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Abstract

Accurate and rapid fault diagnosis is paramount to stabilizing proton exchange membrane
fuel cells (PEMFC). To achieve this, this study proposes a novel fault diagnosis method
that integrates a convolutional neural network (CNN), a bi-directional long short-term
memory network (BiLSTM), and a waveform fault attention (WFA) mechanism. In the
proposed framework, data are classified into five distinct categories utilizing a hierarchical
clustering algorithm. Additionally, data augmentation techniques are implemented to bol-
ster model performance. The introduction of amplitude attention and temporal difference
attention, in conjunction with the construction of WFA, enables the accurate extraction of
temporal-spatial features, significantly improving the distinguishability of fault diagno-
sis. Furthermore, feature contribution is evaluated using permutation feature importance
(PFI) to identify key features, enhancing the interpretability of the model. Experimental
findings verify that the proposed method enables high-precision fault identification, with
precision values spanning 97-100% and an average stability of 98.3%, demonstrating robust
performance even when the volume of original sample data is limited. This performance
markedly surpasses that of extant methodologies. The comprehensive approach augments
the accuracy, reliability, and interpretability of PEMFC fault diagnosis, and introduces a
novel research paradigm for feature extraction, thereby possessing significant theoretical
and practical application value.

Keywords: proton exchange membrane fuel cell; fault diagnosis; permutation feature
importance; waveform fault attention; smart terminal

1. Introduction

The pursuit of eco-friendly, high-efficiency, and long-lasting energy alternatives [1-3]
has become a crucial issue for modern society, driven by the escalating global energy cri-
sis [4,5] and environmental pollution [6,7]. In this context, fuel-cell technology has attracted
substantial attention on account of its high-efficiency and zero-emission characteristics.
Among various fuel-cell types, proton exchange membrane fuel cells (PEMFC) have shown
extensive application prospects in the domains of transportation [8] and stationary power
generation [9]. This can be ascribed to their high-power density, low operating temperature,
and the characteristic of being pollutant-free [10,11]. However, despite the numerous
advantages of PEMFCs, the complexity of their operating environment and the variability
of their operating conditions pose significant challenges, leading to issues of low reliability
and poor durability in practical applications. These issues not only affect the performance
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of the PEMFC system but can also reduce its operational lifespan, thereby impeding its
industrialization. In order to improve the reliability and longevity of PEMFCs, fault di-
agnosis technology has become a key area of research [12]. Fault diagnosis is not only
capable of timely detecting abnormalities within the system but also provides a foundation
for faulty localization and troubleshooting, thereby ensuring the safe operation of the sys-
tem [13,14]. Notably, fault diagnosis constitutes merely one core module within the broader
prognostics and health management (PHM) framework [15]-a paradigm that integrates
real-time monitoring, fault diagnosis, and health state estimation, alongside remaining
useful life (RUL) prediction [16], to establish a closed-loop reliability management system
for energy devices. Currently, PEMFC fault diagnosis approaches are mainly classified
into two categories [17]: diagnosis methods based on models [18] and diagnosis methods
driven by data [19]. Model-based methodologies hinge on the construction of precise
mathematical models to forecast and emulate the performance of systems. Nevertheless,
in light of the pronounced nonlinearity inherent in PEMFC systems and the intricacy of
their electrochemical characteristics, the development of an all-encompassing model that
accommodates all conceivable faults presents an exceptionally formidable challenge. Con-
versely, data-driven diagnostic approaches, which scrutinize operational data of the system
to discern faults, exhibit enhanced flexibility and adaptability. As a result, they are more
extensively utilized in the realm of PEMFC fault diagnosis.

The emergence of machine learning has exerted a significant influence on the utiliza-
tion of deep learning techniques in the context of PEMFC fault diagnosis. For instance,
ref. [20] put forward a deep learning-based data-driven approach for PEMFC, which selects
suitable diagnostic metrics by combining the water transport mechanism and auxiliary sys-
tems, constructing a fault diagnosis model using convolutional neural network (CNN) after
converting the data into a two-dimensional image and enhancing the model’s generaliza-
tion capability through batch normalization. Similarly, ref. [21] constructed a pre-diagnostic
model using a long short-term memory network (LSTM) and CNN, which was combined
with integrated learning (bagging) to improve the detection performance of flooding and
drying faults. Inc-DenseNet proposed in [22] significantly improves diagnostic perfor-
mance by extracting robust features from battery voltages through a densely connected
structure. In [23], LSTM-based online diagnostic model has been proposed, obviating
the need for extensive sensor installation by utilizing system state inputs [24]. Utilized
a multilayer perceptron model in conjunction with a back-propagation algorithm to op-
timize the PEMFC impedance model and effectively predict electrochemical impedance
parameters. A multi-scale convolutional neural network (MCNN) was proposed in [25],
which demonstrated high accuracy in the recovery and identification of fatal faults, as
well as multi-fault diagnosis. The article [26] presented higher accuracy and the ability
to generalize, based on one-dimensional convolutional neural networks (1IDCNN) and
XGBoost (IDCNN-XGB), for hierarchical fault diagnosis. Furthermore, the binary matrix
coded neural network (BinE-CNN), as outlined in [27], has been shown to achieve seven
classes of fault classification while meeting the real-time and accuracy requirements. In
short, these studies represent a significant advancement in the current state of PEMFC
fault-diagnosis technology development.

Existing fault diagnosis technologies for PEMFCs primarily rely on machine learning
methods and often integrate hybrid algorithms to enhance diagnostic accuracy or develop
innovative models. However, two prominent issues warrant particular attention. As an
increasingly common component in such technologies-the attention mechanism-its practi-
cal application further exposes inherent limitations. Currently, basic attention mechanisms
widely used in this field typically focus on one-dimensional feature weighting, making
it difficult to effectively capture the intrinsic correlations between the spatial distribution
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and temporal variations in fault signals [28]. Meanwhile, although multi-scale attention
mechanisms have achieved some progress in addressing feature-scale discrepancies, they
still fail to achieve collaborative fusion of spatiotemporal information, resulting in frag-
mented feature extraction [29]. To address these shortcomings, this study proposes a
spatiotemporal waveform fault attention (WFA) mechanism that enables simultaneous
extraction and adaptive weighting of spatiotemporal features [30], thereby overcoming
the limitations of conventional basic and multi-scale attention mechanisms. Furthermore,
existing technologies exhibit significant deficiencies in spatiotemporal feature utilization,
model interpretability, and dynamic feature extraction, all of which demand further opti-
mization and improvement. To overcome these challenges, this research introduces a new
approach for constructing a PEMFC data-driven fault diagnosis framework. The proposed
framework integrates the spatiotemporal waveform attention mechanism into a convo-
lutional neural network-bidirectional long short-term memory-waveform fault attention
(CNN-BIiLSTM-WFA) architecture and employs the permutation feature importance (PFI)
method to perform interpretability analysis. The main contributions of this study can be
summarized as follows:

(1) Classifying the data into five categories using a hierarchical clustering algorithm and
incorporating data enhancement techniques to effectively improve model performance.

(2) Constructing a WFA by employing amplitude attention and temporal difference
attention to accurately extract temporal-spatial features and provide discriminative
information for fault diagnosis.

(3) Utilizing a CNN-BiLSTM-WFA model to achieve high-precision fault identification
under small sample sizes and unknown conditions.

(4) Evaluating parameter contribution through PFI, screening key features, enhancing
model interpretability, and reducing sensor redundancy and computational cost.

2. Model and Battery Dataset Analysis
2.1. Fault Diagnosis for PEMFC System

The PEMFC system can effectively transform the chemical energy of hydrogen into
electrical energy. It consists of a PEMFC stack, a hydrogen supply unit, an air supply
unit, and a temperature management unit. These components operate in synergy to
guarantee that the system can deliver power to the loads in a continuous and stable manner.
During the operation, the system allows hydrogen and air to enter PEMFC stack via
the corresponding hydrogen and air supply units. The temperature management unit is
responsible for maintaining the stack at an optimal operating temperature range, thereby
optimizing performance and efficiency.

Nevertheless, because of the intrinsic dynamic characteristic of PEMFC operation, a
variety of problems, such as flooding, drying, and gas starvation, are often faced [31,32].
The occurrence of these failures can lead to a decrease in PEMFC performance. It might
cause permanent damage to the battery pack and significantly shorten its lifespan. Among
the most common types of failures observed in PEMFC systems are membrane drying [33]
and hydrogen leakage [34]. The etiologies of these failures can be broadly classified into
two primary categories: intrinsic and extrinsic factors. Intrinsic factors predominantly in-
fluence the operational parameters within PEMFC, whereas extrinsic factors are intimately
associated with the external environment and the operational conditions of the system.

Water management is critically important for ensuring the optimal operation of
PEMEC. A suitable amount of water is crucial for keeping the proton-exchange mem-
brane in a hydrated state. This, in return, guarantees the best possible proton conductivity
and the overall performance of the cell. In PEMFC, the main ways of water transfer are
thermal permeation, electromigration, concentration diffusion, and pressure permeation.
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These procedures have a direct impact on the water content within the membrane. When
the rate of water removal surpasses the rate of water production, the membrane may
become desiccated, resulting in an augmentation of membrane resistance and an escalation
in heat generation, thereby diminishing the efficiency of the cell.

Beyond the macro-scale water management behaviors and fault mechanisms discussed
earlier, the microscale dynamic characteristics of liquid water in the gas diffusion layer
are closely correlated with water-related faults such as membrane drying and flooding.
The lattice Boltzmann method is a well-established numerical tool for investigating mi-
croscale liquid water transport in gas diffusion layers with gradient porosity, which enables
quantitative analysis of the correlation between their structural parameters and water man-
agement performance. The porosity distribution of gas diffusion layers and the structural
changes induced by compression directly govern water removal efficiency; ineffective
water drainage caused by mismatched porosity gradients or excessive compression is likely
to block gas diffusion pathways (triggering flooding) or disrupt the membrane hydration
balance (inducing membrane drying) [35].

Hydrogen leakage is another common failure in PEMFC systems, with primary causes
including seal failure, material defects, operational errors, and environmental factors.
This holistic comprehension of the factors influencing PEMFC performance accentuates
the significance of efficacious fault diagnosis and management strategies to augment the
reliability and service life of these systems.

2.2. Data Analysis
2.2.1. Data Classification

The data utilized in this study were sourced from a dataset published in the Lough-
borough University Research Repository [36], which is associated with the field of PEMFC
system fault diagnosis. The experimental setup adopted an evaporatively cooled PEMFC
system, which is specifically designed for high-volume, low-cost manufacturing scenarios
and achieves stack heat dissipation by utilizing vaporization heat. This system comprises
two fuel cell stacks, with each stack integrating 300 individual fuel cell units, and the overall
power output of the system can reach 100 kW. During operation, hydrogen is supplied
to the anode and air to the cathode of the system, while water is injected simultaneously
to realize humidification and heat dissipation. In terms of data acquisition, the system’s
sampling frequency was set at 1 Hz, and the measurement data of each sensor contained
300 sample points. A total of 20 state parameters were recorded during the monitoring pro-
cess. For detailed information regarding the sensor types, units, and installation positions,
refer to Figure 1 of the original paper.

This dataset encompasses a total of 61 sets of operational condition data, which were
categorized by researchers into three distinct operational states-normal, unknown, and
faulty-based on load current characteristics and fault occurrence status. Among them, the
normal state includes 25 sets of data, characterized by stable load current and the absence of
any system faults, serving as a typical representation of the stable and healthy operation of
PEMFC system. The faulty state consists of 11 sets of data, exhibiting transient load current
fluctuations and confirmed system faults; specifically, it covers two typical fault types,
namely membrane drying faults and hydrogen supply abnormalities, which are identified
by the system’s dedicated fault indicators. The unknown state also comprises 25 sets of
operational conditions, whose core feature is the presence of significant transient load
current fluctuations without triggering any system fault alarms, meaning it essentially falls
within the scope of the fuel cell’s healthy operation. Owing to the high similarity between
its transient load response characteristics and those of the faulty state, the unknown
state is prone to being misclassified as a faulty state during diagnostic processes. This
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unique attribute renders it a critical operational condition for verifying the robustness and
discriminative ability of fault diagnosis methods.

° 0 PEMFC @
Hydrogen é O 1 Anode outlet pressure #1
Supply = - 2 Anode outlet pressure #2
- 3 Cathode outlet pressure #1
v o[
Air Supply mlﬁ'& @
-

4 Cathode outlet p ressure #2
Q 5 Load current
. 6 Anode reactant flow
Temperature Management Unit 7 Anode inlet pressure #1
] 8 Anode inlet pressure #2
| 9 Cathode air inlet flow
| 10 Cathode inlet pressure from #1

Air flow

=> Water flow

|
[
| A 4
2 Water separator Ty |
| O =
e Hydrogen flow <v>| Water " .
| \
[
[ I

pump ‘Water storage

-, Exhaust

= Energy flow

————————————— 11 Cathode stoichiometry

12 Cathode outlet temperature #2

13 Cathode inlet temperature #2

14 Cathode outlet temperature #1

15 Cathode inlet temperature #1
16 Primary water inlet pressure #2
17 Primary water inlet pressure #1

18 Primary water inlet flow #2

19 Primary water inlet flow #1

20 Water inlet temperature

—_—

A G
-

Hydrogen & O
Supply 7 P

Figure 1. The schematic of PEMFC system.

In the analysis of the fault states of PEMFC system, this study computes the mean
absolute percentage error (MAPE) of the 20 parameters, averaged across the fault states, uti-
lizing the average values of the steady-state parameters under normal operating conditions.

MAPE is calculated as .
N
MAPE = 53

Yi—Xi
Yi
where the notation y; is employed to denote the observed value of the i-th parameter in

M

a normal steady state, x; is used to denote the observed value of the i-th parameter in a
faulty state, and N is used to denote the total number of parameters. MAPE metrics can
effectively quantify the deviation of the faulty state from the normal state. MAPEs for the
20 parameters of the four types are shown in Table 1.

Table 1. MAPE distributions for faults and unknowns.

Sensor Measurement Fault1 Fault 2 Unknown 1 Unknown 2

1 0 0 0 0

2 0 0 0 0

3 0 0 0 0

4 0 0 0 0

5 0.97 0.51 1 0.48
6 0.97 0.51 1 0.48
7 0.32 0.002 0.45 0.005
8 0.32 0.001 0.45 0.006
9 0.95 0.38 0.98 0.36
10 0.19 0.08 0.2 0.08
11 1.01 1 1 0.92
12 0.51 0.13 0.17 0.11
13 0.05 0.1 0.08 0.09
14 0.49 0.13 0.16 0.12
15 0.05 0.09 0.09 0.08
16 0.48 0.23 0.48 0.21
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Table 1. Cont.
Sensor Measurement Fault 1 Fault 2 Unknown 1 Unknown 2
17 0.47 0.24 0.47 0.21
18 0.96 0.47 1 0.44
19 0.96 0.47 1 0.44
20 0.04 0.1 0.3 0.18

Membrane drying problems usually have harmful impacts on all the parameters
related to water inlets. Since maintaining the membrane in a wet state is vital for the
efficient operation of the system, this study centers on four key parameters. These are the
main water inlet pressure of stack 2, the main water inlet pressure of stack 1, the main
water inlet flow of stack 2, and the main water inlet flow of stack 1. The application of
a hierarchical clustering algorithm successfully categorized fault states into membrane
drying and hydrogen leakage, while normal transients were categorized as unknown 1 and
unknown 2.

Normal transient states are induced by factors such as load fluctuations, temperature
variations, and the dynamic characteristics of internal chemical reactions. It is worth noting
that although the data categorized as “unknown” exhibit fault-like characteristics, they
are actually associated with the healthy operational state of the system. As illustrated in
Figure 2, the waveforms of the primary water inlet pressure of stack 1 for the five types
of data are presented. It can be clearly observed from Figure 2 that the waveforms of
unknown category 1 are similar to those of hydrogen leakage, while the waveforms of
unknown category 2 share characteristic similarities with membrane drying. Specifically,
Unknownl is triggered by a large load step increase, with its core parameter fluctuations
concentrated in the hydrogen/air supply subsystem, thus resulting in waveforms similar
to hydrogen leakage; Unknown?2 is triggered by the start-stop operation of the cooling
water circuit pump, with parameter fluctuations concentrated in the water management
subsystem, hence its waveforms approaching those of membrane drying. However, the
characteristics of fault signals caused by transient currents differ significantly from those of
normal states, enabling the differentiation between normal and faulty conditions. Never-
theless, in practical applications, distinguishing between unknown categories and actual
fault conditions remains a formidable challenge, mainly due to the presence of transient
load currents in the unknown data, which can mimic fault behaviors. This challenge will
bring about prominent engineering negative impacts on PEMFC fault diagnosis in multiple
dimensions: on the one hand, it will trigger a high risk of misdiagnosis, where the parame-
ter fluctuations of the hydrogen/air supply subsystem in Unknown State 1 are prone to
being misjudged as hydrogen leakage faults by traditional diagnostic models, leading to
unnecessary hydrogen loop maintenance, causing system downtime losses and increased
operation and maintenance costs, while the water management parameter anomalies in
Unknown State 2 are easy to be mistaken for membrane drying faults, and blind activation
of humidification compensation measures will result in excessive membrane hydration and
subsequent flooding faults, further deteriorating the stack performance; on the other hand,
it will cause confusion in diagnostic thresholds, as the transient parameter fluctuations
of unknown states blur the judgment threshold between “normal” and “fault”, making
traditional threshold-based diagnostic methods unable to distinguish between “transient
normal fluctuations” and “early fault anomalies”, thus leading to the two-way attenua-
tion of diagnostic sensitivity and specificity; in addition, it will induce data distribution
deviation, since the samples of unknown states will introduce “pseudo-abnormalities”
in data distribution, and directly incorporating them into fault samples for training will
lead to model overfitting, while incorporating them into normal samples will reduce
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the model’s ability to identify early faults, which exacerbates the diagnostic dilemma in
small-sample scenarios.
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Figure 2. Data waveform comparison chart.

2.2.2. Data Pre-Processing
(1) Data enhancement

The core objective of this study is to enhance the performance and generalization
capability of machine learning models. To conclude, this study designs a Gaussian noise
injection-based data augmentation scheme (a specific type of normal distribution noise)
to expand the original dataset. Unlike conventional single-mode noise injection methods,
the specific strategy adopted in this study is as follows: for each data file in the origi-
nal dataset, multiple augmented samples are generated by adding Gaussian noise to the
20 sensor-measured features. Two noise levels are configured in this study, with standard
deviations of 0.01 and 0.05, respectively—these intensities are determined based on the ac-
tual operating fluctuation range of PEMFC systems, so as to avoid excessive deviation from
real operating conditions. It should be noted that the data augmentation via noise injection
in this study only enhances data fluctuations and does not violate the physical operating
constraints of PEMFC. Meanwhile, sequential labeling is applied to all augmented samples
derived from the same original file; when splitting the dataset into training and test sets, all
samples corresponding to the same original file are assigned to a single dataset (either the
training set or the test set exclusively)-this prevents augmented data from appearing in both
sets simultaneously, mitigates data information leakage, and ensures the independence of
model training and validation. However, this scheme still has limitations when the volume
of the original dataset is extremely small. This label-constrained augmentation strategy not
only addresses the issue of insufficient small sample sizes but also ensures the validity of
augmented data through physical constraint verification and leakage mitigation. It pro-
vides critical data support for model convergence in small-sample scenarios: each category
of samples is expanded to 50 groups, which ensures sufficient feature representation for
each operating state. For the number of expanded samples, refer to Table 2.
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Table 2. Statistics of the number of original and augmented data groups by category.

Category Number of Original Data Groups Number of Augmented Data Groups
normal 25 50
hydrogen fault 10 50
membrane drying fault 1 50
Unknow 1 7 50
Unknow 2 18 50

(2) Data standardization

To ensure effective convergence and enhanced performance of the machine learning
algorithms, it was imperative to standardize the dataset. The purpose of standardization is to
convert the data distribution so that it conforms to a standard normal distribution, which has
an average value of 0 and a standard deviation of 1. Below is the standardization formula:

=2t )

where x represents the original data point, y is the mean of the data and ¢ is the standard
deviation of the data.

3. Methodologies

3.1. Convolutional Neural Network

Consider the case where the input data is a 3D tensor, designated as X € RF*WxC,

In this scenario, the height and width of the input, represented by H and W, respectively,
are known. Additionally, the number of channels, denoted by C, is also a known quantity.
The convolution kernel K € RF*kxCxXF ig defined by the size of the convolution kernel, K,
and the number of convolution kernels, F, which is equal to the number of channels in the
output feature map.

The output Y € R *W'XF of the convolution operation can be calculated using the
following equation:

k—1 k—1 C-1
Yi,j,f = Zsz 'ano 'ZC:O Xi+m,j+n,c'Km,n,c,f )

where the coordinates of the output feature map, designated as i, j, are related to the index
of the convolution kernel, represented by the symbol f.

Dropout is a regularization technique employed to prevent model overfitting. During
the training phase, the dropout layer randomly discards a proportion of neurons, i.e.,
their output is set to zero, in order to reduce the co-adaptation between neurons, thereby
enhancing the model’s capacity for generalization.

If input tensor is designated as Z € RV, the output Z’ of the dropout layer can be
calculated using the following equation:

i 0, with probability p @
! Z;/(1—p), with probability (1 — p)

where p represents the probability of discarding.

Batch normalization (BN) is a technique employed to accelerate the training of deep
neural networks. The technique accelerates convergence and improves the stability of the
model by normalizing each small batch of data to have a mean of 0 and a variance of 1.
Furthermore, it reduces the internal covariate shift (ICS) through linear transformations
with learnable scaling and offset parameters.
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Suppose input tensor is B € RN*P, where N is the size of the small batch and D is
the feature dimension. The output B’ of the batch normalization can be calculated by the
following equation:

in = Lo B ®
7 = i (B - ) ©)
Bl =P ME g 7)

i=7
\/0E+e€

where yp and 0 represent the mean and variance of the small batch of data, respectively.
The learnable scaling and offset parameters, oy and j, respectively, are also of interest.
Finally, € is a small constant that serves to prevent division by zero errors.

In the context of small-sample training, the combination of BN and Dropout exhibit
significant advantages for model convergence: BN accelerates the convergence speed of
deep networks by mitigating ICS, while Dropout reduces overfitting caused by limited
sample diversity by randomly deactivating neurons. This dual regularization mechanism
ensures that CNN module can learn robust local features even with constrained data
volume, laying a solid foundation for subsequent spatiotemporal feature fusion. The
architecture of the CNN is depicted in Figure 3.

| Output |
| = = layer |
| T — |
| |
| |
| == |
| === |
| — o\ |
| |
| |
| Fully connected |
| layer |
_— e ——_——_——_——_——_—_ e e e —— -

Figure 3. Schematic diagram of CNN structure.

3.2. Bi-Directional Long Short-Term Memory Network

LSTM manages the information flow through the integration of a cell state along with
three gating mechanisms, namely the input gate, forget gate, and output gate. This setup
enables it to effectively capture long-term dependencies within sequential data. The cell
state represents an information transfer line within LSTM, facilitating the transmission
of information during sequence processing. Modification of this state is enabled by the
gating mechanisms.

Let us suppose that at the time step ¢, the input is x;. The hidden state from the
preceding time step is h1;_1, and the cell state from the prior time step is ¢;_1.

Forget gate:

fi= a(wf.[ht,l,xt] + bf) (8)

where Wy is the weight matrix of the forgetting gate, by is the bias term, and ¢(-) is the
sigmoid activation function.

Input gate:
Input gate candidates:
it = o(Wi[h—1, xe] + ;) ©)
New memory candidates:
¢t = tanh(W,-[hy_q, x;] + bc) (10)
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Updates the unit status:
ct = frci1 +ipCy (11)
Output gate:
The activation value of the output gate:
0y = U'(Wo'[ht_l, Xt] +bo) (12)
The hidden state of the current timestep:
hy = ot-tanh(ct) (13)

Bi-directional long short-term memory network (BiLSTM) consists of two separate
LSTM layers. One-layer processes sequences in the forward manner, while the other
processes them in the reverse way. The combination of the hidden states in both directions
allows BiLSTM to utilize both future and past contextual information, thereby enhancing
the modeling of sequences.

Suppose input sequence is x = [x1,X2,...,XT].

While the forward LSTM can be expressed as

hi? = LSTM_, (x¢, 12 4) (14)
Meanwhile, the reverse LSTM can be expressed as
hi™ = LSTM (xt, by 4) (15)
The combined hidden state yields
he = [hy” by (16)

The term stacked LSTM is used to describe the process of combining multiple LSTM
layers within a single model, with the output of each layer acting as the input for the
subsequent layer. This methodology enhances the depth of the model and improves its
capacity for expressing complex relationships. By incorporating multiple LSTM layers, the
model can capture sequence features at varying levels, thereby enhancing the accuracy of
sequence modeling. The architecture of BILSTM is depicted in Figure 4.

f f f

I—: calculate < calculate 4‘ calculate <
SR LIRS LSTM LSTM LSTM «—
A A A
— LSTM —¢—» LSTM +——» LSTM —>
Forword
LSTM L,— ] *—|—
Input X X, X,

|
| |
| |
| |
| |
| |
| |
‘ LSTM \
| |
| |
| |
| |
| |
| |

Figure 4. Schematic diagram of BiLSTM structure.
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3.3. Waveform Fault Attention

To address the limitations of conventional attention mechanisms in capturing the
spatiotemporal characteristics of PEMFC fault waveforms, this section proposes a WFA
mechanism tailored for PEMFC fault diagnosis. The WFA integrates amplitude attention
and time-difference attention to highlight fault-related salient features in both amplitude
and temporal variation dimensions and further incorporates a multi-head attention module
to enhance the model’s capability of modeling complex feature correlations. The over-
all framework of WFA is aligned with the implemented network structure, with each
component’s calculation logic and mathematical expression clarified below [37].

Amplitude attention is designed to capture the salient amplitude features of PEMFC
operation data waveforms, as abnormal amplitude fluctuations are often direct manifesta-
tions of faults. For an input sequence tensor:

XGRBXTXD (17)

where B is batch size, T is sequence length, and D is feature dimension of each time step,
the amplitude attention weight is calculated by first taking the absolute value of X (to focus
on amplitude magnitude regardless of direction) and then mapping it to a scalar attention
score via a linear layer and sigmoid activation:

Qg t = O'(W,Z-|Xt‘+ba) (18)

where X; € REXDP denotes the feature tensor of the t-th time step in the input sequence;
| X¢| is the element-wise absolute value of X;, reflecting the amplitude of the ¢-th time step’s
feature; W, € RP*1 and b, € R! are the learnable weight matrix and bias term of the
amplitude attention linear layer, respectively; a,; € R®*! is the amplitude attention weight
of the t-th time step, with a larger value indicating a more critical amplitude feature for
fault diagnosis.

Time-difference attention focuses on the temporal variation characteristics of PEMFC
waveforms, as fault occurrences are usually accompanied by abrupt changes in parameter
variation trends. First, the time-difference sequence of the input data is constructed by
calculating the element-wise difference between adjacent time steps:

t=1
AX; = O (19)
Xpp1— X, t=2,3,...T
where AX; € RBXD ig the time-difference tensor of the t-th time step. Then, the time-
difference attention weight is calculated by mapping the absolute value of AX; to a scalar
score via a linear layer and sigmoid activation:

0t = O'(Wt"AXt|+bt) (20)

where |AX;| is the element-wise absolute value of AXj, reflecting the magnitude of the ¢-th
time step’s temporal variation; W; € RP*! and b; € R! are the learnable weight matrix
and bias term of the time-difference attention linear layer, respectively; a; € RB*1 s the
time-difference attention weight of the ¢-th time step, with a larger value indicating a more
significant temporal variation feature for fault identification.

The combined attention weight of WFA is obtained by element-wise multiplication
of the amplitude attention weight and time-difference attention weight (denoted by © to
eliminate the ambiguity of the original symbol). This multiplication operation ensures
that only the time steps with both prominent amplitude features and significant temporal
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variations are assigned high weights, which effectively filters out irrelevant normal-state
data and highlights fault-related spatiotemporal features:

Koyt = Kg b @ Xt (21)

where ;¢ € RBE*1 is the combined attention weight of the f-th time step.
Subsequently, the input sequence is weighted by a; ; in an element-wise manner to
amplify the fault-related features and suppress noise and normal-state features:

X = awi () X (22)

where X; € RE*D is the weighted feature tensor of the t-th time step, and the full weighted
sequence is denoted as X = [X, X, ..., Xr] € REXT*D,

To further capture the multi-scale and cross-time-step correlations of the weighted
fault features, a multi-head attention module is applied to the weighted sequence X.
The original ambiguity of the variable W is corrected here: the query (Q), key (K), and
value (V) of the multi-head attention are all set to the weighted sequence X (consistent
with the implemented code logic), rather than an undefined W. The multi-head atten-
tion operation splits the feature dimension into multiple parallel subspaces, computes
attention scores in each subspace, and concatenates the results to obtain a comprehensive
feature representation:

Attnoye = MultiHead Attention(Q = X,K=XV= )A() (23)

where Attngy: € REXT*D is the final output of WFA mechanism, integrating the spa-
tiotemporal fault features enhanced by amplitude-time difference attention and multi-scale
correlation modeling. The number of attention heads is set adaptively to match the feature
dimension and avoid dimension mismatch.

Compared with traditional spatiotemporal attention models and standard self-
attention mechanisms, WFA mechanism possesses three core advantages in PEMFC fault
diagnosis, enabling more accurate and efficient mining of fault features. First, the WFA
adopts a targeted modeling paradigm for faulty waveform features. Unlike traditional
self-attention that directly computes correlations across all time steps of raw time-series
data, WFA first performs feature filtering via amplitude attention and time-difference
attention, focusing solely on waveform segments with fault-related amplitude anomalies
and temporal variation mutations, which effectively reduces noise interference and im-
proves the efficiency of fault feature extraction. Second, WFA can realize intrinsic fusion of
dual-dimensional spatiotemporal features. In contrast to existing spatiotemporal attention
models that model spatial and temporal features separately, WFA deeply integrates ampli-
tude features (reflecting the magnitude of single-time-step features) and time-difference
features (reflecting variations between adjacent time steps) through element-wise multi-
plication of attention weights, thereby enhancing the distinguishability of similar faults.
Third, the WFA achieves both lightweight deployment and interpretability. Its attention
weights have clear physical meanings: amplitude attention corresponds to the severity of
parameter deviation from the normal range, while time-difference attention corresponds to
the abruptness of parameter changes.

3.4. Permutation Feature Importance

When it comes to fault diagnosis, it is extremely important to identify the contribution
of each sensor to the model’s predictive effectiveness. This is especially pertinent when
dealing with models that are trained utilizing data from 20 distinct sensors. Such models
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are computationally intensive, not only due to the sheer number of sensors but also owing
to potential sensor redundancy. PFI is a model-independent feature importance assessment
method that evaluates the importance of features by observing the extent to which model
performance is degraded when the values of the features are randomly disrupted. The
formula is presented as follows:

PFI; = %Z?:l (score(X,y) — score (X(j),y)) (24)

where score(X, y) is the performance of the model on the original data where the features
are not disrupted, and # is the number of times the features are repeatedly disrupted, which
is used to minimize the effect of randomness.

Conventional feature selection methodologies are constrained by specific assumptions
or performance metrics, frequently neglecting the effects of feature interactions. In contrast,
model-independent PFI methodologies offer a more comprehensive approach. By permut-
ing feature values, PFI evaluates their impact on model performance, thereby capturing
interaction effects. In multi-sensor fault diagnosis, PFI has shown substantial benefits due
to its model independence, global interpretability, and accounting for interaction effects,
which collectively enhance the accuracy and reliability of feature selection.

3.5. CNN-BiLSTM-WFA

This paper proposes a full-process data-driven fault diagnosis method for PEMFCs
that integrates a CNN, a BILSTM network, a WFA mechanism, and a PFI mechanism, with
a focus on hierarchical feature extraction and optimization [38].

Firstly, raw monitoring signals (encompassing 20-dimensional sensor data of the
PEMEFC system, including parameters such as anode/cathode pressure, hydrogen/air
flow rate, water inlet pressure/flow rate, and stack temperature) undergo standardization
and data augmentation preprocessing to eliminate dimensional discrepancies and expand
the volume of valid samples. The preprocessed data are fed into the CNN module for
primary local feature extraction: this module employs 1D convolutional kernels and max-
pooling layers to capture local spatiotemporal correlation features in both the time and
frequency domains, such as adjacent time-step fluctuations of cathode inlet pressure, short-
term mutations of primary water inlet flow rate, and local coupling patterns between
stack temperature and anode reactant flow rate. In this stage, batch normalization and
dropout regularization strategies are also introduced to suppress internal covariate shift
and mitigate overfitting issues, ensuring that the extracted local features possess robustness
and generalizability.

Subsequently, the local feature sequences extracted by CNN are input into BILSTM
model to establish bidirectional temporal dependencies. Unlike unidirectional sequence
models, the dual-branch architecture of BILSTM enables the capture of long-term dynamic
temporal features of PEMFC faults while filtering out irrelevant temporal noise, thereby
enhancing the model’s capability to identify fault evolution trends across the full-time
window.

On the basis of the spatiotemporal features extracted by CNN-BiLSTM framework,
this paper introduces WFA mechanism, which further highlights fault-related salient
features through dual-attention and multi-head fusion design. Specifically, the amplitude
attention module captures amplitude-abnormal features in a targeted manner by mapping
the absolute values of feature tensors to attention weights; the temporal difference attention
module focuses on temporal mutation features by calculating element-wise differences
between adjacent time steps and assigning differentiated weights to mutation points. On
this foundation, the multi-head attention module acts on the weighted feature sequences to
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realize the integration of multi-scale cross-time-step correlation features, amplifying the
weights of key fault-related spatiotemporal features and suppressing redundant normal-
state signals, thus improving the model’s diagnostic discriminability for highly similar
states.

Finally, this paper adopts PFI method to analyze the model outputs and intermediate
feature representations, quantifying and ranking the importance of each sensor-derived
feature. By permuting the values of individual features and evaluating the degree of
degradation in diagnostic performance, PFI method can identify core fault-sensitive features
while filtering out low-contribution redundant features. This feature optimization step
not only improves the interpretability of the diagnostic model by correlating data-driven
features with physical fault mechanisms but also reduces computational costs and sensor
redundancy by retaining only high-impact features, achieving a balance among diagnostic
accuracy, reliability, and engineering applicability.

The hierarchical feature extraction design of CNN-BiLSTM-WFA framework is specif-
ically optimized for small-sample scenarios: CNN module filters out irrelevant noise to
extract discriminative local features, BILSTM module captures long-term temporal de-
pendencies to make up for the lack of feature completeness in small datasets, and WFA
mechanism further highlights fault-related salient features. This targeted architecture
significantly reduces the complexity of feature learning in the case of relatively few original
samples, enabling the model to converge to a stable and high-precision state with limited
training data.

Figure 5 illustrates the complete workflow of feature extraction, enhancement, opti-
mization, and fault diagnosis.

Label assignment

Split dataset into training
and test Sets
]

v v
»  Training set > Test set
v

Trained CNN-WFA—
BiLSTM model

CNN(Egs. 3-7)

WFA (Egs. 17-23)

Output results

BiLSTM
(Egs. 8-16) Performance metrics
(Eqgs. 25-27)
Softmax
classifier

Permutation feature
importance

!
End J

Figure 5. The flowchart of fault diagnosis.
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4. Results and Discussion
4.1. Experiment Settings

In this study, experiments were conducted on a server equipped with an Intel Core
i5-14400 processor. The fault diagnosis method was developed using Python version 3.11
and PyCharm 2024 software. Meanwhile, data processing, algorithm integration, and result
visualization were carried out through a smart terminal. The details of the smart terminal
are shown in Figure 6.

Intelligent fusion terminal

Figure 6. Schematic diagram of the smart terminal.

This intelligent terminal employs the SCA2004T as its main control chip, which features
a 0.65/0.4 mm mixed-pitch FCCSP 636 package and integrates a suite of functional modules
including the neural processing unit (NPU), reconfigurable control unit (RCU), High-
performance image signal processor (ISP), video processing unit (VPU), and flexible video
input/output interfaces. This integrated architecture not only provides comprehensive
hardware support for the terminal but also endows it with both general video processing
and artificial intelligence computing capabilities.

The terminal can not only meet the basic computing power requirement of >2 tops but
also realize full-process efficient processing from data collection and artificial intelligence
(AI) computing to result output by virtue of the SCA2004T’s hardware acceleration capabil-
ity. Specifically, relying on the advanced noise reduction and HDR processing capabilities
of ISP, the terminal can stably maintain a voltage and current data collection accuracy of
£0.1% at room temperature with a prediction time of less than 300 ms, which exceeds the
basic requirement standards. Meanwhile, by integrating the video processing function
of VPU, image enhancement function of ISP, and AI computing function of NPU, the
terminal is capable of simultaneously processing sensor data and video stream data. It can
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fully satisfy the core requirements of high-precision data collection, fast Al inference, and
stable industrial-grade operation, making it particularly suitable for real-time monitoring
and predictive analysis in complex industrial environments. The specific parameters are
detailed in Table 3.

Table 3. Smart terminal parameters setting.

Parameter Value
Active current 0.015-0.075 A
Active energy constant 10,000 imp/kWh
Reactive current 15A
Reactive energy constant 10,000 imp /kvarh
Rated voltage 3x220V/380V
Active power 20W
Apparent power 30 VA
Charging voltage 48V
Rated capacity 600 mAh
CPU clock frequency 1GHz
Memory 2GB
Data storage memory 16 GB

CNN-BiLSTM-WFA was employed for fault diagnosis, setting the learning rate 3
to 0.001, the small batch size to 64, the epoch to 10, and the training set to 60%. Three
commonly used metrics were chosen to quantify the diagnostic performance of the model:
precision, recall, and F-score [39], to facilitate a comprehensive evaluation with the diagnos-
tic results of CNN-BiLSTM-Multiplicative Attention, CNN [40], BILSTM [41], LSTM [42]
and bidirectional gated recurrent unit (BiGRU) [43]. The specific parameter settings of the
six methods are shown in Table 4.

TP

Precision = TP+ ED (25)
TP
Recall = ———— 2
Ot = TP Y FEN (26)

2 X Precision x Recall
F = score = Recall + Precision 27)

where TP, FP, and FN are true positive, false positive, and false negative, respectively.

Table 4. Model parameters setting.

Types Parameters Value

Bidirectional Istm layer number 64

CNN-BiLSTM-WFA of cells
CNN-BiLSTM-Multiplicative Number of filters conv1D 64
Attention Conv1D core size 3
Pooling size of maxpooling1D 2
Number of filters convlD 64
CNN Conv1D core size 3
Pooling size of maxpooling1D 2
BiLSTM Bidirectional LSTM layer number 64

of cells
LSTM LSTM layer number of cells 64
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Table 4. Cont.
Types Parameters Value
BiGRU Bidirectional GRU layer number 64
of cells

Feature dimension 64
Number of spatiotemporal blocks 3
Spatiotemporal Transformer Number of attention heads 4
Kernel size 3

Hidden layer dimension 128

4.2. Comparison Experiments with Traditional Machine Learning Models

To comprehensively verify PEMFC fault diagnosis performance of the proposed CNN-
BiLSTM-WFA model, this experiment selected five mainstream models, namely CNN-
BiLSTM-Multiplicative Attention, CNN, BiLSTM, LSTM, and BiGRU, as the control group.
With the confusion matrix serving as the core evaluation tool, diagnostic performance tests
were conducted on five operational states of PEMFC. In the experiment, the labels of the
five operational states were defined as follows: label 0 represents the normal operational
state, label 1 denotes the hydrogen leakage fault, label 2 signifies the membrane drying
fault, label 3 corresponds to unknown state 1, and label 4 stands for unknown state 2. The
horizontal axis of the confusion matrix represents the fault type predicted by the model,
while the vertical axis represents the actual fault type, and the element values in the matrix
indicate the number of sample diagnoses under the corresponding states. The diagnostic
results of various models are shown in Figure 7.
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Figure 7. Confusion matrices of PEMFC fault diagnosis for different models.

It can be clearly seen from the confusion matrix results of PEMFC fault diagnosis for
various models that the diagnostic performance of different models presents significant
hierarchical characteristics under the five types of operating conditions. Among them,
the CNN-BiLSTM-WFA model exhibits the optimal diagnostic performance, with the
diagonal values of its confusion matrix all reaching the total number of samples under
the corresponding operating conditions, achieving fully accurate identification of the
five operating conditions without any misjudgments. The CNN-BiLSTM-Multiplicative
Attention model can well diagnose the normal state and unknown state 2 but has obvious
shortcomings in distinguishing between hydrogen leakage faults and unknown state 1.
The four models (CNN, BiLSTM, LSTM, and BiGRU) show similar diagnostic performance;
all of them can accurately identify membrane drying faults and unknown state 2 yet suffer
from a large number of cross-misjudgments in the diagnosis of normal states, hydrogen
leakage faults, and unknown state 1. The core reason for such differences in diagnostic
performance lies in the high similarity of sensor monitoring waveforms between hydrogen
leakage faults and unknown state 1, which makes it difficult for conventional models to
capture the essential differences between them. In contrast, CNN-BiLSTM-WFA model
achieves accurate distinction of such highly similar operating conditions by virtue of its
unique attention mechanism.

To verify PEMFC fault diagnosis performance of the proposed CNN-BiLSTM-WFA
model, five types of mainstream models were selected as controls in this experiment, and
a comprehensive comparison was conducted from two dimensions: diagnostic accuracy
and time efficiency, where time efficiency includes inference time and training time. The
specific diagnostic results and time indicators of each model are shown in Table 5.
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Table 5. Fault diagnosis results of PEMFC under different methods.

.. Inference Time Training Time
Types Label Precision Recall F-Score /Seconds /Seconds
0 1.00 1.00 1.00 / /
1 1.00 1.00 1.00 / /
. 2 1.00 1.00 1.00 / /
CNN-BiLSTM-WFA 3 1.00 1.00 1.00 / /
4 1.00 1.00 1.00 / /
Total 1.00 1.00 1.00 11.4 1164.4
0 0.63 1.00 0.77 / /
1 0.67 0.80 0.73 / /
. . . 2 1.00 1.00 1.00 / /
CNN-BiLSTM-Multiplicative Attention 3 1.00 020 033 / /
4 1.00 1.00 1.00 / /
Total 0.86 0.80 0.77 6.1 625.4
0 0.62 1.00 0.77 / /
1 1.00 0.80 0.89 / /
2 1.00 1.00 1.00 / /
CNN 3 1.00 0.60 0.75 / /
4 1.00 1.00 1.00 / /
Total 0.88 0.88 0.88 1.1 99.6
0 0.56 1.00 0.71 / /
1 1.00 0.60 0.75 / /
. 2 1.00 1.00 1.00 / /
BILSTM 3 1.00 0.60 0.75 / /
4 1.00 1.00 1.00 / /
Total 0.84 0.84 0.84 21.0 1244.2
0 0.56 1.00 0.71 / /
1 1.00 0.60 0.75 / /
2 1.00 1.00 1.00 / /
LST™ 3 1.00 0.60 0.75 / /
4 1.00 1.00 1.00 / /
Total 0.84 0.84 0.84 4.5 63.9
0 0.56 1.00 0.71 / /
1 1.00 0.60 0.75 / /
. 2 1.00 1.00 1.00 / /
BiGRU 3 1.00 0.60 0.75 / /
4 1.00 1.00 1.00 / /
Total 0.84 0.84 0.84 28.5 63.2
0 0.62 1.00 0.77 / /
1 0.60 0.60 0.60 / /
. 2 1.00 1.00 1.00 / /
Spatiotemporal Transformer 3 1.00 0.20 0.33 / /
4 0.83 1.00 0.90 / /
Total 0.81 0.76 0.72 14.0 1857.1

In terms of diagnostic accuracy, CNN-BiLSTM-WFA model achieved 100% precision,
recall, and F-score across all five operating states, realizing error-free diagnosis of all
samples, and its overall diagnostic performance was far superior to that of the other five
models. Compared with the CNN-BiLSTM-Multiplicative Attention model, the overall
precision was improved by 0.14 and the overall F-score was increased by 0.23, indicat-
ing that in the field of fault diagnosis, WFA mechanism proposed in this paper is more
capable of accurately diagnosing faults under highly similar operating conditions than
the Multiplicative Attention mechanism. The four models (CNN, BiLSTM, LSTM, and
BiGRU) exhibited highly homogeneous limitations in diagnostic performance, with many
cross-misclassifications in the diagnosis of normal states, hydrogen leakage faults, and
unknown state 1, and their overall precision, recall, and F-score all remained in the range
of 0.84-0.88.

From the perspective of time efficiency indicators, due to the integration of the complex
WFA mechanism, the CNN-BiLSTM-WFA model had a training time of 1164.4 s and an
inference time of 11.4 s, both of which were the highest among the six models. In contrast,
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the CNN-BiLSTM-Multiplicative Attention model had a training time of 625.4 s and an
inference time of 6.1 s; although its time consumption was significantly lower than that of
the CNN-BiLSTM-WEFA model, its diagnostic accuracy decreased sharply. The CNN model
had the optimal time efficiency, with a training time of only 99.6 s and an inference time
of 1.1 s, but its overall F-score was only 0.882. The results show that although the CNN-
BiLSTM-WFA model sacrifices a certain degree of time efficiency, it achieves a breakthrough
in PEMFC fault diagnosis performance with high diagnostic accuracy across all categories.

To verify the innovation of WFA mechanism, this study selects a representative spa-
tiotemporal attention model, the Spatiotemporal Transformer, for quantitative comparison
with the proposed CNN-BiLSTM-WFA model, with the results presented in Figure 7 and
Table 5. In terms of computational efficiency, the training time and inference time of the
Spatiotemporal Transformer are 1857.1 s and 14.0 s, respectively, whereas those of CNN-
BiLSTM-WFA are 1164.4 s and 11.4 s, corresponding to a 37.3% reduction in training time
and an 18.6% reduction in inference time. Regarding feature fusion performance, due to its
global attention mechanism, the Spatiotemporal Transformer fails to effectively distinguish
transient features between faulty and normal states, achieving a Precision of only 0.81 and
an F-score of 0.72. In contrast, the CNN-BiLSTM-WEFA achieves 100% diagnostic accuracy
through the synergistic fusion of amplitude features and time-difference features. Result
analysis confirms the innovation and superiority of the WFA mechanism: with lower
computational costs, the mechanism achieves superior diagnostic precision, effectively ad-
dressing the challenge of synergistic fusion of spatiotemporal features faced by traditional
spatiotemporal attention models, and providing efficient and accurate technical support
for lithium-ion battery fault diagnosis.

The reason why this model achieves 100% diagnostic metrics across all categories
is twofold. On the one hand, it benefits from its core WFA mechanism-this mechanism
innovatively integrates amplitude of attention and temporal differences in attention. Specif-
ically, amplitude attention can accurately capture key amplitude features such as waveform
peaks and valleys, while temporal difference attention is capable of characterizing temporal
dynamic variation laws by calculating signal differences between adjacent time steps. The
synergistic effect of these two components enables the model to realize error-free iden-
tification of such highly similar states. In contrast, comparative models such as CNN,
which lacks temporal correlation modeling capability, and BiLSTM, which is deficient in
targeted focusing on key waveform features, both produce diagnostic misjudgments in
the high-similarity signal interval. This not only verifies the actual diagnostic difficulty of
unknown states but also highlights the technical superiority of the proposed model. On
the other hand, it should be objectively noted that this perfect diagnostic performance is
also limited by specific scenario settings. This study only focuses on diagnostic tasks for
unknown states caused by single-type faults and normal transients, without involving
complex working conditions of multi-fault coupling. Under multi-fault coupling scenarios,
signal features exhibit multi-modal superposition characteristics, leading to a significant
increase in diagnostic difficulty.

4.3. Model Stability Validation

To verify the stability and robustness of the proposed CNN-BiLSTM-WFA model in
PEMFC fault diagnosis task, 10 consecutive repeated experiments were conducted on the
model in this study. The boxplot was adopted to visually analyze the core evaluation
metrics (precision, recall, and F-score) of the experiments, and the experimental results are
shown in Figure 8.
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Figure 8. Boxplot of core diagnostic metrics for CNN-BiLSTM-WFA model stability verification.

From the distribution characteristics of the boxplot in Figure 8, the three core metrics
of the model all exhibit the features of high centralization and low discreteness. The
medians of the three metrics all reach above 0.98, the first quartiles are not less than 0.97,
and the third quartiles are close to 1.00, indicating that the model maintains excellent
and stable diagnostic performance throughout multiple repeated experiments without
any performance collapse caused by sudden metric drops. Among the results of the
10 experiments, the diagnostic precision reached 97% in 4 experiments, 98% in 1 experiment,
99% in 3 experiments, and 100% (achieving full-sample accurate diagnosis) in another
2 experiments, with an overall average diagnostic precision of 98.3%. Notably, the stable
performance of the model is particularly prominent in small-sample scenarios: even for the
membrane drying fault and Unknown 1, the model still maintains consistent diagnostic
precision across 10 repeated experiments. This indicates that the integrated strategies
of data augmentation, regularization, and targeted feature extraction effectively address
the convergence challenges of small-sample training, ensuring the model’s reliability in
practical PEMFC fault diagnosis with limited data availability.

These results fully verify the stability and robustness of the model.

4.4. llustration of Permutation Feature Importance Algorithm

In an effort to accurately assess the relative importance of each sensor in the system,
a systematic analysis was conducted on 20 sensors using the PFI interpreter, with the
results presented in Figure 9 (horizontal axis: sensor number; vertical axis: corresponding
importance score). This visualization clearly stratifies the significance of different sensors;
with sensor No. 18 (primary water inlet flow #2) assigned the highest importance rating
and sensor No. 1 (anode outlet pressure #1) assigned the lowest. Specifically, the six sensors
with the highest importance scores are ranked as follows: sensor 18 (primary water inlet
flow #2), sensor 17 (primary water inlet pressure #1), sensor 8 (anode inlet pressure #2),
sensor 19 (primary water inlet flow #1), sensor 1 (anode outlet pressure #1), and sensor 9
(cathode air inlet flow).
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Figure 9. PFI score for sensors.

The high importance of water inlet-related sensors (sensors 17, 18, 19, and their
corresponding stack 2 counterparts such as sensor 16, primary water inlet pressure #2)
can be directly linked to the physical fault mechanism of membrane drying elaborated
in Section 2.1. As noted earlier, the hydration state of the proton exchange membrane is
critical to maintaining proton conductivity and overall cell performance, and the primary
water inlet flow and pressure are core parameters that determine the membrane’s water
content. When membrane drying occurs, the rate of water removal from the membrane
exceeds the rate of water supply, leading to abnormal fluctuations in water inlet flow and
pressure. The PFI results confirm that these water management-related sensors are most
sensitive to such faults, as their signals can directly reflect the membrane’s hydration status
and thus enable early identification of drying faults.

For sensor 8 (anode inlet pressure #2), its high importance correlates with the hydrogen
leakage fault mechanism. Hydrogen leakage (caused by seal failure, material defects, or
operational errors) disrupts the stability of the anode’s hydrogen supply pressure, resulting
in measurable deviations in anode inlet pressure. PFI interpreters identifies this sensor
as a key indicator for hydrogen system anomalies, as pressure fluctuations at the anode
inlet directly reflect the integrity of the hydrogen supply loop and the presence of leakage
faults. In contrast, sensor 1 (anode outlet pressure #1) has the lowest importance because its
signal shows minimal sensitivity to both membrane drying and hydrogen leakage-anode
outlet pressure is less responsive to early-stage membrane hydration changes and only
exhibits obvious deviations in severe, late-stage hydrogen leakage, making it an ineffective
indicator for early fault diagnosis.

Compared to conventional feature extraction techniques, the PFI interpreter not only
accurately identifies the sensors that are closely associated with the core fault diagnosis
algorithms but also effectively eliminates sensor redundancy. This not only considerably
reduces the cost of the monitoring system but also establishes a direct bridge between data-
driven feature importance and the physical fault principles of PEMFC systems, providing a
scientific foundation for both feature extraction and system optimization. The insights here
integrate data analytics with domain knowledge, verifying that the most critical sensors
from PFI results are precisely those that map to the primary failure modes of PEMFC.

4.5. Parameter Sensitivity Analysis

In the optimization of deep learning models, parameter sensitivity analysis plays a
pivotal role, as it can quantitatively reveal the extent to which individual parameters affect
model performance and thereby provide targeted guidance for hyperparameter tuning.
For the CNN-BiLSTM-MHA hybrid model proposed in this study, four structurally critical
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and functionally irreplaceable hyperparameters—dropout_rate, conv_filters, learning_rate,
and Istm_units—were selected for sensitivity analysis based on their distinct roles in the
model’s architecture and training dynamics: dropout_rate was chosen due to its direct
regulation of the model’s regularization intensity, which determines the level of random
neuron inactivation during training and thus serves as a key safeguard against overfit-
ting, a prevalent challenge for complex hybrid deep learning frameworks; conv_filters
was identified as the core parameter of CNN module, which undertakes the extraction
of local spatial features from input PEMFC monitoring data, with its quantity directly
dictating the depth and richness of low-level feature capture for subsequent processing;
learning_rate was prioritized as a fundamental optimizer hyperparameter that governs
the step size of weight updates during backpropagation, thereby controlling the model’s
ability to stably converge to a global optimal solution rather than oscillating or diverg-
ing during training; and Istm_units was included as the critical parameter of BiLSTM
module, which dominates the model’s capacity to capture long-term temporal depen-
dencies in sequential PEMFC operating data-a core functional requirement for achieving
high-precision fault diagnosis. Based on this targeted parameter selection, a systematic
sensitivity analysis was conducted, yielding the results presented in Figure 10, which
demonstrate that the four hyperparameters exert significantly heterogeneous impacts on
model performance: learning_rate exhibits high sensitivity, with values exceeding 0.005
leading to a marked decline in model precision due to the optimizer skipping the global
optimal solution during weight updates; in contrast, conv_{filters and Istm_units have
minimal influence on performance, with variations in Istm_units causing a precision fluctu-
ation of less than 0.1, a phenomenon that may be attributed to the MHA module’s more
dominant role in high-level feature fusion and final fault classification; dropout_rate dis-
plays moderate sensitivity, where extreme values (either excessively high or low) induce
underfitting or overfitting, respectively, and consequently result in a noticeable reduction in
diagnostic precision.
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Figure 10. Sensitivity analysis of key parameters on CNN-BiLSTM-MHA model diagnostic precision.
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4.6. Sensitivity Analysis to Real-World Noises

To verify the robustness of the proposed CNN-BiLSTM-WFA model in practical indus-
trial scenarios, this study designed three typical noise interference experiments, namely
Gaussian noise, DC measurement offset noise with £0.5% dynamic range, and power fre-
quency/power ripple noise with 1-5% dynamic range. Among them, DC measurement off-
set noise was used to simulate the zero drift or measurement offset error of current/voltage
sensors, which was implemented by adding a random constant offset of £0.5% of the
dynamic range of each column to the monitoring parameter columns; its amplitude was
consistent with the basic measurement accuracy deviation of sensors, thus reflecting the
inherent hardware errors of on-site sensors. In contrast, the power frequency/power ripple
noise was employed to simulate the power frequency electromagnetic interference and
power supply ripple in power systems, which was achieved by superimposing sinusoidal
fluctuations with an amplitude of 1-5% of the dynamic range and a normalized frequency
in the range of 0.05-0.15 on each parameter column; its periodic fluctuation characteristics
were fully consistent with the grid interference scenarios when the PEMFC system was in
grid-connected operation. The experimental results are shown in Figure 11 and Table 6.

0420 0 0 0 0 o4 20 0 0 0 0
1 2 18 0 0 0 14 2 18 0 0 0
:T:j 24 0 0 20 0 0 =21 0 0 0 0 20
s 2
34 0 0 0 20 0 3 0 0 0 20 0
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Figure 11. Confusion matrices of CNN-BiLSTM-WFA model for fault diagnosis under real-world noises.

Table 6. Fault diagnosis results of PEMFC under different real-world noises.

Types Precision Recall F-Score
Gaussian noise 1.00 1.00 1.00
Offset noise 1.00 0.98 0.89
Periodic noise 0.80 0.78 0.79

In the Gaussian noise scenario, the model achieved a precision, recall, and F1-score
of 1.00, and the corresponding confusion matrix showed a strict diagonal distribution,
demonstrating complete robustness. Under DC offset noise, the overall precision of the
model remained at 1.00, while the recall dropped to 0.98 and the F1-score decreased to
0.89; only 2 samples of label 1 were misclassified as label 0, and the other categories were
identified accurately. Under the interference of power frequency ripple noise, the model
performance degraded significantly, with the precision, recall, and F1-score dropping to
0.80, 0.78, and 0.79, respectively, and all 20 samples of label 2 were misclassified as label 4.
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The experimental results indicate that the proposed model has strong robustness to
Gaussian noise and sensor static offset noise, which can meet the diagnostic requirements of
conventional industrial scenarios; however, it exhibits category-specific sensitivity to power
frequency periodic dynamic noise in power systems, which needs further improvement
and enhancement.

5. Conclusions

In this paper, a data-driven PEMFC fault diagnosis framework is proposed, encom-
passing data processing, temporal-spatial WFA construction, and interpretability analysis
of fault diagnosis models. The veracity of this study was ascertained by employing gen-
uine PEMFC experimental datasets. The principal research findings can be summarized
as follows:

(1) In this study, an innovative WFA mechanism is proposed. By integrating amplitude
attention and temporal difference attention and then completing multi-scale cross-
temporal feature fusion through a multi-head attention module, the mechanism
effectively extracts fault features. Comparative experiments demonstrate that CNIN-
BiLSTM-WFA model equipped with WFA mechanism can achieve 100% diagnostic
precision, recall, and F-score for five types of operating conditions. Compared with
the traditional self-attention mechanism, the overall diagnostic precision is improved
by 14%, providing an efficient feature extraction scheme for fault identification of
PEMEFC under complex operating conditions.

(2) Stability analysis experiments show that the diagnostic precision of the CNN-BiLSTM-
WEFA model ranges from 97% to 100%, with an average diagnostic precision of 98.3%,
which ensures the reliability of the model in practical engineering scenarios with
limited data.

(3) By quantifying the feature contribution of 20 monitoring sensors using PFI, this
study identifies the core sensitive sensors for fault diagnosis. This not only effectively
eliminates sensor redundancy and reduces the hardware cost of the monitoring system
but also enhances the interpretability of the model.

(4) A sensitivity analysis was conducted on the model, revealing the impacts of four
major parameters on the model’s performance.

Although the diagnostic method proposed in this study has achieved favorable results,
it still has limitations in the following four aspects.

(1) The proposed model takes a long time for training and inference, and its computational
efficiency has not yet met the core requirements of industrial application scenarios
for real-time performance and low-cost deployment, making it difficult to directly
adapt to the needs of online monitoring and rapid decision-making in engineering
practice [44,45].

(2) The scale of original data samples is relatively limited, and the issue of information
leakage was not fully considered in the data augmentation process.

(8) The acquisition of real-world scenario datasets is restricted, and cross-dataset verifica-
tion has not been conducted, so the generalization ability and robustness of the model
remain to be further verified.

(4) This study has not incorporated experiments on small-sample scenarios, which to a
certain extent limits the comprehensive evaluation of the model’s performance under
data-scarce conditions.

In light of the limitations discerned during the diagnostic phase, future research
endeavors are oriented towards addressing the ensuing four pivotal areas:
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In response to the problem of low computational efficiency of the proposed
model, future research will improve its efficiency through a combination of algo-
rithm optimization and hardware adaptation, so as to meet the requirements of
industrial applications.

To address the issues of limited sample size of raw data and information leakage,
future research will expand high-quality data sources and establish a secure data
augmentation mechanism, thereby constructing a reliable data system.

To enhance the generalization ability and robustness of the model, future research will
build a multi-dimensional verification dataset, conduct cross-dataset and adversarial
tests, and carry out targeted optimization of the model based on the test results.
Future research will focus on experiments under small-sample conditions. Specifically,
we will conduct sensitivity analyses with different training proportions to evaluate the
model’s performance across varying levels of data scarcity and carry out comparative
studies with representative baseline methods of Few-shot Learning.
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