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Low-frequency Consensus Knowledge Transfer in PEM Fuel Cells
for Cross-Domain Online Degradation Prediction
Abstract:

Traditional time—frequency domain methods face critical limitations in predicting
voltage degradation of proton exchange membrane fuel cells (PEMFCs). Time-domain
models struggle to robustly separate long-term degradation-related low-frequency
trends from contaminated voltage signals under highly dynamic and non-stationary
conditions, while conventional frequency-domain analysis loses essential time-
localized information during feature extraction. Both approaches exhibit significantly
degraded prediction performance under limited data conditions. To overcome these
challenges, this paper proposes a time—frequency fusion algorithm that integrates
TimesNet with long short-term memory (LSTM), effectively combining 2D frequency-
domain representations with 1D temporal memory to enhance voltage degradation
prediction under dynamic conditions. Based on the capability of TimesNet-LSTM to
extract low-frequency voltage features, a transfer learning technique grounded in low-
frequency consensus knowledge (LCK-TL) is further developed. By selectively
transferring low-frequency voltage features that robustly reflect aging patterns, LCK-
TL considerably reduces distribution discrepancy between source and target domains,
achieving joint optimization of predictive modeling and transfer mechanisms.
Leveraging the inherently low computational cost of transfer learning, LCK-TL enables

rapid multi-step predictions while maintaining accuracy, providing effective guidance



for cross-device and cross-condition fuel cell health management.
Keywords: Proton exchange membrane fuel cell; Time-frequency fusion; Transfer
learning; Dynamic conditions; Online prediction

1. Introduction
1.1 Background and Literature Review

As a core technology in new energy systems, proton exchange membrane fuel cells
(PEMFCs) have become a critical solution for hydrogen-powered vehicles, UAV
propulsion, and stationary power generation due to their zero-emission characteristics,
high energy density, and rapid cold-start capabilities [1,2]. During continuous operation,
complex physicochemical changes within PEMFCs lead to nonlinear degradation of
stack output performance [3]. Effective prognostics and health management (PHM)
strategies are essential to ensure reliable operation and extend service life [4,5]. It is
noteworthy that the voltage degradation of PEMFCs serves as a comprehensive external
manifestation of the aging processes of its key internal components, directly reflecting
the decline in system output performance [6]. Therefore, predicting the voltage
degradation trajectory provides an effective means of assessing the overall performance
degradation state of the fuel cell [7].

Data-driven methods autonomously model nonlinear relationships between
performance degradation and multi-dimensional features by mining large-scale
historical operational data, eliminating reliance on complex physicochemical models

[8,9]. These methods have emerged as the dominant approaches for degradation



predictions. Among them, recurrent neural networks (RNNs) and their variants, with
inherent advantages in temporal dependency modeling, have become mainstream
solutions to PEMFC degradation forecasting [10,11]. He et al. [12] proposed a novel
health indicator extraction method by combining autoencoder and long short-term
memory (LSTM) to predict future PEMFC voltages. Wu et al. [13] introduced a
bidirectional gated recurrent unit (BiGRU) coupled with a voltage recovery model,
enabling online parameter updates via a moving window approach for effective
degradation predictions. While composite RNN architectures significantly improve
lifespan prediction accuracy, their ability to model time-varying correlations heavily
depends on large datasets [14]. In data-scarce scenarios, these models often converge
to local optima during training, leading to substantial prediction errors [15,16].

Most data-driven methods primarily focus on gradual degradation analysis of
PEMFC output voltage and power in the time domain [17-19]. However, time-domain
analysis struggles to characterize millisecond-level voltage transients under dynamic
conditions, limiting its effectiveness in capturing short-term anomalies [20]. To address
this issue, frequency-domain analysis has been progressively adopted for enhanced
dynamic responses. Wang et al. [21] extracted frequency-domain health indicators via
Hilbert transform and constructed a symbolic GRU model. Wu et al. [22] proposed an
energy-based frequency domain method using empirical mode decomposition and
power spectral density to extract health indicators. Wu et al. [23] developed TimesNet

for time-series prediction, mapping temporal signals into multi-period coupled



frequency representation spaces. This frequency-entangled feature learning mechanism
significantly enhances the joint modeling of long-range dependencies and transient
behaviors, offering a promising novel paradigm for PEMFC degradation prediction
under complex conditions. Sun et al. [24] processed voltage signals using Complete
Ensemble Empirical Mode Decomposition and analyzed the potential relationships
between voltage signals at different frequencies and fuel cell operating conditions.
Their work demonstrated the feasibility of investigating PEMFC aging mechanisms
from a voltage frequency-domain perspective. Meng et al. [25] systematically analyzed
electrochemical impedance spectra under different cathode stoichiometric ratios. They
found that the impedance response in the low-frequency region was significantly
correlated with concentration polarization loss. This highlights the high sensitivity of
low-frequency signals to mass transport processes. Further research indicates that the
intensification of concentration polarization loss is closely related to the decay of the
electrochemical active surface area and the increase in equivalent resistance. Together,
these two factors reflect the degradation of the membrane electrode assembly, which is
the most critical component during PEMFC aging.

To overcome data limitations in deep learning, transfer learning has gained
increasing attention [26]. It leverages knowledge from source domains to enhance
prediction performance in target domains with limited labeled data [27]. For instance,
Zhang et al. [28] combined deep temporal feature extraction with transfer learning,

achieving an improved accuracy and reduced computational costs. Yue et al. [29]



introduced a digital twin framework by integrating CNN-LSTM and transfer learning
for real-time degradation prediction under static and quasi-static conditions. Tang et al.
[30] developed a transfer learning-based online degradation prediction model by using
Transformer networks for quasi-static scenarios. Izadi et al. [31] built a WaveNet-GRU
architecture with transfer learning to assess PEMFC degradation across same-condition
and cross-device scenarios. However, most of the existing transfer learning models
focus on transferring knowledge between stacks under similar operating conditions. In
real-world dynamic environments, frequent current density fluctuations cause PEMFCs
to transition across ohmic, concentration and activation polarization regions [32]. This
multi-polarization switching induces dynamically non-stationary voltage signal
distributions, which deviates significantly from data patterns under static/quasi-
dynamic conditions. Consequently, traditional transfer strategies would fail to adapt to
cross-region feature drift, severely limiting generalization performance in complex

dynamic settings [33].
1.2 Research gap and contributions

Based on the literature review in Section 1.1, three critical challenges remaining in
PEMFC degradation predictions are summarized as below:

1) Existing methods predominantly rely on either time- or frequency-domain
feature representations, failing to capture the coupled relationships between transient
voltage fluctuations and low-frequency degradation trends under dynamic conditions.

2) Most approaches employ simple cascaded architectures where predictions and



transfer modules are separately optimized, which limits domain adaptation to post-hoc
compensation rather than embedding transfer-aware feature learning during model
training.

3) Traditional transfer learning assumes homogeneous distributions across
static/quasi-dynamic data, though dynamic operation of PEMFC in real world causes
time-varying non-stationary feature distributions across multiple polarization regions,
significantly undermining model robustness of existing methods.

To systematically address these challenges, this paper proposes a comprehensive
PEMFC performance prediction framework that deeply integrates time-frequency
modeling with transfer learning. The time-frequency fusion algorithm is first developed
to enable accurate degradation forecasting under dynamic conditions. By leveraging its
capability of low-frequency feature screening, a cross-domain consensus space is
constructed to mitigate inter-domain discrepancies during transfer learning. Then, the
low-latency characteristics of transfer learning are utilized to enable online multi-step
predictions across devices and operational settings. The main contributions of the work
include:

1) The TimesNet-LSTM algorithm is proposed to resolve cross-period modeling
challenges for non-stationary temporal signals under dynamic conditions through
complementary integration of two-dimensional (2D) frequency-domain representations
and one-dimensional (1D) temporal memory.

2) The LCK-TL technique is developed by innovatively leveraging the TimesNet-



LSTM’s capability of low-frequency feature analysis to mitigate inter-domain
discrepancies, establishing a joint optimization paradigm for prediction algorithms and
transfer learning.

3) The proposed TimesNet-LSTM algorithm together with the LCK-TL technique
enable knowledge transfer across PEMFC operating conditions and devices, providing
end-to-end support for lightweight online prediction applications.

The rest of the paper is structured as follows: Section 2 introduces the proposed
PEMFC degradation prediction framework including TimesNet-LSTM and LCK-TL,;
Section 3 outlines the data sources employed for model training and tests; Section 4
validates the performance of TimesNet-LSTM and LCK-TL in PEMFC degradation
predictions; and conclusions are presented in Section 5.

2. Methodology
2.1 PEMFC degradation prediction framework

The proposed PEMFC degradation prediction framework is illustrated in Fig. 1.
Experimental data partitioning is first performed by defining the non-dynamic
condition dataset from the IEEE PHM 2014 Data Challenge as the source domain, while
the dynamic condition data from the Greenlight 20 (G20) test station is designated as
the target domain. Then, a novel predictive algorithm is developed by integrating the
2D frequency-domain representation advantages of TimesNet with the 1D temporal
memory characteristics of LSTM, with the superiority of the TimesNet-LSTM

architecture being validated across multiple dimensions. Building on the cross-



condition robustness of low-frequency degradation features extracted by the
TimesBlock module within TimesNet-LSTM, the TimesNet-LSTM algorithm is
combined with transfer learning (TL) techniques, forming an innovative low-frequency
consensus knowledge transfer learning (LCK-TL) method to mitigate the prediction
accuracy reductions caused by inter-domain discrepancies. Finally, an online PEMFC
degradation prediction model supporting cross-condition and cross-device scenarios is

established based on the proposed framework.
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Fig. 1. Schematic of the proposed online PEMFC degradation prediction framework.
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2.2 Time-frequency feature fusion algorithm

The proposed time-frequency fusion algorithm, TimesNet-LSTM, integrates the
frequency-domain representation of TimesNet with the temporal modeling of LSTM
through sequential architecture. Specifically, the TimesBlock employs the Fast Fourier
Transform (FFT) to map temporal signals into the frequency domain, where periodic
patterns of signals are extracted by multi-scale Inception convolutions. The processed
features undergo dimensionality reshaping prior to being adaptively fused with original
temporal signals. The flattened hybrid features are then fed into LSTM layers to capture
long-term dependencies under dynamic conditions, while subsequent dense layers
generate voltage predictions based on complementary time-frequency characteristics.
In summary, TimesNet is responsible for extracting features in the local and frequency
domains, while LSTM captures long-term trends in the global and temporal domains.
Together, they enable the accurate characterization of complex degradation processes
under dynamic operating conditions. The architecture of TimesNet-LSTM’s fusion

mechanism is depicted in Fig. 2.
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Fig. 2. Architecture of TimesNet-LSTM mechanism for time-frequency fusion.
2.2.1 TimesNet

The TimesNet analyzes PEMFC voltage signals from a novel 2D perspective. The



1D time series is extended into 2D space through its TimesBlock modules, integrating
time series analysis with powerful 2D processing architectures from computer vision.
The architecture employs Inception module to process 2D tensors, utilizing 2D
convolutional kernels of varying sizes to expand receptive fields and enhance model
robustness. This approach overcomes the limitations of traditional 1D convolutions by
simultaneously capturing intra-period and inter-period temporal variations, thereby
significantly improving modeling capabilities. This 2D time-varying modeling
capability enables TimesNet to robustly extract features from highly non-stationary and
dynamic PEMFC voltage signals. The high-quality features it provides establish a solid
foundation for the subsequent LSTM temporal memory module. The network structure
of the TimesNet is shown in Fig. 3, where its primary workflow consists of the
following four steps:

Step 1: Frequency and periodic information extraction:

The periodicity of time series in temporal dimension is calculated by using the FFT:
A= Avg(AMP(FFT(X,))) (1)

{f.,.... f .} =argTopk(A) ()

e )
D, {H. il k) (3)

where the operator FFT(-) denotes the FFT; Amp(-) computes the amplitude spectrum;
and Avg(+) calculates the mean value across c-dimensional features. The term 4 € R”

represents the intensity of each frequency component in Xip. The top k£ amplitudes
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(Topk) are then selected to obtain the most significant frequencies {fi,..., fi} with

unnormalized amplitudes, which correspond to & periodic lengths {p1,..., pi}.
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Fig. 3. The network structure of TimesNet.
Step 2: 2D tensor transformation:

The key periodic components and their corresponding frequencies captured by FFT
are converted into 2D tensors to represent temporal variations in 2D space. The
transformation process is formulated by:

Xt = Reshape,, (Padding(X,5)).i€{L....k} 4)
where Padding(-) denotes zero-padding along the temporal dimension to ensure
compatibility with Reshapey,/(-) where p: and f; indicate the row and column dimensions
of the transformed 2D tensor, respectively. The term X, represents the i-th
reconstructed temporal sequence based on frequency f.

Step 3: 2D convolutional feature extraction:

The 2D tensor X, is then processed by the parameter-efficient Inception(+) to

capture multi-scale spatiotemporal patterns, with the use of 2D convolutions for

information extraction:

11



X3! = Inception(X 31 (5)
Step 4: Conversion of 2D Tensors to 1D Space:
The processed 2D tensor is subsequently transformed back into 1D representations,
followed by frequency importance-based weighted fusion:
X5 =Trunc(Reshape, , ;,(X35)) (6)
where Trunc(-) denotes the operation that truncates the padded sequence from Step 1 to

its original length.
222 LSTM

LSTM is a specialized recurrent neural network (RNN) architecture, primarily
designed for processing and forecasting time series data [34]. By incorporating memory
cells and gating mechanisms, LSTM selectively retains and discards long-term
dependencies, thereby enhancing prediction accuracies for temporal dynamics. The

computational formulations governing the gating mechanisms within LSTM are

formulated by:
fo=c (W, -[h.x]+b,) (7)

= (W [h.x]+b) (8)

C, = f *C_, +i *C, 9)

O =o(W,-[hx]+b,) (10)

h =0, *tanh(C,) (11)

where fi, ir, Cr and O: represent the forget gate, input gate, cell state and output gate,

respectively; x: denotes the input at the current time step; /: denotes the hidden state;
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o() and tanh(-) represent the Sigmoid and hyperbolic tangent activation functions,
respectively; Wy, Wi and W, are weight matrices; and the bias vectors by, bi and b,
correspond to each gating mechanism.

2.3 Time-frequency fusion and knowledge transfer
2.3.1 Transfer learning

Transfer learning aims to enhance target domain prediction by leveraging source
domain knowledge, a technique successfully applied to cross-scenario applications like
wind power forecasting and photovoltaic output analysis, demonstrating its adaptability
to non-stationary time-series data [35]. Given source domain data Ds= {(x}, }), (x5, ¥
)sevns (7, ¥9)}Y and target domain data Dr= {(x, 1), (x3, )5),..., (x/, ¥/} 1, where
(%, y;) and (xj,y;) denote feature-prediction sequence pairs, the core of transfer
prediction lies in extracting transferable feature representations and latent patterns from
Ds, then adaptively transferring them to D; with distribution shifts, thereby improving
target domain prediction under limited samples.

For PEMFC degradation prediction, transfer learning establishes a cross-scenario
lifespan prediction model by constructing a fuel cell system degradation knowledge
base from passenger vehicles to commercial vehicles. This approach enables
generalized prediction using a single pre-trained model, eliminating per-task retraining

while mitigating accuracy degradation caused by insufficient initial operational data.
2.3.2 Low-frequency consensus knowledge

In the context of PEMFC degradation prediction, the voltage signal represents a

superposition of the aging trend and fluctuations due to dynamic operating conditions.

13



High-frequency components are typically dominated by rapid load transients and
random noise. Consequently, they are highly sensitive to specific operating conditions.
In contrast, low-frequency components characterize the gradual degradation caused by
intrinsic physicochemical aging mechanisms. This degradation pattern demonstrates
consistency across different devices and operating conditions. Therefore, these low-
frequency features form a body of consensus knowledge that is robust to domain shifts,
providing a reliable foundation for transfer learning.

During transfer learning, distribution shifts between the source and target domains
cause traditional temporal models to fail due to feature mismatches during knowledge
transfer. To reduce data distribution discrepancies between the source and target
domains, this paper proposes a low-frequency consensus knowledge transfer learning
(LCK-TL) technique. LCK-TL achieves cross-domain generalization through the
tripartite coupling of the TimesBlock module, kernel density estimation (KDE),
maximum mean discrepancy (MMD), and transfer learning. Specifically, the
TimesBlock module adjusts the top k parameter to select voltage low-frequency data
from the source and target domains. Subsequently, KDE-MMD is applied to quantify
the distribution differences between the two domains and identify consensus low-
frequency voltage features. Finally, TimesNet-LSTM is trained based on low-frequency
consensus knowledge to obtain a pre-trained model for transfer prediction. The cross-

domain generalization workflow of LCK-TL is illustrated in Fig. 4.
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KDE is a non-parametric method that applies kernel smoothing to probability
density estimation, using a kernel as the weighting function to estimate the probability
density function of a random variable. Compared to traditional histogram-based
estimation, KDE introduces differentiable kernel functions to model probability density
in continuous space, effectively overcoming information loss caused by discrete
binning. In domain adaptation analysis, this method visualizes statistical differences by
constructing probability density distribution surfaces for the source and target domains.

The primary KDE formula is as follows:
1&, X=X,
f(x)=—) K(——— 12
(x) nh; ) (12)

where f(x) represents the probability density estimate at point x, K(-) is the kernel
function, /4 is the bandwidth parameter, and # is the sample size.

MMD can capture complex nonlinear structures and patterns in time-series data,

15



enabling more accurate data distribution measurement and pattern matching, thus being
applicable for calculating distribution differences between source and target domains
[36]. Meanwhile, based on the calculation results of MMD, a similarity S is proposed
to quantitatively assess the inter-domain differences. The calculation formulas for

MMD and similarity S are as follows.:

2

1300013 pixt) (13)

N o N =

MMD%XyXJ%

1
S= .
1+ MMD?(X_, X,)

(14)

where Xs and X; respectively represent the probability distributions of the source and
target domains, x, and x; are samples from their respective domains, ns and n; are sample
quantities, and ¢(+) is the mapping function. The closer S is to 1, the smaller the inter-
domain difference; the closer it is to 0, the greater the difference.

3. Experimental data preprocessing
3.1 IEEE PHM 2014 Data Challenge

The aging experiment was conducted on two fuel cell stacks, each comprising 5
single cells with an active area of 100 cm? per cell [37]. Fuel Cell 1 (FC1) operated
under a static load (current density = 0.7 A/cm?) for 1154 hours, while Fuel Cell 2 (FC2)
underwent pseudo-dynamic loading at the same current density (frequency = 5 kHz,

current ripple = 10%) for 1020 hours [38]. Their maximal current density is 1 A/cm?.
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Fig. 5. Filtered voltages of (a) FC1 and (b) FC2.

Table 1 presents the ranges of physical parameters involved in the experimental
setup for FC1 and FC2. Raw voltage data is preprocessed with a sampling rate of 3 data
points per hour, followed by smoothing via the moving average method. The resulting
voltage degradation trajectories of FC1 and FC2 are shown in Fig. 5.

Table 1 Range of physical parameters controlled (FC1 and FC2).

Parameter Value range

Cooling flow 0~ 10 L/min
Cooling temperature 20~80C
Gas humidification 0~ 100 % RH

Gas temperature 20~80C
Air flow 0 ~ 100 L/min
H, flow 0~ 30 L/min
Gas pressure 0~ 2 bar
Fuel cell current 0~300A

3.2 Dynamic operational data from G20 test station

The dynamic operational data was obtained from experiments conducted on the G20
test station, with the fuel cell stack designated as FC3 [39]. The single fuel cell has a
seven-layer (five-layer and two-sub-gasket layers) structure, which is mainly designed

for automotive applications. The basic technical parameters of the FC3 are listed in

17



Table 2. Specific operational parameters are presented in Table 3.

Table 2 Basic technical parameters of ingle cell (FC3).

Parameter Value
Rated current (A) 35.6
Cell activate area (cm?) 5*5
Thickness of membrane (mm) 0.015
Radius of Pt particle (nm) 3.2
Thickness of CL (mm) 0.006-0.008

Pt loading of the anode (mg*cm™?)  JM Pt/C 0.1
Pt loading of the cathode (mg*cm™) JM Pt/C 0.4
Pt/C catalyst loading (%) Pt (20-50)

The experiment comprised 3076 dynamic load cycles (FC-DLC) over 1008 hours.
Each cycle consists of nine tests at different load currents, corresponding to 0%, 5%,
12.5%, 26.7%, 29.2%, 41.7%, 58.3%, 83.3%, and 100% of the rated operating current.
Every 304 FC-DLC cycles, the system underwent a 12-hour shutdown period where
FC3 rested while the G20 station was offline, followed by polarization testing before
resuming durability testing.

Table 3 Optimal parameters for PEMFC operation (FC3).

Parameter Value
Temperature (C) 85
Anode RH (%) 50
Cathode RH (%) 80
Air stoichiometry 3.5

Reactant inletpressure (KPa) 110

18
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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) and Coefficient of

Determination (R?).

Rl\/lSlzz\/%i(yi_yi)2 (15)

i=1

N
MAPE = @Dz
i=1

S (16)

Yi—Yyi
Yi

RP=1-2— (17)

where N is the number of test data, y: is the real value, and y; is the predicted value.
4. Results and discussion

This section first validates the superiority of the time-frequency fusion algorithm
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in predicting PEMFC performance degradation across multiple dimensions. For cross-
domain voltage data, the LCK-TL technique proposed in Section 2.3.2 is adopted to
address data distribution discrepancies between the source and target domains. Finally,
the transfer prediction performance under cross-operational conditions and cross-
device scenarios is discussed, achieving online prediction in dynamic operating
environments. The processor of device is the 12th Gen Intel(R) Core(TM) 15-12500H.
The Python version used is 3.11.
4.1 Validation of time-frequency fusion mechanism

During PEMFC operation under sufficient fuel supply, long-term aging of internal
components manifests as voltage decay and output performance degradation. Different
voltage frequency bands exhibit distinct impacts on fuel cell components and aging
consequences. The low-frequency band (0.01 Hz—1 Hz), containing over 70% of aging-
sensitive features, is critical for characterizing degradation trends. These features
encompass dominant aging processes such as water transport in gas diffusion layers and
membrane hydration [40]. This section analyzes the effectiveness of the time-frequency

fusion mechanism in TimesNet-LSTM.
4.1.1 Interpretability of time-frequency fusion

The TimesBlock module adaptively extracts dominant low-frequency features
from PEMFC voltage signals by adjusting the fop k parameter. Fig. 7 illustrates the
frequency feature extraction and reconstruction processes for three operational datasets.

Compared to the steady-state operation of FC1 and FC2, dynamically loaded FC3
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exhibits steeper spectral peaks due to transient conditions, yet all three datasets
demonstrate primary energy concentration in the low-frequency band. Low-frequency
voltage features fluctuations inherently correlate with core PEMFC mechanisms, where
amplitude-frequency characteristics are governed by membrane hydration dynamics
and proton conduction efficiency, quantitatively reflecting the intrinsic timescales of
electrochemical responses. Notably, residual high-frequency components in FC3
indicate incomplete smoothing of stochastic noise or transient fluctuations during
preprocessing. The fop k optimization mechanism in TimesNet-LSTM suppresses such

interference, enabling robust assessment of PEMFC performance degradation.
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Fig. 7. Frequency-domain 2D tensor transformation.
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4.1.2 Superiority validation of TimesNet-LSTM

This section selects dynamic operational data (FC3) to analyze the prediction
performance of TimesNet-LSTM. Reference [23] extensively compares TimesNet with
over ten advanced algorithms, including RNN-based, CNN-based, and Transformer-
based models, validating its superiority across short-term and long-term prediction
tasks. Therefore, this section primarily contrasts the superiority of TimesNet-LSTM

with TimesNet.

Table 4 Hyperparameter setting of TimesNet module.

e layers  batch size d_model d ff num_kernels  dropout
32 32 32 6 0.1

Model parameter

The models are trained using training ratios of 0.5, 0.6, 0.7, and 0.8. For TimesNet,
the input sequence length and number of iterations are both set to 60, while other
hyperparameters follow the default configuration validated by Wu et al. [23] across
multiple time-series forecasting tasks (in Table 4). The remaining hyperparameters

were determined through extensive ablation studies.
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Fig. 8. Predictions of TimesNet-LSTM under different training ratios.

Fig. 8 presents the prediction results on the FC3 dataset. Under different training
ratios, both models effectively capture key voltage extremes and follow the overall
degradation trend. However, in regions with pronounced dynamic fluctuations,
TimesNet exhibits noticeable phase lag when detecting abrupt voltage changes, due to
its lack of a temporal gating mechanism. In contrast, TimesNet-LSTM substantially
mitigates such deviations through the gated forgetting mechanism of LSTM,
confirming that temporal memory enhances frequency-domain analysis. Further
analysis reveals that the time-frequency collaboration in TimesNet-LSTM leads to more
consistent tracking of voltage trends. As per Table 5 (training ratio = 0.8), TimesNet-
LSTM reduces RMSE and MAPE by 9.7% and 39.9%, respectively, compared to
TimesNet. The aforementioned results demonstrate the superior prediction performance
of TimesNet-LSTM across varying training ratios. The following analysis validates the
superiority of TimesNet-LSTM through different prediction steps, with a fixed training

ratio of 0.5 and step sizes of 5, 10, 50, and 100, using RMSE as the evaluation metric.
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Table 5 Comparison of prediction accuracy (FC3).

Training ratio Model RMSE MAPE
TimesNet 0.01841 1.13575

02 TimesNet-LSTM 0.01732 1.06541
TimesNet 0.01773 1.01931

0 TimesNet-LSTM 0.01631 0.72943
TimesNet 0.01663 1.18904

07 TimesNet-LSTM 0.01432 0.6982
TimesNet 0.01503 1.08745

08 TimesNet-LSTM 0.01357 0.65371

As shown in Fig. 9, prediction accuracy declines for both models as the step size
increases. However, TimesNet-LSTM consistently outperforms TimesNet at identical
step sizes. Furthermore, TimesNet-LSTM achieves the smallest error area, highlighting

its robust prediction stability.

TimesNet
TimesNet-LSTM

Step=100 - " Step=5

Step=50 Step=10

Fig. 9. Predictions of TimesNet-LSTM under different inputs.

In summary, TimesNet-LSTM delivers enhanced prediction performance through
its  time-frequency collaboration mechanism. Multi-dimensional analyses
comprehensively validate the synergistic representation advantages of the dual-stream
architecture for degradation features, underscoring the superiority of the time-
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frequency fusion in TimesNet-LSTM. Compared to TimesNet, TimesNet-LSTM

reduces RMSE and MAPE by 5.9%—13.9% and 6.2%—41.3%, respectively.
4.2 Low-frequency consensus knowledge-based transfer learning

To validate the transfer effectiveness of the LCK-TL model, FC1 and FC2 are
assigned as the source domain, while FC3 serves as the target domain. The S metric
quantifies inter-domain similarity under varying top k values, where a score
approaching 1 indicates higher distribution discrepancies.

Table 6 The S values under different combinations.

The value of fop_k Source: FC1 Source: FC2
a Target: FC3 Target: FC3

0 (Origin data) 0.875 0.854

1 - -

2 0.999 0.999

3 0.889 0.842

4 0.941 0.891

5 0.927 0.985

6 0.897 0.987

7 0.892 0.986

The quantitative results are presented in Table 6. Setting top k to 1 restricts feature
extraction to the 0 Hz DC component, which corresponds to the signal mean. Under
this condition, the extracted features cannot adequately represent the periodic
characteristics of the voltage time series. Therefore, quantitative analysis is not
performed. Additionally, raw data exhibits the most significant domain shifts (fop k =
0) due to inherent differences between steady-state and dynamic conditions. Conversely,
the value of S peaks at top k = 2, demonstrating effective alignment of dominant

frequency fluctuation features between domains, thereby bridging feature distribution
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discrepancies across operating conditions and providing optimal frequency-domain
feature selection for cross-domain transfer models. To validate the optimization effect
at top_k =2, 2D feature distribution visualization is performed via the KDE module in
LCK-TL. Fig. 10(a) reveals significant distribution shifts between the steady-state
source domain and dynamic target domain in raw data. After LCK-TL feature

reconstruction, Fig. 10(b) shows highly overlapping cross-domain distributions.
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Fig. 10. Distribution results of LCK-TL.

The distribution visualization and quantitative S values objectively characterize the
distribution discrepancies between domains. The key contribution of the LCK-TL is its
capability to actively construct a consensus feature space that mitigates the impact of
these inherent cross-condition variations. The highly overlapping distributions after
processing demonstrate that LCK-TL effectively identifies and aligns domains by
extracting domain-invariant low-frequency features, rather than merely compensating
for a severe shift. These results confirm that the proposed method enhances the
robustness and stability of the prediction model against operational distribution changes,

significantly improving the cross-domain generalization capability compared to
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traditional TL methods.
4.3 Cross-condition and cross-device transfer prediction

This section implements cross-condition and cross-device transfer prediction via
transfer learning, where FC1 and FC2 serve as source domain data, and FC3 as the
target domain. Under basic transfer learning, the source models trained on FC1 and FC2
are designated as TL: and TL2. For LCK-TL, the corresponding models are LCK-TL,
and LCK-TLz. The prediction performance of LCK-TL and basic TL is first compared
in offline prediction mode, followed by an investigation of online prediction under

dynamic conditions.
4.3.1 Offline prediction based LCK-TL

Building on the validity of LCK-TL demonstrated in Section 4.2, this section
simulates offline prediction applications via single-step forecasting to further analyze
LCK-TL’s performance under dynamic conditions. Using FC2 as the source domain

and FC3 as the target domain, Fig. 11 compares the prediction results of direct training,

TL2, and LCK-TLo.
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Fig. 11. Offline prediction results of TL2 and LCK-TL>
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As shown in Fig. 11(b), the TimesNet-LSTM model without transfer learning
exhibits significant prediction deviations under 10% training data, particularly during
rapid load changes in late-stage dynamic operations. Additionally, the extended training
time fails to meet online prediction timeliness requirements. LCK-TL2 eliminates the
need for model training on the target domain, thereby reducing the computational cost
to solely the inference time during the prediction phase. Although LCK-TL2 introduces
a 2-second latency due to cross-domain feature alignment, it increases R? by 12.1% and
reduces RMSE and MAPE by 42.1% and 54.8%, respectively, through low-frequency
consensus feature extraction. Thus, LCK-TL achieves significant accuracy
improvements while retaining the inherent low-latency advantages of transfer learning.

Table 7 Performance of each prediction model under dynamic conditions.

Model RMSE MAPE R? Runtime (s)
TL; 0.04050 3.13822 0.801 2.63
TL, 0.03227 2.09538 0.851 2.78

LCK-TL; 0.01909 0.93696 0.952 491
LCK-TL, 0.01868 0.94722 0.954 4.88

Table 7 compares the prediction accuracy of TL1, TL2, LCK-TLi, and LCK-TL>
models. The data indicate that the LCK-TL framework consistently achieves optimal
performance, which is attributed to its domain-invariant feature mining mechanism via
low-frequency consensus knowledge transfer. Notably, TL1 and TL2 exhibit significant
fluctuations in prediction deviation, with a difference in R* of 6.2%. This result
highlights the high sensitivity of traditional transfer learning to discrepancies between

source and target domain distributions. In contrast, performance variations among
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LCK-TL models converge within 0.2%.

By extracting cross-domain invariant low-frequency features, LCK-TL
simultaneously attenuates domain discrepancies and enhances source domain
universality, enabling the construction of generalized degradation prediction
architectures without requiring specific source domain selection. This provides

theoretical guarantees for the rapid deployment of online prediction systems.
4.3.2 Online prediction under dynamic conditions

Online prediction requires timely assessment of future operational fluctuations. As
traditional single-step prediction lacks anticipatory capability for dynamic processes,
this section validates LCK-TL’s online prediction results via multi-step forecasting
simulations. Based on the offline prediction analysis of LCK-TL in Section 4.3.1, LCK-
TL: is selected as the source model. Unlike Section 4.3.1, LCK-TLz: is trained in multi-
step prediction mode. Fig. 12 illustrates the online prediction results of LCK-TL> at a

prediction step size of 50 and 80.
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As shown in Fig. 12(a), LCK-TL2 demonstrates strong temporal extrapolation
capability at 50 steps, achieving R?=0.929 (only 2.6% degradation compared to single-
step prediction), indicating effective suppression of error accumulation in multi-step
forecasting. At 80 prediction steps, LCK-TL2 maintains high accuracy with an R? of
0.911. However, it does not fully capture voltage trends during abrupt load drops, as
visible in the shaded regions. Performance further declines at 100 steps, where the R?
value drops to 0.788, as summarized in Table 8. Importantly, computational efficiency
remains stable, with inference times consistently under 5 seconds, meeting typical
real-time requirements. Considering FC3’s sampling frequency and dataset scale, these

results validate LCK-TL2’s engineering applicability for online tasks.

Table 8 The prediction performance of LCK-TL:2 under different step sizes.

Step RMSE MAPE R? Cost time(s)
1 0.01868 0.94722 0.954 4.88
5 0.02189 1.44959 0.943 4.73
10 0.02048 1.55654 0.941 491
50 0.02255 1.73519 0.929 4.94
80 0.02553 1.88886 0.911 4.92
100 0.03919 3.09689 0.788 4.89
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To further validate the predictive performance of LCK-TL over longer operating
durations, this section evaluates its performance using durability test data from the first
50 hours and the first 100 hours. Each 50-hour segment contains nearly 180,000 data
points. Furthermore, since Table 8 has comprehensively discussed the impact of
prediction step size on performance, a step size of 10 is selected here to verify the

prediction accuracy of LCK-TL under these experimental conditions.

1.0 T T T T T 1'0 T T
True LCK-TL, True ——LCK-TL,
09} 0.9
508 1508
207 {Z07
061} {1 o6
05 : 05

10 20 30 40 50 0 20 40 60 80 100

o
Time (h) Time (h)
(a) the data length of 50h (b) the data length of 100h

Fig. 13. Prediction results under data lengths of 50h and 100h.

As shown in Fig. 13, LCK-TL: effectively captures the voltage variation trend even
during extended PEMFC operation. Regarding error metrics, for a data length of 50
hours, LCK-TL> achieves an RMSE of 0.0239 and an MAPE of 1.3731. For a data
length of 100 hours, the RMSE and MAPE of LCK-TL: are 0.0241 and 1.3691,
respectively. These values are comparable to the prediction errors obtained with a 1-
hour data length. In terms of R?, the values are 0.928 and 0.927 for data lengths of 50
and 100 hours, respectively, demonstrating a good model fit. The above analysis

indicates that LCK-TL maintains robust transfer prediction performance across
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different data lengths.
4.4 Advanced analysis with cutting-edge methods

To thoroughly validate the effectiveness of LCK-TL in predicting PEMFC
degradation, this study conducts a comprehensive comparison with several state-of-the-
art transfer learning methods. Given the relative scarcity of transfer learning studies
under dynamic fuel cell conditions, the experiments adopt a transfer task with FC1 as
the source domain and FC2 as the target domain, aligning with evaluation settings
commonly used in existing literature.

In addition to comparing the prediction accuracy of voltage degradation trajectories,
this section introduces the relative error (RE) of RUL as an evaluation metric to more
comprehensively assess the engineering practicality of each method. To ensure a fair
comparison, all compared methods employ the best performance results reported in
their respective original studies and are evaluated uniformly under the same transfer
task. It is worth noting that differences exist in the test data length and end-of-life (EoL)
threshold settings used in RUL evaluation across different methods. This study uses the
ground-truth RUL values as a benchmark to ensure the fairest possible comparison.

Table 9 Comparative prediction results based on different prediction methods.

Method RMSE TRUERUL (h) Pred RUL(h) RUL RE (%)
0.00196 225 221 1.78
LCK-TL 0.00212 325 329 1.23
0.00233 425 419 1.41
TLTNN [30] 0.00598 - - -
FT-LSTM [28] 0.00640 - - -
Bi-LSTM-AM [41]  0.00303 236 232 5.04
MT-CNN-BiLSTM [42]  0.00245 225 208 7.11
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FT-CNN-BiLSTM [42]  0.00239 225 209 7.56
HTL-CNN-BiLSTM [42] 0.00218 225 226 0.44
LQLSTM [43] 0.00260 224 221 1.33

Table 9 presents the prediction accuracy and RUL estimation errors of all methods.
In the evaluation with a true RUL of 225 h, the proposed LCK-TL method consistently
achieves the lowest RMSE in voltage prediction, while its RUL estimation error
remains second only to the LQLSTM method. To rule out randomness and examine
generalizability, further validation is performed under scenarios with true RUL values
of 325 h and 425 h. The results demonstrate that although the accuracy of LCK-TL
slightly decreases as the prediction horizon increases, its overall performance remains
significantly superior to the best results obtained by existing methods over shorter
prediction ranges. Moreover, the RUL estimation error consistently stays within 2%. In
conclusion, these comparative results fully demonstrate the superiority and stability of
the LCK-TL method in PEMFC aging prediction and lifespan assessment.
5. Conclusion

This study addresses the challenge of small-sample transfer in PEMFC degradation
prediction under dynamic conditions by proposing an innovative architecture that
integrates time-frequency fusion with collaborative transfer learning. The approach
achieves theoretical breakthroughs in dynamic characterization, cross-domain
generalization, and online prediction efficiency. At the algorithmic level, the TimesNet-
LSTM network is developed to overcome the limitations of single-domain prediction
methods. By integrating its low-frequency feature extraction capability with transfer

learning, the LCK-TL technique is introduced to enable generalized prediction across
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varying operating conditions and devices. Leveraging the rapid-response and low
computational advantages of transfer learning, the proposed method enables efficient
multi-step online prediction. Key findings are summarized as follows:

1) The TimesNet-LSTM architecture combines TimesNet’s multi-period
frequency-domain representation with LSTM’s temporal dynamic memory mechanism.
Compared to TimesNet, TimesNet-LSTM reduces RMSE and MAPE by 5.9%—13.9%
and 6.2%-41.3%, respectively.

2) LCK-TL effectively reduces inter-domain data distribution discrepancies by
extracting low-frequency consensus knowledge from PEMFCs. Compared to
traditional transfer learning techniques, LCK-TL improves R* by 12.1% and reduces
RMSE and MAPE by 42.1% and 54.8%, respectively.

3) Compared to the strong sensitivity of traditional transfer learning to source-
target domain distribution differences (R* difference reaches 6.2%), the performance
variations among LCK-TL models converge within 0.2%. LCK-TL effectively achieves
domain discrepancy attenuation and enhanced source domain universality without
requiring specific source domain screening, enabling the construction of generalized
prediction architectures.

4) LCK-TL maintains robust prediction performance within 100 steps, with
computational costs consistently below 5 s. These results validate the feasibility of
LCK-TL for rapid deployment in online prediction systems.

Although this study achieves fast and accurate prediction under cross-device and
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cross-operating-condition scenarios, there remains a gap between the experimental

conditions of the testing platform and real-world vehicular environments. Additionally,

performance degradation is observed in multi-step predictions with extra-long horizons.

In the future, we will focus on developing an adaptive feature selection algorithm to

achieve self-calibration for inter-domain discrepancies. This will further enhance the

feasibility of deploying cross-domain online prediction in real vehicular environments.
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