediction sequences in the
source and target domains, respectively. Each sample consists of a
feature sequence and its corresponding label [30].

The traditional mainstream approach of FT involves analyzing and
screening common features that are less affected by operating conditions
from both the source and target domains. This weakens the data

Convolutional layer

Max Pooling layer

Convolutional layer
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Table 1
Advantages and disadvantages of baseline models.
Models Advantages Disadvantages
LSTM Effectively captures long-term Complex structure, high parameter
dependencies and mitigates count, and relatively high
gradient vanishing computational cost
GRU Possesses higher computational Modeling capability for extremely
efficiency and simpler structure long dependencies may be slightly
than LSTM inferior to LSTM
BiLSTM  Leverages both past and future Higher computational complexity
context, enhancing bidirectional and longer training time than
dependency modeling LSTM
BiGRU Utilizes bidirectional information Capability to capture extremely
while typically being more long-range dependencies may be
lightweight and faster to train than  slightly inferior to BiLSTM
BiLSTM
TCN Addresses gradient vanishing, May struggle with highly complex

supports parallel computation, and
offers fast training

temporal patterns and have higher
memory requirements

=

distribution differences caused by different operating conditions, ulti-
mately improving the prediction stability and generalization ability of
the model in the target domain. However, aligning parameters that are
weakly related to voltage degradation across domains forces the model
to learn a large number of non-sensitive features. This not only increases
the model training cost but also dilutes the representation weight of key
degradation features. Sun et al. [13] employed signal decomposition and
FFT analysis to reveal the potential associations between voltage com-
ponents and experimental parameters from a frequency-domain
perspective. The above work validated the feasibility of employing
frequency-domain features to extract cross-domain invariant
representations.

Unlike the traditional FT domain adaptation process, which relies on
other parameters during the experiment, the proposed FDA in this paper
extracts essential degradation knowledge from its own frequency-
domain characteristics of voltage, avoiding the representation de-
pendency on complex experimental parameters. The specific workflow
is shown in Fig. 3.

To effectively mitigate the distribution discrepancy between Dy and
Dy, this paper employs the improved MMD as the core metric for domain
alignment within the FDA. The improved MMD method optimizes
Gaussian kernel parameters adaptively and uses unbiased estimation to
enhance robustness in measuring distribution differences. It calculates
the median sample distance as the bandwidth and employs unbiased
covariance for statistical significance in small samples. This approach
captures nonlinear time-series features and addresses the sensitivity of
MMD to hyperparameters and instability. Given source domain samples
X = {xs i}n; i = 1 and target domain samples X; = {xt j}n,j = 1, the
square of the unbiased estimator for the improved MMD is defined as
follows:

Full-
Ful I'_ connection
connection layer2
layerl . Qutput layer

Max Pooling layer

i

S

——
—0‘-

Fig. 2. The structure of CNN.



H. Wu et al.

Notes:

Time-domain analysis
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Frequency-domain analysis
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Fig. 3. The workflow of the FDA.
1 LI 3. Experimental data on PEMFCs
MMD?(X,, X,) = 1) K(xz,fj)
1 ) snt " 'E s ) @ 3.1. Static and pseudo-dynamic operating condition data
e K( xt, x4
n(n —1) = A o The aging experimental data for PEMFCs under static and pseudo-
2 & i"( © x‘) dynamic operating conditions were obtained from the publicly avail-
nn e\ able dataset of the IEEE PHM 2014 Data Challenge [31]. The test bench
used in the experiments is shown in Fig. 4, and the specific operating
x = y? parameters during the experiments are listed in Table 2.
K(%x,y) :exp( T 202 > €) The experiments for the two different operating conditions were
conducted on two separate fuel cell stacks. Each stack comprised five
o =Median ({ [x; — x| : ¥i,j}) 4) single cells, with an active area of 100 cm? per cell. Stack 1 (FC1) was

where xi s and xt j are samples, ns and n; are sample sizes. ¢ represents the
kernel bandwidth. This study employs a data-driven adaptive strategy to
determine o, setting it to the median of the pairwise Euclidean distances
among all samples in the combined set X;UX,, i.e., 6 = Median(-). To
ensure numerical stability, we define ¢ = max(o,e), where e is an
extremely small positive constant to prevent division-by-zero errors.
This strategy avoids manual hyperparameter tuning and enhances the
robustness of the metric across varying data scales. Based on the
computed MMD? value, a distribution similarity score S is defined to
quantify the alignment effect between domains:

1

S 1T MMD (X, %) ®

Since MMDZEO, the value range of S is (0,1]. The closer the source
and target domain distributions, the closer the value of S is to 1. Within
the FDA, S serves as an intuitive evaluation metric for domain alignment
effectiveness. It directly measures the closeness of the low-frequency
consensus feature distributions between the source and target domains
after FDA processing.

tested for 1154 h under a static load (Current density = 0.7 A/cm?),
while Stack 2 (FC2) was tested for 1020 h under a pseudo-dynamic load
at the same current density (Frequency = 5 kHz, Current ripple = 10 %)
[32]. The raw voltage data were preprocessed by sampling at a rate of 3
points per hour and a moving average method was applied for data
smoothing. The resulting voltage degradation trends for FC1 and FC2
are shown in Fig. 5.

3.2. Dynamic operating condition data

The dynamic operating condition data were obtained from experi-
ments conducted on a Greenlight 20 (G20) test station [33,34]. The
corresponding PEMFC stack is designated as FC3. The experiment
comprised 3076 fuel cell dynamic load cycle (FC-DLC) tests, totalling
1008 h. The test bench used for the FC3 durability testing is shown in
Fig. 6, and the relevant test parameters are listed in Table 3 [35].

As the durability test for FC3 was designed to simulate real-world
vehicle operating conditions, each FC-DLC test involved two distinct
driving schedules: “Urban” and “Suburban”. The “Urban” schedule
simulates frequent load changes at low vehicle speeds, while the "Sub-
urban" schedule simulates load variations at medium-to-high speeds.
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Fig. 4. Aging test bench of FC1 and FC2.
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Table 2
Range of controlled physical parameters (FC1 and FC2).
Parameter Value range
Cooling flow 0~10 L/min
Cooling temperature 20~80 °C
Gas humidification 0~100 % RH
Gas temperature 20~80 °C
Air flow 0~100 L/min
H2 flow 0~30 L/min
Gas pressure 0~2 bar
Fuel cell current 0~300 A
3.40 -
——FC1
3.35 ——FC2 1
£3.30}
N—"
)
325}
=
S 3.20¢
3.15¢
3.10

0 200 400 600

Time (h)

800 1000 1200

Fig. 5. The voltages of FC1 and FC2 after preprocessing.

Within each dynamic cycle, the “Urban” schedule was repeated four
times, followed by one execution of the “Suburban” schedule. This
protocol involved nine different load current levels, ranging from 0 % to
100 %. Fig. 7(a) shows the current and voltage profiles during a single
FC-DLC test, and Fig. 7(b) presents the voltage variations under the nine
categorized load levels.

3.3. Evaluation criteria of prediction performance

To determine the predicting performance, this paper evaluates and
compares the forecasting performance of each method based on multiple
indicators: Root Mean Square Error (RMSE), Mean Absolute Percentage
Error (MAPE), Coefficient of Determination (R2), and Relative Error
(RE). The smaller the RMSE and MAPE, the higher the prediction ac-
curacy. The closer R is to 1, the better the output value of the model fits
the original data. RE is introduced to evaluate the effect of RUL esti-
mation, and the smaller the RE, the better the prediction performance
[36].

1Y -
RMSE = N ; i — %) (6)

100 K |y — v

MAPE_T-; S @)
N ~\2
> iy

R=1-"1 ®
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Fig. 6. Aging test bench of FC3.

Table 3
Range of controlled physical parameters (FC3).

Parameter Value range
Cooling flow 0~10 L/min
Cooling temperature 20~80 °C
Gas humidification 0~100 % RH
Gas temperature 20~80 °C
Air flow 0~100 L/min
H2 flow 0~30 L/min
Gas pressure 0~2 bar
Fuel cell current 0~300 A
RULyye — RULpeq
RE= M. 100% 9)

RUL e

where N is the number of test data, y; is the real value, and y; is the
predicted value. RULyy, is the true RUL, and RULyrq is the predicted
RUL.

In addition to prediction accuracy, this study also evaluates fore-
casting reliability using the Mean Standard Deviation (MS) to quantify
point-wise uncertainty and the Average Uncertainty (AU) to assess the
overall confidence of the entire forecasting process, respectively.

(10)

1D

where n is the number of Monte Carlo sampling iterations, x; is the

predicted value from the i-th sampling iteration, and x, is the mean of
the sampled values.

4. Results and discussion

In this section, a transfer pair (A-B) is defined, where A represents the
source domain data and B represents the target domain data. Firstly, the
effectiveness of the FDA technique within the TF-TL architecture in
mitigating inter-domain discrepancies was validated through domain
adaptation analysis. Subsequently, the TF-TL architecture was inte-
grated with all baseline models mentioned in Section 2.3 to verify its
enhancement of prediction performance. Furthermore, under cross-
operating-condition and cross-device scenarios, the superiority of the
TF-TL architecture was comprehensively evaluated through analyses of
prediction reliability and generalization capability. Finally, the accuracy
of TF-TL in assessing the RUL was discussed. The device's processor is the
12th Gen Intel(R) Core(TM) i5-12500H.

4.1. Domain adaptation analysis

This section configures multiple transfer tasks to validate the effec-
tiveness of the FDA technique in eliminating inter-domain discrepancies
from the perspective of different source and target domain combina-
tions. Considering that the durability test under dynamic operating
conditions involves nine different load levels, the intermediate load 14 is
selected as an example for domain adaptation analysis. In addition,
static and pseudo-dynamic operating condition data are chosen, forming
three transfer pairs for analysis: (FC1-FC2), (FC1-14), and (FC2-14).

To verify its advantages in efficiency and robustness, the improved
MMD was compared with the standard MMD on identical transfer tasks.
For the standard MMD, the bandwidth parameter was optimized
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Fig. 7. (a) Current load and voltage values for a single cycle; (b) Voltage under the nine classified load levels.

through a grid search over the set {0.01, 0.1, 1, 10}, selecting the value
that yielded the best performance on the source domain validation set.
The performance comparison across three transfer pairs is summarized
in Table 4. The results show that the improved MMD, via its adaptive
bandwidth selection, achieves distribution alignment comparable to the
finely-tuned standard MMD. It completely avoids the time-consuming
manual tuning and grid search, leading to significantly improved
computational speed. This demonstrates that the adaptive strategy
effectively mitigates the standard MMD's sensitivity to its bandwidth
hyperparameter and enhances the deployment efficiency of the domain
adaptation module. This improvement aligns with the TF-TL architec-
ture's objective of a lightweight and practical design.

Fig. 8 visually illustrates the changes in the voltage feature distri-
butions for different transfer pairs before and after FDA processing using
KDE. The corresponding quantitative assessment is provided by the
introduced distribution similarity score S. Although the S of original
voltage all exceed 0.95, the original voltage distributions across
different domains exhibit significant differences due to multiple factors
such as operating conditions, equipment specifications, and intrinsic
structures. This distribution shift can directly impact the effectiveness of
cross-domain knowledge transfer.

After FDA processing, the distribution discrepancies in all three pairs
are significantly reduced. The source and target domains achieve dis-
tribution alignment while preserving their intrinsic characteristics.
Specifically, the similarity S for the (FC1-FC2) pair reaches 0.999, nearly
eliminating the inter-domain difference, which benefits from their high
consistency in hardware specifications and basic operating conditions,
with only minor local disturbances. For the (FC1-14) pair, due to cross-
domain differences arising from both operating condition variations
and physical stack property differences, FDA does not completely
eliminate the distribution shift. However, it effectively aligns the pri-
mary peaks and inflection point structures, causing the distribution
trends to converge closely. Moreover, the S value for the (FC2-14) pair is
slightly higher than that for (FC1-14). This phenomenon stems from the
inherent connection between the pseudo-dynamic load of FC2 and the

Table 4
Comparison of the operational efficiency between Improved MMD and MMD.
Transfer Tasks Methods Cost time (s) S
FC1-FC2 MMD 15.3 0.9987
Improved MMD 1.4 0.9989
FC1-14 MMD 19.8 0.9853
Improved MMD 1.1 0.9849
FC2-14 MMD 17.5 0.9921
Improved MMD 1.9 0.9923

dynamic characteristics of the I4 load. The voltage response signals of
FC2, subjected to a pseudo-dynamic load containing high-frequency
ripple components, inherently encompass certain dynamic disturbance
information in their frequency-domain structure. This makes their
intrinsic modes closer to those of the voltage signals under the operating
condition (I4). Consequently, when extracting low-frequency common
features, the FDA technique can more effectively align their shared
degradation patterns under dynamic disturbances, resulting in higher
distribution similarity.

From a mechanistic perspective, the FDA can capture stable char-
acteristic components of cross-domain voltage signals in the frequency
domain and suppress non-stationary components caused by transient
operational disturbances and equipment structural differences, thereby
achieving the extraction and mapping of domain-invariant features. The
aforementioned results not only validate the domain adaptation capa-
bility and robustness of FDA in transfer prediction tasks but also
demonstrate that in cross-device, cross-condition transfer learning sce-
narios, this method can significantly reduce the distribution gap while
preserving key performance features, laying the foundation for subse-
quent high-accuracy cross-domain prediction.

4.2. Analysis of TF-TL prediction performance

To validate the enhancement effect of the TF-TL architecture on
transfer prediction performance, this section systematically evaluates
the prediction performance of the deep learning models described in
Section 2.3 after integration with TF-TL. The results are compared
against those obtained from direct transfer learning of the corresponding
models. Here, baseline models employing direct transfer learning are
denoted as Model-T, whereas models utilizing the TF-TL architecture are
denoted as TF-Model. For the data, the (FC1-FC2) transfer task is
adopted. The prediction accuracy of each model with 90 % of the target
domain data serves as the basis for horizontal comparison, compre-
hensively evaluating the effectiveness of TF-TL in enhancing model
accuracy.

Table 5 summarizes the error metrics for all prediction models. The
baseline Model-T, based on direct transfer learning, achieves moderate
accuracy. This performance primarily arises from the retained similarity
in voltage distribution between the source (FC1) and target (FC2) do-
mains. However, its relatively low R? score indicates limited model
fitting capability. In contrast, the TF-Model significantly outperforms
Model-T across all metrics. It substantially reduces both RMSE and
MAPE while maintaining an R? value consistently above 0.95, demon-
strating excellent fitting stability and generalization capability. All TF-
Model variants demonstrate significantly superior prediction accuracy
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Fig. 8. Probability density distributions.

Table 5
Performance of each prediction model under dynamic conditions.

Model RMSE MAPE R? Cost time (s)
LSTM-T 0.0073 0.1843 0.911 72.57
GRU-T 0.0069 0.1826 0.925 65.53
BiLSTM-T 0.0063 0.1713 0.932 134.71
BiGRU-T 0.0057 0.1431 0.941 118.73
TCN-T 0.0065 0.1755 0.935 59.43
TF-LSTM 0.0044 0.1148 0.972 84.24
TF-GRU 0.0041 0.1055 0.982 77.63
TF-BiLSTM 0.0035 0.0849 0.989 150.59
TF-BiGRU 0.0033 0.0657 0.993 114.87
TF-TCN 0.0036 0.0826 0.985 73.18

compared to the Model-T baseline. These results demonstrate that the
FFT-based FDA technique within the TF-TL architecture is more effec-
tive than the traditional paradigm of screening features from high-
dimensional time-domain operational parameters. This approach more
effectively captures essential, domain-shared degradation features,
thereby providing the model with more discriminative and generaliz-
able inputs.

Computational efficiency is also detailed in Table 4, which lists the
total time consumption for each model during training and inference.
The results show that the TF-TL architecture moderately increases
computational complexity, incurring additional time overhead. How-
ever, since PEMFC operational cycles typically span thousands of hours,
this added computation time is negligible relative to the system's oper-
ational timeline. The substantial improvements in prediction accuracy
and cross-domain generalization offered by TF-TL are far more critical.
Therefore, the associated temporal cost is justified and acceptable for
practical engineering applications.

4.3. Validation of TF-TL superiority

This section comprehensively validates the superiority of TF-TL from
the perspectives of prediction reliability and generalization. Based on
the comprehensive analysis of baseline model predictions in Section 4.2,
the BiGRU model with the smallest error is selected for experimental
validation.

4.3.1. Reliability analysis of transfer prediction

This section employs the Monte Carlo (MC) Dropout technique to
quantify prediction uncertainty and assess the reliability of the TF-TL
model. This method, grounded in Bayesian theory, constructs a proba-
bility distribution of prediction outcomes by performing multiple sto-
chastic forward passes with dropout active during inference [37]. Here,
100 forward passes are performed during the prediction phase to sys-
tematically analyze the prediction credibility of the BiGRU-T and
TF-BiGRU models in the (FC1-FC2) transfer task.

Fig. 9(a) and (b) present the point estimates and interval estimates
for the BiGRU-T and TF-BiGRU models, respectively. Long-term pre-
diction results show that compared to BIGRU-T, the prediction curve of
TF-BiGRU aligns more closely with the true voltage degradation tra-
jectory of the PEMFC, and its confidence interval is significantly nar-
rower. Local dynamic comparisons (Fig. 9(c) and (d)) further reveal that
under the same vertical axis scale, the confidence interval of TF-BiGRU
envelopes the dynamic voltage variations much more effectively than
that of BiGRU-T, with a more pronounced reduction in interval width.
This verifies the superiority of TF-BiGRU not only in point estimate
accuracy but also in its precise control over uncertainty.

To further investigate the prediction reliability of TF-TL, a detailed
analysis is conducted at four typical time points (Fig. 9(e-h)), repre-
senting the initial operation phase, start-stop phase, normal operation
phase, and a phase with severe voltage fluctuations of the PEMFC,
respectively. The results indicate that at points A-C, TF-BiGRU exhibits
sharper, more concentrated peaks in the probability density distribution
compared to BiGRU-T, with prediction variance stably maintained in the
order of E—4. This robustly validates the strong adaptability of the TF-TL
architecture to voltage fluctuations in transfer scenarios. At point D,
characterized by severe voltage fluctuations, the variance of TF-BiGRU
increases, but it still demonstrates superior prediction accuracy and a
more compact uncertainty distribution. In contrast to the bimodal,
dispersed distribution of BiGRU-T, TF-BiGRU effectively suppresses
excessive dispersion of uncertainty.

The above analysis demonstrates that baseline models equipped with
the TF-TL architecture can better handle different fluctuation states of
the fuel cell, highlighting the stability of the model in long-term lifecycle
transfer predictions. By leveraging its low-frequency feature alignment
mechanism, the TF-TL architecture provides high-accuracy and highly
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reliable prediction results for cross-domain, cross-scenario transfer
prediction of PEMFCs, offering a reliable quantitative basis for long-term
health monitoring and early fault warning of PEMFC systems.
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4.3.2. Generalization analysis of transfer prediction
Following the validation of TF-TL reliability in Section 4.3.1, this
section further discusses its transfer generalization capability. Specif-

ically, static operating condition data FC1 serves as the source domain,
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while the nine graded loads from the dynamic operating condition data
FC3 serves as the target domains, validating the generalization ability of
TF-TL in cross-device and cross-operating-condition scenarios. The
testing ratio for the target domain remains consistent with previous
sections.

Fig. 10 shows the prediction results of TF-BiGRU for the nine loads
under dynamic operating conditions. The overall trends of voltage
variation across the nine loads are similar, but significant differences
exist in local details. For instance, loads like I1, I3, and I5 exhibit sharp
voltage drops and rises around 150h during start-stop events, while load
10 shows frequent minor fluctuations within this interval. Facing loads
10-I8 with higher start-stop frequency and stronger fluctuations, TF-
BiGRU accurately captures all voltage mutation points in long-term
predictions and maintains close tracking of non-steady-state fluctua-
tions during operation, validating the strong adaptability of the model to
complex dynamic conditions.

Furthermore, Table 6 compares the generalization errors of BIGRU-T
and TF-BiGRU in the cross-domain prediction task. Under cross-device
and cross-condition transfer scenarios, the prediction performance of
both models degrades. For BiGRU-T, the R? values for loads I3-16 with
severe voltage fluctuations all fall below 0.9, showing a significant
decrease compared to its performance (R? = 0.941) in the same-device
transfer task in Section 4.2. This phenomenon is attributed to the
intensified domain discrepancy between source and target domains
under cross-device and cross-condition scenarios, where the negative
transfer effect caused by direct transfer leads to model performance
degradation. In contrast, TF-BiGRU demonstrates superior generaliza-
tion capability, achieving RMSE reductions of 15.1 %-60.4 % and
maintaining R? consistently above 0.95 across all nine load transfer
tasks.

Additionally, this section employs ridge plots to reveal the differ-
ences in prediction uncertainty distribution between the TF-BiGRU and
BiGRU-T models across the nine load types. As shown in Fig. 11, the
horizontal axis represents the uncertainty value range, and the vertical
axis represents the different load conditions. The left and bottom axes
correspond to TF-BiGRU, while the right and top axes correspond to
BiGRU-T. The ridge peaks for TF-BiGRU are generally narrow and tall,
and the overall color tone is bluer, indicating its prediction uncertainty
is effectively suppressed, leading to a more trustworthy prediction
process. In contrast, the ridges for BiGRU-T are wider and flatter, with
the I5-I8 load regions appearing orange-red, revealing significantly
higher dispersion in its prediction results. Table 7 quantifies the Average
Uncertainty (AU) values for the different models, further confirming
that as the load dynamics increase, the AU for both models show an
upward trend. However, the AU for TF-BiGRU remains consistent in the
order of E—4, whereas the AU for BiGRU-T jumps to the E—3 order under
high-load conditions.

The above results indicate that the frequency-domain feature align-
ment mechanism of the TF-TL architecture, based on FDA technology,
effectively eliminates inter-domain discrepancies. It maintains stable
prediction accuracy while exhibiting high credibility in cross-device and

cross-operating-condition scenarios, demonstrating its powerful

Table 6

The prediction performance of TF-BiGRU under different loads.
Load TF-BiGRU BiGRU-T

RMSE MAPE R? RMSE MAPE R?

10 0.00073 0.05142 0.978 0.00086 0.05937 0.949
il 0.00105 0.05245 0.972 0.00155 0.08106 0.917
12 0.00074 0.04268 0.990 0.00187 0.13562 0.935
K] 0.00229 0.12730 0.967 0.00402 0.27331 0.863
4 0.00216 0.11078 0.964 0.00397 0.27161 0.875
I5 0.00297 0.15632 0.958 0.00518 0.35772 0.855
16 0.00304 0.15669 0.953 0.00538 0.38760 0.864
17 0.00159 0.11164 0.989 0.00369 0.34031 0.939
18 0.00139 0.10955 0.991 0.00332 0.34308 0.942
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Fig. 11. Uncertainty distribution of predictions under multiple loads.

generalization performance and reliability during the transfer predic-
tion process.

4.4. RUL estimation of PEMFCs

This section establishes three sets of transfer experiments for FC1,
FC2, and FC3, respectively, to analyze the accuracy of the TF-TL ar-
chitecture in evaluating the RUL under long-term prediction. The offline
model is pre-trained based on the stable voltage characteristic compo-
nents captured in the frequency domain by FDA, and is subsequently
employed for the RUL prediction task on the target domain. Considering
the nine load groups separated from FC3 exhibit roughly similar trends,
the voltage data from load 14 of FC1 and FC2 are selected to evaluate the
RUL across the three stacks. The three transfer experiments are (FC2-
FC1), (FC1-FC2), and (FC1-14). Testing ratios of 0.9, 0.85, 0.8, 0.75, and
0.7 for the target domain are set to validate the capability of the TF-TL
architecture in long-term RUL estimation.

In addition to the Relative Error (RE) accuracy metric from Section
3.3 for evaluating RUL estimation error, the concept of a Trustworthy
Area (TA) is introduced to assess the credibility of the estimation pro-
cess. The specific formula is as follows:

RULyye (1 = tiow) < TA<RULge X (1 + ayp) 12)
where RULy,y is the actual RUL. « is an accuracy modifier that defines
the lower and upper bounds of the TA, respectively. For fuel cell prog-
nosis, an estimated RUL that is less than the actual RUL is generally more
acceptable when a deviation exists. Conversely, an overestimated RUL
often leads to delayed maintenance schedules or even premature critical
failures. Accordingly, asymmetric bounds are set with @ = 0.1 for the
lower limit and a = 0.2 for the upper limit. The estimation process is
deemed reliable if the estimated RUL falls within the TA.

For FC1, the initial failure threshold is set to 96 % of its initial voltage
(3.345 V), corresponding to 3.2112 V, with the earliest recorded failure
time of 893 h. To fully utilize the experimental data of FC2, its failure
threshold is determined as 95 % of the initial voltage (3.33 V), equiva-
lent to 3.1635 V, and the earliest failure time is 921 h. Based on the
existing analysis of FC3, the voltage at the 620 h sharp voltage drop is
adopted as the failure threshold for the 14 load, specifically 0.7258 V
[22].

Fig. 12 presents the RUL evaluation results for the three transfer
prediction tasks. At a testing ratio of 0.9, the estimated RUL lies above
the true RUL, which is attributed to estimation lag caused by the
excessively long testing duration. However, at all other testing time
points, the estimated RUL consistently falls below the true RUL, and all



H. Wu et al.

Energy 344 (2026) 139854

Table 7
Average uncertainty under different loads.
Load 10 n 12 13 14 15 16 17 18
AU(E-4) TF-BiGRU 0.71 1.15 1.36 2.05 2.08 2.54 2.7 2.69 2.62
BiGRU-T 3.66 5.55 7.13 10.2 10.5 12.8 13.8 14.5 14.3
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Fig. 12. RUL estimation results for (a) target domain FC1 (b) target domain FC2 (c) target domain I4.

estimated RUL values remain within the TA, indicating a high degree of
credibility in the evaluation process of the model optimized by the TF-TL
architecture.

Furthermore, Fig. 13 shows a 3D surface distribution of the RE metric
during the RUL evaluation, where the X-axis represents the testing ratio,
the Y-axis represents the target domains in the three transfer tasks, and
the Z-axis represents the magnitude of RE. It can be observed that the
maximum RE does not exceed 1.9 %. The results from these multiple
transfer tasks demonstrate that TF-TL exhibits accurate RUL evaluation
performance across different operating conditions and devices.

4.5. Comparison of superiority over existing methods

To validate the superiority of the proposed TF-TL architecture for
RUL estimation, this section conducts a systematic comparison with
state-of-the-art methods. The benchmarked approaches include hybrid
data-driven/transfer learning methods [23,24], the Self-Adaptive Digi-
tal Twin (SADT) [38], and an Improved Physics-Informed Neural

Relative error (%)

Test data (%)
(d)

Fig. 13. RE of RUL estimated.

12

Network (Improved PINN) [39,40].

To ensure a fair and consistent comparison, all benchmark methods
are evaluated using the best performance reported in their original
studies. The RUL of FC2 serves as the unified evaluation standard. Note
that the EoL threshold definition varies across studies. To address this
variation, we evaluate TF-TL under multiple EoL threshold conditions to
ensure an equitable comparison.

Table 8 summarizes the RUL prediction accuracy for each method.
The results show that the Improved PINN achieves the highest accuracy,
benefiting from its effective integration of mechanistic information.
However, it exhibits limitations in tracking the detailed, continuous
dynamics of performance degradation. In contrast, the proposed TF-TL
method maintains low estimation error across threshold settings and
accurately captures detailed degradation trends. These results demon-
strate that the TF-TL method offers excellent accuracy, robustness, and
stability in predicting the aging trajectory and lifetime of PEMFCs.

5. Conclusion

This study addresses the challenges of distribution shift and high
prediction uncertainty in cross-domain degradation prediction for
PEMEFCs by proposing a TF-TL architecture based on the FDA technol-
ogy. This architecture leverages the FDA to directly extract low-
frequency consensus knowledge from voltage signals, effectively
reducing the distribution discrepancy between source and target do-
mains. It enhances various baseline models in a lightweight, embedded
manner, significantly improving prediction accuracy and reliability. The
main conclusions of this paper are as follows:

Table 8
Comparison of the RUL prediction accuracy.
Method True RUL (h) Pred RUL (h) RE (%)
Proposed method 225 221.53 0.21
325 321.07 1.21
425 423.55 0.34
Bi-LSTM-AM [23] 236 232 5.04
LQLSTM [24] 224 221 1.33
SADT [38] 392 371 5.36
390 369 5.38
SOTA [39] - - 2.80
Improved PINN [40] - - 0.10
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1) The proposed FDA technique significantly eliminates feature distri-
bution differences among static, pseudo-dynamic, and dynamic
operating conditions through intrinsic frequency-domain alignment
of cross-domain voltage signals, achieving a maximum inter-domain
distribution similarity of up to 0.999.

The TF-TL architecture can be embedded into different deep learning
models, universally enhancing their cross-domain prediction per-
formance. Taking TF-BiGRU as an example, its RMSE decreased by
up to 60.4 % compared to the direct transfer method, while its R?
consistently remained above 0.95. Furthermore, the confidence in-
terval width was significantly narrowed, and the average uncertainty
was stably maintained at the E—4 level, demonstrating high accuracy
and reliability.

In generalization tasks across different operating conditions and
devices, the TF-TL architecture exhibits strong adaptability and en-
gineering practical value. In multiple long-term prediction tasks, the
relative error of RUL estimation was below 1.9 %, and the results
consistently fell within the Trustworthy Area, providing a reliable
basis for the online health management of PEMFCs.

2

—

3

—

The proposed TF-TL architecture exhibits promising potential for
deployment in real-world PEMFC online health management systems,
primarily due to its lightweight and modular design. However, several
practical challenges remain to be addressed in future work. First, the
generalization of the model under extreme or unforeseen operating
conditions requires further validation. Second, developing an efficient
online model update mechanism to adapt to the continuous aging of
individual fuel cell stacks is crucial for long-term application. Finally,
the micro-level quantitative correlation between the low-frequency
characteristics and specific physicochemical degradation mechanisms
also merits further investigation.
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