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Abstract: Accurately predicting long-term degradation patterns in proton exchange membrane fuel cell stacks (PEMFCs) under
automotive operating conditions remains challenging. Prediction methods are largely constrained by laboratory-scale experiments
and limited stack sizes, resulting in insufficient accuracy and generalization capability. To address these limitations, in this paper
we propose a multi-scale bidirectional fusion network (MBFNet) tailored for an industrial 215-channel PEMFC stack, enabling
accurate degradation prediction under accelerated real-world dynamic conditions using gas—heat—electricity (GHE) co-simulation
data. A channel-joint adaptive noise correlation threshold (NCT) algorithm is introduced to account for variable correlations across
sensors and operating conditions without relying on prior physical modeling. A multi-scale decomposition module captures
degradation dynamics at different temporal scales, while a bidirectional fusion module integrates global trends and local details
into the final prediction. Experimental results showed that MBFNet achieved 18.5% lower prediction error and 36.8% fewer
parameters than the LSTM-Attention benchmark under real operating scenarios. In multi-step prediction tasks, MBFNet reduced
error by 9% relative to LSTM-Attention and by 40.5% relative to 1D-CNN, better satisfying automotive application requirements.
Moreover, MBFNet exhibits strong physical interpretability, making it efficient to implement and promising for practical
deployment.
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1 Introduction commercialization remains constrained by durability

issues. Under real automotive conditions, degradation

Proton exchange membrane fuel cells (PEMFCs)
represent a pivotal technology for directly converting
hydrogen’s chemical energy into electricity, with
strong potential for decarbonizing the transportation
sector (Shin etal., 2023; Chen et al., 2022). Compared
with lithium batteries, PEMFCs offer zero emissions,
rapid refueling, and excellent cold-start capability,
making them attractive for range-demanding
applications such as heavy-duty trucks and cold-chain
logistics (He et al, 2024). However,
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is often 3-5 times faster than in controlled laboratory
tests, substantially increasing lifecycle costs (Chen et
al.,, 2019). This acceleration is driven by rapidly
varying  operating profiles—start/stop cycles,
dynamic load fluctuations, and environmental
changes—which induce complex failure mechanisms
including catalyst layer detachment, membrane
degradation, and bipolar plate corrosion (Ma et al.,
2023; Tian et al., 2022). Therefore, accurate lifetime
prediction is essential for effective prognostics and
health management (PHM) and for improving
durability while reducing costs in automotive
applications (Liu et al., 2019).

Despite substantial progress, a notable gap
persists between laboratory studies and engineering
requirements, mainly due to three limitations. (1)
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Stack size: most studies focus on stacks with fewer
than 50 cells, overlooking large-stack effects such as
bipolar plate contact pressure heterogeneity and flow
distribution fluctuations (Tian et al., 2025). This
restricts understanding of multi-physics coupling in
industrial-scale  stacks (>200 cells), where
degradation rates can vary by up to 30% (Benaggoune
et al., 2022). (2) Operating condition bias: simplified
laboratory protocols (e.g., constant/cyclic loads) fail
to reflect environmental variability and dynamic-
load-induced phenomena such as microchannel
deformation during rapid current transients (Zuo et al.,
2021). (3) Noise coupling: turbulent pulsation
increases inlet-side sensor noise by from 20 to 40%
relative to the outlet, and conventional denoising may
reduce the effective signal mutual information by up
to 15% (Benaggoune et al., 2022; Wang et al., 2023).
Together with an overreliance on voltage/current
monitoring that neglects coupled variables (e.g.,
pressure and temperature), these issues hinder
multi-physics degradation modeling. Consequently,
prediction errors in real scenarios can be 3—5 times
higher than laboratory benchmarks (Zuo et al., 2021),
highlighting the need for models that exploit
high-fidelity and multi-variable data.

Efforts to predict PEMFC lifetime can be
broadly categorized into model-driven and
data-driven approaches, each with distinct principles
and limitations. Model-driven methods, including
physical-mechanistic, empirical, and semi-empirical
models (Chen et al, 2022), provide strong
interpretability by explicitly linking degradation
behavior to physical or empirical mechanisms.
Representative studies have identified key failure
pathways under automotive conditions, including
membrane hydrogen crossover, catalyst layer
structural degradation, membrane radical attack, Pt
catalyst degradation, and carbon corrosion (Liu et al.,
2014) (Ren et al., 2020). To improve prediction
accuracy under  uncertainty, filtering-based
techniques have been widely adopted. Wang et al.
(2021) combined polarization resistance modeling
with particle filtering to enhance generality and
accuracy, while Jouin et al. (2014) and Bressel et al.
(2014) used particle filtering and extended Kalman
filtering, respectively, to dynamically estimate
degradation trends and time-varying parameters.
Although these approaches have been validated

through long-term durability tests, model-driven
methods still face challenges in parameter
identification and computational scalability when
addressing strong multi-physics coupling and
material degradation in automotive environments.

In contrast, data-driven approaches bypass
explicit mechanistic modeling and directly learn
degradation patterns from operational data, spanning
probabilistic frameworks and machine learning
algorithms. Traditional machine learning models have
been widely applied, including artificial neural
networks (ANN) for small-scale PEMFCs
(Wilberforce et al., 2021) and Relevance Vector
Machine (RVM)-based degradation prediction for
limited training datasets (Wu et al., 2016). To improve
computational efficiency, Zhou et al. (2022) showed
that extreme learning machines (ELM) can accelerate
training - while detecting degradation from basic
sensor signals. Despite these advantages, data-driven
methods generally require large, high-quality datasets
and remain sensitive to noise and sensor drift, while
offering limited physical interpretability. To mitigate
these limitations, hybrid-driven approaches have
emerged. Zhou et al. (2017) integrated multi-physics
aging models with particle filtering to incorporate
mass transfer and ohmic loss mechanisms. Cheng et
al. (2018) combined operational data with empirical
models via unscented Kalman filtering to enhance
robustness under automotive conditions.

Deep learning methods for PEMFC lifetime
prediction have increasingly focused on recurrent
neural networks (RNN) and their variants due to their
suitability for time-series modeling. Early advances
used enhanced recurrent architectures to improve
temporal dependency learning. Ma et al. (2018)
introduced Grid Long Short-Term Memory (G-LSTM)
networks for PEMFC degradation prediction,
achieving less than 5% error across 1.2-25 kW stacks
under multiple operating conditions while enabling
online deployment. Yi et al. (2025) further proposed
Matrix-LSTM, which leverages exponential gating
and matrix memory to address long-range
dependence in high-dimensional degradation data
while supporting parallel computation. Nevertheless,
standard RNN-based models suffer from three
inherent limitations: increasing computational burden
and error accumulation with longer sequences,
insufficient separation of recoverable dynamics from



irreversible degradation, and limited capability to
capture multivariate feature correlations.

To overcome these challenges, attention
mechanisms and hybrid deep learning architectures
have been introduced. He et al. (2022) incorporated
explicit  feature engineering by  extracting
degradation-sensitive  health  indicators  using
auto-encoders coupled with LSTM to improve
prediction accuracy and enable degradation
mechanism analysis. Li et al. (2023) adopted a
decomposition-based strategy, separating voltage
degradation into multi-scale components and
modeling linear trends and nonlinear recovery
dynamics using ARIMA and attention-enhanced
GRU, respectively. Beyond RNN-based approaches,
computer vision-inspired architectures have also been
explored. Liu et al. (2022) proposed Inc-DenseNet,
which converts voltage signals into two-dimensional
representations to distinguish flooding and  air
starvation faults with high diagnostic accuracy.
Despite these advances, deep learning models still
face persistent bottlenecks, including  limited
generalization under highly dynamic automotive
conditions, reliance on manual hyperparameter tuning
(Sahajpal et al., 2023), and excessive computational
complexity. Attention mechanisms can cause
exponential parameter growth, leading to memory
overload and inference latencies exceeding 500 ms on
automotive ECUs (Wilberforce et al., 2023; Chen et
al., 2023). For large-scale PEMFC stacks with
hundreds of parallel channels, such computational
demands often exceed onboard resource constraints,
driving the  development of lightweight,
edge-compatible architectures (Xia et al., 2022).

Overall, despite significant progress, deep
learning models still face four intertwined bottlenecks
that limit their practical deployment for
industrial-scale PEMFC stacks: (1) ineffective fusion
of cross-scale temporal features (e.g., transient
recovery versus long-term aging), (2) a lack of
adaptive optimization beyond manual
hyper-parameter tuning, (3) insufficient embedding of
physical mechanisms to enhance interpretability and
generalization, and (4) prohibitive computational
complexity that fails to meet onboard resource
constraints. To directly address these challenges, the
main contributions of this study are summarized as
follows:
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(1) Establishment of an  industrial-scale
gas—heat—electricity (GHE) co-simulation platform. A
unique degradation dataset was collected from a
215-channel PEMFC stack under accelerated East
China climatic conditions. The platform enables
synchronized, high-resolution monitoring of flow
field pulsation and electrochemical parameters,
effectively mitigating data biases caused by distorted
laboratory conditions and insufficient stack scale.

(2) Development of a channel-joint adaptive
noise correlation threshold (NCT) algorithm. A
dynamic denoising method is proposed to construct
spatio-temporal noise thresholds through
dual-channel coherence analysis without relying on
prior physical modeling. The NCT algorithm
explicitly addresses coupled noise interference across
multi-physical sensor signals, improving data quality
for subsequent modeling.

(3) Proposal of the multi-scale bidirectional
fusion network (MBFNet). A neural architecture is
introduced to overcome the limitations of existing
models. It consists of: (i) a multi-scale decomposition
module that disentangles sensor couplings to capture
degradation dynamics at different timescales (e.g.,
short-term voltage recovery versus long-term aging),
and (ii) a bidirectional fusion module that uses
parameter-efficient  projections to  reconcile
stack-level degradation trends with cell-level
anomalies, ensuring both accuracy and computational
efficiency.

(4)Design of a rigorous aging prediction
validation framework. A comprehensive experimental
protocol is implemented to demonstrate significantly
improved prediction accuracy under dynamic
operating conditions, with particular emphasis on the
critical degradation phase. This framework provides a
validated technical paradigm for predictive health
management in fuel cell vehicles, bridging the gap
between algorithm innovation and automotive
applications.

The rest of the paper is organized as follows.
Section2 describes the dataset sources and
preprocessing methods. Section3 details the
implementation of the MBFNet. Section 4 presents
the experimental results and comparative analysis.
Section 5 concludes the paper.

2 Dataset
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2.1 Experimental System

The dataset used in this study was obtained from
accelerated aging tests conducted on an
industrial-grade GHE co-simulation platform based
on a 215-channel PEMFC stack with a rated power of
95kW. The platform was designed to emulate
realistic automotive operating conditions, including
dynamic load cycling, frequent start—stop events, and
coupled electro-thermal-fluidic stresses, which are
known to significantly accelerate degradation in
large-scale stacks. The PEMFC stack consists of 430
individual fuel cells electrically configured into 215
series-connected cell pairs for voltage monitoring.
Throughout this paper, “cell voltage” refers to the
voltage measured across each paired channel unit.
The system provides synchronized, high-resolution
measurements of voltage, current, pressure,
temperature, humidity, and flow rate, with
spatio-temporal alignment errors below 5ms,
enabling reliable characterization of degradation
behavior under complex operating conditions. A total
of 327h of operational data were collected under
harsh automotive scenarios representative of eastern
China. The end-of-life (EOL) criterion was defined as
a 10.5% reduction in stack output voltage relative to
the initial peak operating voltage (from 285 to 255 V).
Linear regression analysis over the full aging period
revealed a statistically significant degradation trend
(R*= 0.871), with the voltage decreasing from
280.600 to 266.300 V, corresponding to a total decay
of 14300V and an average degradation rate of
203.42 uV cell' h™'. This rate is about 2.91 times
higher than that reported under standardized drive
cycles (Liu etal., 2014), reflecting the intentionally
aggressive testing protocol adopted to accelerate
aging and evaluate model robustness under extreme
conditions. Actual vehicle durability under normal
operating conditions is therefore expected to be
higher.

As a result, the dataset exhibits complex
degradation trajectories characterized by
pseudo-cyclic fluctuations and abrupt disturbances
induced by environmental interactions, encompassing
both short-term transient responses and long-term
irreversible aging behavior. Detailed descriptions of
the  experimental platform, onsite testing
configuration, and degradation trend visualization are
provided in the Electronic Supplementary Materials

(ESM, Section S1).

2.2 Data Preprocessing and Validation

Considering the strong non-stationarity and
multivariate coupling inherent in automotive PEMFC
operational data, a three-step preprocessing
framework was designed to extract
degradation-relevant features.

2.2.1 Condition Focusing and Downsampling

The analysis focused on data collected under the
nominal operating current of 3305 A, which
accounts for about 72% of the total operational
duration. Data segments associated with atypical
operating events, such as system start—stop transients
and fault conditions, were excluded. The original
5-Hz signals were downsampled to 0.2 Hz using
moving-average aggregation over 5-s windows,
achieving a balance between computational
efficiency and dynamic feature preservation.

2.2.2 Noise Suppression and Feature Selection

To mitigate signal distortion and enhance
degradation feature extraction, a systematic
preprocessing pipeline was implemented, comprising
four complementary steps:

(1) Environmental noise suppression:
Sliding-window normalization with a 120-s window
was applied to temperature and humidity signals to
suppress low-frequency environmental disturbances.

(2) Electrical stack noise processing: A
channel-joint adaptive NCT algorithm was used to
dynamically suppress coupled sensor noise based on
dual-channel coherence analysis (see Section 3).

(3) Feature selection: Seven variables exhibiting
strong nonlinear correlation with voltage degradation
(Mutual Information > 0.15) were selected, including
hydrogen inlet temperature (TinH:), air activation
temperature (TactAIR), air outlet temperature
(ToutAIR), relative humidity (RH), air inlet pressure
(PinAIR), air outlet pressure (PoutAIR), and air flow
rate (QAIR) (Fig.1). This reduced the input
dimensionality by 42% while preserving physically
meaningful degradation-related features. The detailed
formulation of mutual information is provided in the
ESM (Section S3).

(4) Normalization: All variables were scaled to



the [0, 1] interval using Min—Max normalization to
account for differences in physical units and
magnitudes.
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Fig. 1 MI scores for variables

2.2.3 Dataset partitioning and validation

The first 229h of data were used for model

J Zhejiang Univ-Sci A in press | 5

training, covering normal operation and early-stage
degradation, while the remaining 98 h were reserved
for testing to evaluate predictive performance under
accelerated aging conditions. To emulate real-time
deployment, a sliding-window strategy was adopted
with a 10-min input sequence and a 1-min prediction
horizon. The overall voltage evolution, dataset
partitioning, and statistical distribution characteristics
are provided in the ESM (Section S1).

3 Multi-scale Bidirectional Fusion Network

The degradation dynamics of large-scale
PEMFC systems under complex operating conditions
(e.g., dynamic loading, start-stop cycles) exhibit
intricate electro-thermal-fluidic coupling, multi-time
scale interactions, and multi-source sensor noise
interference. Conventional methods struggle to
simultaneously model these coupled phenomena,
often exhibiting significant prediction bias. To
address these complexities, we propose the
Multi-scale Bidirectional Fusion Network (MBFNet)
illustrated in Fig. 2, comprising: (1) a channel-joint
adaptive NCT algorithm for coupled noise
suppression, (2) multi-scale decomposition for
disentangling transient/long-term features, and (3)
parameter-efficient bidirectional fusion reconciling
stack-level trends with cell-level degradation.
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Fig. 2 Flowchart of the proposed Multi-scale Bidirectional Fusion Network

3.1 Adaptive Noise Correlation Threshold
Sensor signals in automotive PEMFC systems
are strongly affected by turbulent pulsation and

dynamic operating conditions. Inlet-side
measurements typically exhibit noise energy that is
from 20 to 40% higher than that at the outlet side.
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Under rapid load transients, the noise power spectral
density (PSD) of different sensor channels becomes
time-varying and mutually correlated, which can
induce oscillatory distortion in conventional
denoising schemes. Moreover, noise components in
physically coupled variables—such as temperature
and pressure—often exhibit coherence, causing
traditional frequency-domain filtering to suppress
useful information and reduce mutual information in
the effective signal. To address these challenges, a
channel-joint adaptive NCT algorithm is proposed to
explicitly exploit the coherence between physically
correlated sensor channels (e.g., inlet and outlet
pressures, co-located temperature sensors). Instead of
treating each signal independently, the NCT
algorithm dynamically estimates a noise threshold by
modeling the coherence behavior between paired
channels, enabling adaptive discrimination between
correlated signal components and uncorrelated noise.
This design is particularly effective for PEMFC
systems operating under start—stop cycles and
dynamic load variations, where multi-physical noise
coupling is prominent.

The NCT algorithm operates on framed
dual-channel signals and combines spectral coherence
estimation with adaptive thresholding to track
transient noise characteristics. By incorporating
smoothed auto- and cross-power spectral densities,
the algorithm captures time-varying coherence
propagation during operational transients. A tentative
noise correlation threshold is then derived from the
discrepancy between modeled coherence under
estimated noise conditions and the observed
coherence, allowing the denoising strength to adapt
automatically to load-induced noise amplification. To
ensure numerical stability and prevent excessive
suppression of degradation-related features, the
threshold is further bounded and temporally
smoothed across operating cycles. The resulting
frame-level NCT is applied as a time-varying
threshold in the wavelet domain, enabling adaptive
denoising with minimal phase delay while preserving
critical degradation information. Compared with
fixed-threshold or single-channel filtering methods,
the proposed NCT algorithm is fully data-driven and
requires no prior physical noise modeling, making it
robust to the complex and non-stationary noise
characteristics encountered in large-scale automotive

PEMFC systems. The detailed mathematical
formulation of the NCT algorithm, including spectral
estimation,  coherence = modeling,  threshold
construction, and wavelet-domain implementation, is
provided in the ESM (Section S2).

3.2 Multi-scale Decomposition

When a large PEMFC stack is suddenly shut
down after high load operation, processes such as
redistribution of water molecules and regeneration of
active sites on the catalyst surface will trigger the
phenomenon of non-steady state voltage recovery.
Degradation is nonlinear and can be related on
different time scales, and traditional methods cannot
effectively handle time lags and multi-scale features.
The decomposition module specifically targets
voltage recovery transients and aging drifts in large
stacks by segmenting sequences into various scales:
high-resolution series preserve rapid fluctuations (e.g.,
start-stop anomalies), while low-resolution series
encapsulate slow degradation trends (e.g., catalyst
decay).

Given input data X € R™F, decompose X with
the average pooling as Xy = Decomp(X) to get M
subsequences, where Xg = {X¢, X1,... X}, mEe€

{0,---,M} and X,,, € IR%ZL’"XF denotes the subsequence
achieved by average pooling along the time axis. The
decomposition module Decomp(X) uses average
pooling with a kernel size of 2 and a stride of 2 along
the temporal axis, progressively halving the sequence
length. The number of decomposition scales M is set
to 5, generating subsequences at temporal resolutions
of [I,1/2,1/4,1/8,1/16]. This multi-scale structure
is crucial for PEMFC data, as it explicitly separates
short-term voltage recovery transients (captured in
high-resolution scales) from long-term aging trends
(captured in low-resolution scales). To fuse sensor
data such as temperature, pressure, and flow, an
encoder is designed to extend the dimensions of Xg as
X? = Encoding(Xg) , which enhances the model's
ability to characterize the complex processes inside
power reactors. The size of each element in Xp =

{X 0 x9, .., X?n} is RZL’"XFE”C to learn a non-linear
mapping, denoting the set of encoded sequences. The
encoder Encoding(Xg) is implemented as a
two-layer fully connected network with ReLU
activation, which projects the feature dimension F to



an encoded dimension F.,. = 64, enhancing the
model's capacity to represent complex intra-stack
processes.

3.3 Bidirectional Fusion

Large PEMFC stacks face three key challenges
under dynamic operating conditions. (1) Limitations
in temporal modeling: Although recurrent models
such as LSTM can retain temporal information
through memory units, their sequential propagation
causes early-state information to decay with
increasing sequence length, limiting their ability to
capture long-term degradation patterns. Attention
mechanisms partially alleviate this issue by
reweighting temporal features, but the resulting
parameter growth often leads to overfitting and
violates the inherent continuity of PEMFC aging. (2)
Multi-scale degradation representation: frequent
start—stop operations induce voltage recovery and
irreversible degradation. Single-scale models face an
inherent trade-off—models emphasizing local
fluctuations are sensitive to operating disturbances,
whereas those focusing on global trends fail to
capture abrupt degradation events. (3) Computational
burden: attention-enhanced recurrent models incur
high latency due to large parameter counts and
sequential iterations, making them unsuitable for
real-time automotive deployment.

To address these challenges, the proposed fusion
module decomposes spatio-temporal features across
multiple scales and integrates them through an
efficient bidirectional fusion mechanism, as
illustrated below. Decompose the encoded sequence

1
X2 and get X2r, X9 € Rz>Fenc a5 in Fig. 3:

XgT = mean(Angool(Padding(Xg))kemeln) 1
X = X8~ X0y .
X2 characterizes overall stack degradation (e.g.,
bipolar plate corrosion, membrane electrode aging,
etc.); X%, captures localized fluctuations at the cell
level (e.g., diffusion layer flooding, sudden changes
in contact resistance, etc.). AvgPool() represents the
average pooling with multiple kernels kernel,,.
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Fig. 3 Internal decomposition process
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XEL‘

Since there are M groups of sequences in X2p =
(X001, X000, o X2rm ), the information is extracted
with macro-information fromm =M —1tom =0,
which means establishing a degradation baseline by
first analyzing long-term trends at coarse resolutions
(where system-level aging patterns dominate), then
incrementally refines predictions using finer temporal
details.

Xng T Xng + Ttrend(XgT(m+1)) (2)

Similarly, there are M sets of sequences in Xg =
(X001, X%, ... X%y} and the micro- information
from m=1 to M 1is used to detect localized
anomalies by prioritizing high-resolution signals,
then progressively incorporates broader contextual
patterns to distinguish significant information from
noise.

Xng < Xng + Tlocal(XgL(m—l)) (3)

Firena() and Fpy.q; ) are implemented as linear layers

to simplify the model, with reverse dimension change
1

——=XF LxF .
between R and R2™ e | Computing
complexity grows only linearly with stack size and
supports parallel processing of cells. W is the
learnable weight matrix, @ denotes feature
concatenation along the feature dimension, and &
denotes the matrix multiplication operation (i.e., the
linear transformation). The complete fusion is shown
in Fig. 4.

X
) g | Trend (— K ) Xg 1
(—\7 Fusion ) [‘Decompositioq (—ﬂﬂ

R( Loeal )& yo¥
_ Loca ‘(_XSL

Xi

Fig. 4 Completed fusion process of X2 to X}

If multiple layers are required, W can be chosen as
(W, W,,...}. X} continues the cycle to get X2.

Xt =x0+wXy ox% ) @
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Outputs X%, X2 € RZL’"XF enc gpanning scales m €
{0,---,M} wundergo multi-scale fusion through
scale-specific linear projections P,,(-) followed by
residual overlays, formalized as Eq. 5. The voltage
feature channel V4., then integrates fused
representations across all scales via Eq. 6, breaking
traditional single-scale fusion paradigms to achieve
equilibrium of multi-scale degradation features within
computational constraints by combining adaptive
resolution alignment via P,,(-) and feature
preservation through residual connections €.

Yn=Pn(Xn ®X5),yme[0,M]  (5)

N
You = Z yn[: » Vindex] (6)
n=0

4 Case and Experiments
4.1 Performance Metrics

Prediction accuracy was quantified via root
mean square error (RMSE) and mean square error
(MSE), computed as the square root of averaged
squared deviations between predicted (pre, ) and
actual (real,) values. Similarly, mean absolute error
(MAE) measures the arithmetic mean of absolute
deviations and the R? coefficient describes the

distribution of data.

The selection principles of baseline models and
the detailed architectural configuration of MBFNet,
including layer-wise parameters and deployment
constraints, are provided in the ESM (Section S4).

4.2 Results and Comparisons

Time series features were extracted by using the
rolling time windows, and all preprocessing
operations were independently initialized using the
training data. To verify the effectiveness of the
MBFNet, in this experiment we compared and
analyzed the performance metrics of six temporal
prediction models under the same platform and
dataset partitioning strategy, including the baseline
models: LSTM, GRU, and 1D-CNN; and the
attention-enhanced variants: LSTM-Attention and
GRU-Attention (Table 1). All experiments were run
on an NVIDIA RTX 4060 GPU, Intel(R) i7-13650HX
2.60 GHz CPU.

The single-step prediction performance of
MBFNet and other models is shown in Fig. 5.
Computationally, MBFNet shows a significant
advantage in the balance of accuracy and
efficiency.The prediction accuracy was optimized
with an RMSE=0.0180, which was 18.5% lower than
that of LSTM-Attention, and the MAPE index was
27.2% lower. The training time was 15.2 min, which
was only 69.9% of that of LSTM-Attention. The
number of parameters in our model is 24013, which is

1< 36.8% less than that of LSTM-Attention. The
RMSE = NE (pre, — real,)? (7)  decomposition computation can be implemented in
n=1 parallel for GPU acceleration, with a 32% speedup
N over serial implementation. In terms of the trade-off
MAE = iz |pre, — real,| (8)  between accuracy and efficiency, although 1D-CNN
N n=1 had the fastest training speed of 4.5 min, its RMSE
1 N was 136% higher than that of MBFNet, suggesting
MSE = NZ (pre, —real,)? (9)  that using convolution only it is difficult to capture
Nn=1 cross-scale correlations in the degradation process.
Z (pre,, — real,)?
R?=1-—r= (10)
2 (mean,, — real,)?
n=1
Table 1 Single-step prediction performance
Model R RMSE MAE MAPE (%) Train(min) Para (10K)
MBFNet (Ours) 0.9654 0.0180 0.0123 0.3002 15.2 2.4
LSTM-Attention 0.9482 0.0221 0.0157 0.4125 21.7 3.8
GRU-Attention 0.9365 0.0253 0.0179 0.4983 18.9 3.6
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LST™M 0.9124 0.0317 0.0214 0.6541 11.3 32
GRU 0.9038 0.0348 0.0236 0.7329 9.8 29
1D-CNN 0.8741 0.0425 0.0291 0.9257 4.5 1.7
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Fig. 5 Single-step prediction results of each model
Table 2 Multi-step prediction performances
Model Steps R RMSE MAE MAPE (%)
5 0.9421 0.0283 0.0197 0.4821
12 0.9015 0.0418 0.0294 0.7213
MBFNet (O
et (Ours) 24 0.8126 0.0985 0.0689 1.8234
100 0.6347 0.4236 0.2965 7.8924
5 0.9132 0.0356 0.0253 0.6347
LSTM- 12 0.8547 0.0541 0.0389 0.9874
Attention 24 0.7238 0.1347 0.0943 2.4526
100 0.4825 0.5864 0.4105 10.8923
5 0.8994 0.0398 0.0281 0.7129
GRU- 12 0.8326 0.0612 0.0437 1.1245
Attention 24 0.6842 0.1528 0.1070 2.7845
100 0.4236 0.6527 0.4569 12.4562




10 | J Zhejiang Univ-Sci A in press

5 0.8735
12 0.7914

LST™M 24 0.6124
100 0.3528

5 0.8617

12 0.7739

GRU 24 0.5837
100 0.3125

5 0.8213

12 0.7025

ID-CNN 24 0.4923
100 0.2438

0.0462 0.0329 0.8423
0.0725 0.0516 1.3248
0.1824 0.1277 3.4527
0.7345 0.5142 14.2356
0.0491 0.0352 0.9015
0.0783 0.0564 1.4527
0.1986 0.1390 3.8924
0.8123 0.5686 15.8924
0.0587 0.0418 1.0724
0.0942 0.0683 1.8926
0.2345 0.1642 4.5623
0.9456 0.6619 18.4527

Table 2 shows the error accumulation under
multi-step prediction scenarios. For short-term
horizons, MBFNet achieved an RMSE of 0.0418 at
the 12-step (60-s) prediction, corresponding to a
132% increase relative to single-step prediction. This
increase is notably lower than that of
LSTM-Attention (145%) and 1D-CNN (222%),
indicating slower short-term error accumulation for
MBFNet. To further assess long-term predictive
performance, the prediction horizon was extended to
24 steps (2min) and 100 steps (8 min). All models
exhibited substantial degradation in accuracy with
increasing horizons, reflecting the inherent error
accumulation in long-term time-series forecasting
(Table 2). For the 24-step prediction, MBFNet
achieved an RMSE of 0.0985, representing a 135%
increase relative to the 12-step result. At the 100-step
horizon, the RMSE further increased to 0.4236,
corresponding to a 913% increase compared with the
12-step prediction. Despite this degradation, MBFNet
maintained superior relative performance, with its
100-step RMSE being 27.8% lower than that of
LSTM-Attention. The error growth exhibited clear
non-linear characteristics. Specifically, MBFNet’s
RMSE increased by 135% from 12 to 24 steps, while
the increase from 24 to 100 steps reached 330%,
indicating accelerated error accumulation at longer
horizons. This behavior is consistent with
observations in complex dynamic systems such as
PEMFCs, where long-term prediction uncertainty
grows nonlinearly due to coupled electrochemical and
operational dynamics.

To evaluate the practical implications of these
errors, normalized RMSE values were converted back
to the original voltage scale. The normalized RMSE
of 0.4236 at the 100-step horizon corresponds to an

absolute voltage error of about 12.7V, based on the
30-V operating range (255-285V). Although this
error appears large, it represents cumulative deviation
over an extended prediction horizon. For energy
management system (EMS) applications, which
typically rely on prediction horizons ranging from
seconds to a few minutes, medium term forecasts (up
to 2min) with absolute errors of about 1.3-3.0V
provide sufficient accuracy for proactive control.
These results indicate that MBFNet can provide
reliable predictive inputs for EMS decision-making
under dynamic automotive operating conditions.
Detailed voltage trajectory comparisons for different
prediction horizons are provided in the ESM
(Section S4, Fig. S7-S10).

Table 3 Multi-step performance degradation analysis

Model R? MAPE Correlation Recovery
Error
MBFNet 0.8281 0.45% 0.91 1.12x
(Ours)
GRU- .
Attention 04489 0.76% 0.67 1.84x
1D-CNN 0.3025 1.25% 0.55 3.02x

To further examine predictive stability and
physical interpretability, the local prediction
performance during voltage recovery intervals was
analyzed (Table3). When extending the prediction
horizon from 5 to 12 steps, MBFNet exhibited an R?
decay of about 4%, which is lower than that observed
for GRU-Attention and 1D-CNN. During voltage
recovery events, MBFNet achieved a local R? of
0.8281, significantly outperforming GRU-Attention
(0.4489) and 1D-CNN (0.3025). In addition, the
MAPE for MBFNet at 12 steps ahead was only 1.12
times higher than that at 5 steps, whereas the
corresponding increase for 1D-CNN reached 3.02,



indicating much more severe error accumulation in
traditional models. Furthermore, the correlation
coefficient between MBFNet predictions and the
actual voltage profile during recovery reached 0.91,
compared with 0.67 for GRU-Attention and 0.55 for
ID-CNN. Detailed error analysis is provided in the
ESM (Section S4, Fig.S11-S12). To verify the
contribution of individual MBFNet submodules, an
ablation study was conducted using a control-variable
strategy. The quantitative results are summarized in
Table 4. Removing the multiscale decomposition
module (O-Multiscale) led to a 31.7% increase in
RMSE and a corresponding 20% increase in voltage
recovery phase error, indicating the critical role of
temporal decomposition in aligning degradation
dynamics across time scales. The w/o NCT
configuration exhibited pronounced noise sensitivity,
resulting in elevated RMSE across all prediction
horizons, confirming the effectiveness of the
proposed denoising mechanism. Removing the
bidirectional fusion module (O-Fusion) degraded
local fluctuation prediction by about 22%, yet still
outperformed LSTM/GRU-Attention  baselines,
demonstrating the fundamental validity of the
projection-based fusion strategy. Overall, ablations
highlight that NCT enhances noise robustness,
multiscale decomposition ensures temporal alignment,
and bidirectional fusion optimizes feature interaction,
enabling MBFNet’s performance advantages.

Table 4 Comparison of ablation test performance
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latency budget suitable for edge deployment.

Table 5 Lightweight design boundary analysis

Layers RMSE Memory (GB) Infer (ms)
1 0.0192 1.4 8.7
2 0.0180 1.8 12.3
3 0.0178 2.3 18.9

The influence of temporal decomposition depth
was further analyzed (Table 6). Increasing the number
of decomposition layers from 3 to 5 reduced
long-term and short-term RMSE by 61% and 54%,
respectively, validating the effectiveness of
multiscale modeling. Further increasing the depth to 7
yielded limited accuracy gains at the cost of increased
computational load. For in-vehicle ECU deployment,
a moderate depth (M=5) provides a balanced
compromise between accuracy and resource
consumption.

Table 6 Comparison of different decomposition layers (M)

M Long-term (RMSE) Short-term (RMSE)
3 0.0726 0.0390
5 0.0283 0.0180
7 0.0255 0.0159

Models RMSE MAE ParIaQ(lO Failure mode
MBFNet 0.0180 0.0123 2.4 -
ONCT  0.0283 00197 1.8 Lo
sensitivity
O-Multiscale 0.0237 0.0162 1.5 Lagging
O-Fusion  0.0205 0.0141 2.1 Lot
fluctuation

To evaluate deployment feasibility under
automotive hardware constraints, a lightweight
design analysis was performed by varying the number
of projection layers (Table 5). Increasing the number
of layers improved the RMSE from 0.0192 to 0.0178
but the marginal accuracy gain diminished beyond
two layers, while memory usage and inference
latency increased substantially. A  two-layer
configuration achieved a favorable trade-off,
maintaining RMSE improvement within a 15-ms

Detailed visual comparisons for ablation effects,
noise suppression, lightweight configurations, and
decomposition sensitivity are provided in the ESM
(Section S4, Fig. S13-S16).

5 Conclusions

In this paper, a multi-scale bidirectional fusion
network is proposed to address the challenges of
lifetime prediction of 215-channel PEMFC stacks in
automotive scenarios. Key conclusions include:

(1)A first-of-its-kind GHE co-simulation
platform for 215-channel stacks was constructed,
enabling synchronized monitoring of flow pulsation
and electrochemical parameters, which reduces the
bias caused by the distortion of working conditions
and scale limitations in traditional laboratories.

(2) A joint adaptive noise correlation threshold
algorithm is proposed to achieve dynamic
suppression of multi-physical field noise without
prior modeling, effectively minimizing signal
distortion while preserving critical degradation
features.

(3) A decomposition module was constructed to
effectively decouple cross-scale features of voltage
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recovery and aging processes. Experimental
validation demonstrated precise alignment with
PEMFC physical degradation mechanisms.

(4) A bidirectional fusion module was designed,
achieving RMSE=0.0180 during critical degradation
(285 — 255 V) with an 18.5% improvement over
LSTM-Attention. Multi-step prediction showed a 9%
lower RMSE than LSTM-Attention and 40.5% lower
than 1D-CNN.

(5) Lightweight design reduced parameters by
36.8%, meeting stringent ECU resource constraints.

Follow-up work will focus on integrating online
diagnostic data to enhance generalizability,
developing adaptive parameter adjustment for
varying road conditions, and validating robustness via
commercial vehicle deployment.
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