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 A B S T R A C T

The complex interaction of internal physical phenomena makes predicting the degradation of Proton Exchange 
Membrane Fuel Cells (PEMFCs) under dynamic operating conditions a critical but persistent challenge. To 
address this, the present work develops a hybrid model based on Bidirectional Long Short-Term Memory 
(Bi-LSTM) layers with a multi-head self-attention mechanism to capture degradation dependencies across both 
short and long time-frames. When benchmarked against state-of-the-art architectures, including attention-based 
LSTM variants and the Temporal Fusion Transformer (TFT), the model achieves a reduction of up to 52.7% in 
Root Mean Square Error (RMSE). The model’s accuracy is confirmed across single-step, multi-step, and long-
term forecasting scenarios, where it consistently maintains high predictive accuracy (𝑅2 ≥ 0.998) for prediction 
horizons of up to 175 steps ahead. Furthermore, this high performance is achieved with notable data efficiency, 
requiring a training dataset of 300 h. These combined strengths in accuracy, long-term reliability, and data 
efficiency make the proposed Bi-LSTM Transformer an effective tool for predictive health management under 
dynamic load cycles.
1. Introduction

Driven by the escalating impacts of climate change and the sig-
nificant contribution of the energy sector to greenhouse gas (GHG) 
emissions, there is a critical imperative to decarbonize global energy 
systems and mitigate resource depletion [1]. In this context, Micro-
grids (MGs) and Distributed Renewable Energy Sources (DRES) have 
emerged as pivotal systems for achieving localized energy reliabil-
ity and flexibility [2]. However, the integration of these renewable 
sources into the grid is complex due to the inherent variability and 
intermittency characterizing generation profiles such as wind and solar 
power [3]. To mitigate these fluctuations, hydrogen serves as a ro-
bust energy vector enabling temporal energy shifting via electrolysis. 
Complementing this storage capability, Fuel Cells (FCs) reconvert the 
stored hydrogen into electricity to function as dispatchable generators, 
thereby stabilizing renewable intermittency [4].

Therefore, a critical application of hydrogen systems represents 
a key solution for decarbonizing challenging sectors such as trans-
portation [5]. By replacing conventional fossil fuel engines with low-
emission alternatives, substantial reductions in emissions can be
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achieved across heavy-duty transport, maritime shipping, aviation, and 
stationary power generation [6]. Among the available technologies, 
PEMFCs are a compelling solution due to their high energy density, 
rapid refuelling capability, and absence of harmful emissions [7]. In 
particular, their suitability for vehicular applications arises from two 
key advantages. First, their solid proton exchange membrane provides 
mechanical robustness against vibrations. Second, they operate effi-
ciently at low temperatures, enabling rapid start-ups from ambient 
conditions [8].

Despite these advantages, ensuring long-term durability remains a 
critical challenge for PEMFCs, especially when compared to the lifes-
pan of mature technologies like internal combustion engines [9]. This 
durability is affected by a combination of factors, including material 
ageing, component design, and a range of operational stressors inherent 
to vehicular use [10]. The high initial cost of these systems makes 
predicting the resulting degradation essential to protect the investment 
and ensure the economic viability of the technology [11].

Prognostic and Health Management (PHM) methodologies offer a 
promising approach to meet these durability challenges by evaluating 
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the system’s current health and predicting its future performance [12]. 
Such prognostics inform maintenance strategies to improve reliability 
and extend the operational lifetime [13]. However, creating accu-
rate predictive models is challenging. Their development requires a 
deep understanding of the complex interplay between electrochemistry, 
thermodynamics, and fluid dynamics, as well as degradation phenom-
ena that occur over various timescales [14]. Consequently, existing 
prognostic approaches are broadly categorized into model-based and 
data-driven [15].

Model-based prognostic methods rely on a detailed understanding of 
the internal degradation mechanisms affecting various components of 
PEMFCs. For instance, Koltsiva et al. developed a single-cell mathemati-
cal model that captures platinum Electrochemical Surface Area (ECSA) 
degradation by incorporating processes such as nanoparticle dissolu-
tion, migration, and coalescence [16]. Although this model offers a 
thorough theoretical framework, it still requires extensive experimental 
validation, which can be resource-intensive. Other studies, such as 
Zhang et al. [17], have adopted simplified semi-empirical models com-
bined with filtering techniques like the Multi-Point Square-Root Central 
Difference Kalman Filter (MP-SRCDKF). Nonetheless, their applicability 
may be limited by assumptions such as constant ageing behaviour over 
fixed time intervals, which do not always align with real-world operat-
ing conditions. Similarly, a constrained version of the Extended Kalman 
Filter (EKF) is employed in [18]. However, like many model-based 
approaches, its effectiveness is often restricted to specific operating 
conditions, which reduces its accuracy, particularly when dealing with 
complex temporal dependencies.

To overcome the limitations of physics-based models in capturing 
the complex and non-linear degradation of PEMFCs, researchers have 
turned to data-based prognostic methods. Many of these methods rely 
on Artificial Neural Networks (ANN) to automatically learn patterns 
and trends from experimental data [19]. Initial approaches explored 
various architectures; for instance, the Adaptive Neuro-Fuzzy Inference 
System (ANFIS) was used for short-term prognostics [20], while Con-
volutional Neural Networks (CNN) have been applied for multi-step 
predictions [21]. For time-series prediction, however, Recurrent Neural 
Networks (RNNs) became the primary tool due to their inherent ability 
to process sequential data [22]. Despite their success, traditional RNNs 
often face challenges, such as the vanishing gradient problem, which 
complicates the training process. To address this and other limitations, 
a trend towards hybridization emerged.

This move towards combining multiple architectures is a direct re-
sponse to the challenge of capturing the multi-scale temporal nature of 
PEMFC degradation, as will be discussed further in Section 2. Examples 
include integrating Gated Recurrent Units (GRU) with CNNs [23] or 
combining LSTM with Support Vector Machines [24]. Beyond simple 
hybridization, a more advanced approach to mitigate RNN limita-
tions involves the integration of attention mechanisms inspired by 
Transformer architectures. The Transformer is a deep neural network 
architecture that replaces the sequential processing of RNNs with a 
self-attention mechanism. The self-attention mechanism calculates im-
portance scores between all elements, allowing the model to process 
the entire input sequence simultaneously [25]. This method provides 
a superior capacity for capturing long-term dependencies and global 
context, overcoming a key limitation of traditional RNNs [26]. For 
example, Zuo et al. integrated LSTM and GRU networks with atten-
tion modules to predict PEMFC degradation [27]. In another study, 
LSTM was paired with a self-attention mechanism for single-step-ahead 
forecasting [28]. However, that approach relied on future known co-
variates, which limits its applicability to vehicular prognostics, where 
such information is unavailable. A further development involved com-
bining LSTM with a Dual-stage Attention mechanism (DA-LSTM) to 
support both multi-step-ahead and long-term prediction tasks [29]. 
Nonetheless, these models are still constrained by the unidirectional 
nature of LSTMs, which limits their ability to capture full temporal 
dependencies. This limitation is problematic in prognostics, as a point’s 
2 
significance depends on the entire sequence, including backward and 
forward data points in the sequence. As a result, a fundamental chal-
lenge remains: effectively modelling the multi-scale temporal nature of 
PEMFC degradation, which involves disentangling short-term transient 
responses from long-term health decline.

Motivated by these limitations, this work proposes a specialized hy-
brid model that integrates Bi-LSTM layers with a Transformer-inspired 
self-attention mechanism for improved PEMFC prognostics. The pro-
posed prognostic model introduces a specific architectural adaptation 
to the standard Transformer framework by replacing sinusoidal po-
sitional encoding with Bi-LSTM layers. In the original Transformer 
architecture, positional encoding is required to provide the model with 
information about the order of the sequence. Our approach, however, 
leverages the inherent sequential processing capabilities of Bi-LSTM 
to create richer, context-aware representations of the input data that 
implicitly contain this temporal ordering. This adaptation allows the 
self-attention mechanism to more effectively identify complex depen-
dencies across the entire sequence, thereby enhancing the model’s 
ability to capture both short-term local dynamics and long-term global 
trends. The primary objective is to develop a robust model capable 
of accurately forecasting voltage behaviour under diverse operating 
conditions. To rigorously validate our approach, the proposed model 
is benchmarked against a curated set of state-of-the-art models from 
the literature. These benchmarks were specifically chosen to represent 
key architectural families, including established recurrent baselines like 
LSTM and GRU, their attention-augmented variants, a modern pure-
attention architecture such as the TFT, and other advanced hybrids like 
the DA-LSTM. All models were compared on the same public dataset, 
using identical data preprocessing methods and performance metrics, 
ensuring a comprehensive and fair comparison. The contributions of 
this study are threefold:

• The implementation of a hybrid neural network architecture that 
effectively combines the sequential learning capabilities of Bi-
LSTM with the global context provided by self-attention mech-
anisms.

• A comprehensive evaluation of the model’s performance through 
single-step-ahead, multi-step-ahead, and long-term forecasting 
scenarios.

• Evidence of enhanced predictive accuracy and reliable perfor-
mance on the tested dynamic load profile, outperforming existing 
state-of-the-art methods.

The rest of the paper is structured as follows: Section 2 introduces 
the PEMFC prognostics problem, describing the most significant chal-
lenges in predictive modelling. Section 3 describes the experimental 
dataset, data pre-processing methods, performance metrics, and the 
proposed model architecture. Section 4 details the results of the prog-
nostic framework along with a comparative analysis across different 
forecasting strategies. Finally, Section 5 presents the conclusions and 
outlines directions for future research.

2. The challenge of PEMFC prognostics

The development of an effective prognostic model for PEMFCs 
requires a deep understanding of the underlying physical phenomena 
that govern their degradation. This section details these foundational 
challenges, establishing the context for the data-driven approaches 
discussed in this work.

2.1. Degradation mechanisms and prognostic challenges

The durability of a PEMFC is not governed by a single, simple pro-
cess, but by a complex interplay of degradation mechanisms that affect 
different components over time. These mechanisms are highly sensitive 
to operating conditions, particularly the dynamic load profiles, start-
stop cycles, and humidity levels common in vehicular applications [10]. 
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Fig. 1. Operating principle of a PEMFC, illustrating the main components of the MEA. The red markers illustrate some examples of degradation: (a) chemical 
and mechanical stress on the membrane, (b) platinum dissolution and corrosion in the catalyst layer, and (c) loss of hydrophobicity in the Gas Diffusion Layer 
(GDL).
The degradation primarily originates in the Membrane Electrode As-
sembly (MEA), which is composed of the membrane, the catalyst layers, 
and the Gas Diffusion Layers (GDLs), as illustrated in Fig.  1 [30].

The proton exchange membrane, for instance, is susceptible to 
both chemical and mechanical stress. Chemical attacks from peroxide 
radicals (H2O2) can thin the polymer structure and create pinholes, 
while thermal and humidity cycles induce mechanical fatigue, leading 
to cracks and reactant gas crossover [14]. Simultaneously, the catalyst 
layers suffer from a loss of Electrochemical Surface Area (ECSA), a 
critical factor for the PEMFC’s efficiency [31]. This loss occurs through 
multiple pathways, including the dissolution and migration of plat-
inum nanoparticles and the corrosion of the carbon support material, 
which causes catalyst particles to detach and become inactive [16]. 
Completing the picture, the Gas Diffusion Layers (GDLs) can lose their 
hydrophobicity over time, which impairs water management and leads 
to electrode flooding, while mechanical compression can reduce their 
porosity, hindering effective gas distribution [10].

These interconnected physical degradation phenomena lead to a 
gradual and complex loss of performance, presenting several significant 
challenges for predictive models [32]. Firstly, the rate of degradation is 
not constant. It is strongly modulated by dynamic operating conditions 
that create time-varying stress on the components [33]. This variability 
is difficult to capture with simple empirical models [34]. Secondly, 
the degradation path itself is often non-linear and non-monotonic. 
The degradation path can alternate between accelerated decay, slow 
degradation, and even moments of partial performance recovery [35]. 
This complexity can easily mislead prognostic algorithms. Finally, as 
shown in Fig.  2, the resulting operational data exhibits multi-scale 
temporal features. This means the signal contains rapid, transient volt-
age responses to load changes (on the order of seconds or minutes) 
superimposed on the slow, underlying degradation trend (on the order 
of hundreds of hours). A robust prognostic model must therefore be 
capable of disentangling these short-term dynamics from the long-term 
health decline to make accurate forecasts.
3 
2.2. Forecasting approach

The primary goal of a prognostic model is to forecast the evolution 
of the PEMFC’s performance. State of Health (SOH) is a measure 
of the present performance condition of a PEMFC [13]. The output 
voltage is the most direct and non-invasive performance indicator. 
This is because it is constantly monitored during normal operation 
and encapsulates the final effect of all internal electrochemical and 
degradation processes [15]. Therefore, a model that accurately predicts 
future voltage behaviour is implicitly forecasting the system’s SOH. 
Under dynamic load profiles, this voltage fluctuates constantly. As a 
result, the SOH is not reflected in a single static value but rather in the 
dynamic relationship between the demanded current and the resulting 
voltage over time [36].

However, the unknown nature of future load profiles in many 
vehicular applications poses a significant challenge for forecasting [37]. 
To address this, the approach taken in this work uses a neural net-
work to directly map the historical voltage sequence to the future 
voltage sequence, a method known as an autoregressive approach. 
By learning from past voltage data alone, the model implicitly learns 
to distinguish between the effects of the load and the underlying 
degradation trend, demonstrating its capacity to capture the system’s 
health state and degradation trajectory. Crucially, this autoregressive 
approach avoids the need for known future inputs, such as the current 
profile. This stands in contrast to alternative methodologies that require 
future covariates to make a prediction, a fundamental difference that 
is illustrated conceptually in Fig.  3.

Although the proposed model is fundamentally data-driven and 
does not explicitly modify the electrochemical governing equations, 
it operates on the premise that physical degradation mechanisms im-
print a distinct signature on the voltage dynamics. As discussed in 
Section 2.1, phenomena such as catalyst degradation (ECSA loss) and 
membrane ageing induce concrete alterations in internal resistance and 
reaction kinetics. These physical modifications manifest as observable 
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(a) 

(b) 

Fig. 2. PEMFC voltage data exhibiting multi-scale temporal characteristics, 
showing short-term dynamics (top) versus the long-term degradation trend 
visualized with hourly box-plots (bottom).

deviations in the voltage response, characterized by increased voltage 
drops during load transients or high current regimes. By process-
ing the historical voltage sequence, the model learns to distinguish 
these multi-scale temporal patterns, associating short-term transient 
responses with immediate load conditions while linking long-term drift 
to the accumulation of irreversible physical damage.

3. Materials and methods

This section is divided into three subsections. First, we describe 
the experimental dataset on which the performance of the proposed 
forecasting algorithm has been tested. Second, we present the data pre-
processing used, and the performance metrics adopted to measure the 
model’s accuracy. Finally, we explain the model architecture along with 
the theoretical basis of the key components.

3.1. Experimental dataset

The experimental data used in this study is an open-access dataset 
reported in [38]. It contains long-term durability test results performed 
on a commercial single-cell PEMFC, manufactured by Wuhan WUT New 
Energy Co. The durability tests were conducted using a Greenlight fuel 
cell test station (G20, P17-2390, Burnaby, B.C., Canada), as illustrated 
in the schematic in Fig.  4. During testing, the PEMFC operated under 
a Fuel Cell Dynamic Load Test Cycle (FC-DLC), designed based on the 
New European Driving Cycle (ECE R15), as illustrated in Fig.  5. This 
dynamic load cycle was repeated 3076 times over the entire dataset, 
resulting in approximately 1008 h of operational data recorded at a 
sampling frequency of 1 Hz.
4 
Each FC-DLC lasts 1180 s and consists of dynamic current vari-
ations, during which the current changes through 35 discrete steps 
and assumes one of nine values: 0, 1.76, 4.43, 9.48, 10.38, 14.82, 
20.70, 29.59, and 35.53 A. The dataset includes measurements of 17 
variables, such as time, current, and voltage, along with 12 additional 
variables related to the fuel cell’s operating conditions. These addi-
tional parameters include pressures, temperatures, and volumetric flow 
rates measured at the electrodes, and their evolution throughout the 
experiment is shown in Fig.  6.

As observed in Fig.  6, particularly in subplots (e) through (l), the 
different temperature variables are maintained within ranges close to 
the nominal operating conditions for PEMFCs. This thermal stability 
indicates that the degradation observed during the experiment is not 
attributed to water phase changes, freezing, or extreme temperature 
excursions. Therefore, the scope of the proposed prognostic model is 
defined for PEMFCs operating within nominal thermal ranges, and does 
not encompass degradation caused by extreme thermal changes.

Among the measured variables, voltage is the most commonly used 
health index in the literature. This choice is mainly justified by the 
fact that the voltage across the stack terminals is directly influenced 
by operating conditions and closely reflects the degradation processes 
occurring within the PEMFC [17]. Moreover, relying solely on voltage 
transforms the forecasting task into an auto-regressive problem, en-
abling multi-step ahead predictions without the need for future values 
of external variables. Given these advantages, voltage has been selected 
in this study as the key health index to assess performance degradation 
over time.

3.2. Data pre-processing

Due to the large volume of data (1008 h sampled once per second), 
managing computational resources and training the neural network 
present significant challenges. In particular, high noise can generate 
poor predictions, especially in predicting long-term trend degradation. 
As a mitigation measure, a resampling procedure was carried out. In 
each cycle, 35 representative values were selected to capture the 35 
transitions available in the FC-DLC. To reduce noise from transient 
voltage oscillations, the fifth-to-last data point within each constant 
current interval was chosen. This specific sampling point was selected 
to capture the quasi-steady state voltage, effectively filtering out short-
term electrical transients. This criterion is also consistent with previous 
prognostic studies. Zuo et al. [27] first extracted one representative 
point per current step of the FC-DLC to build the voltage health 
indicator on this same dataset. Li et al. [28] applied the same per-
step extraction to the operating covariates feeding their temporal fusion 
transformer. Yang et al. [39] used an equivalent quasi-steady-state 
sampling under static, quasi-dynamic and dynamic conditions. Adopt-
ing it here keeps the present results directly comparable with these 
benchmarks. Overall, this procedure, applied over 3076 FC-DLC cycles, 
resulted in approximately 107,600 data points. The resulting PEMFC 
voltage after resampling is shown in Fig.  7.

The second step of the data pre-processing is the division of the 
dataset into training (𝑋train) and test (𝑋test) sets. In order to enhance the 
training performance of the neural network, the data are normalized by 
a standard scaler so that all of the features follow a normal distribution 
with a mean of 0 and a standard deviation of 1, as is defined as follows:

𝐱𝑖 =
𝑥𝑖 − 𝑥̄train
𝜎train

, 𝑥𝑖 ∈ 𝑋train ∪𝑋test (1)

𝑥̄Train = 1
𝑁train

𝑁train
∑

𝑖=1
𝑥𝑖, 𝑥𝑖 ∈ 𝑋Train (2)

𝜎Train =

√

√

√

√
1

𝑁train

𝑁train
∑

𝑖=1

(

𝑥𝑖 − 𝑥̄Train
)2, 𝑥𝑖 ∈ 𝑋Train (3)

Here, 𝑥𝑖 are the input data. 𝐱𝑖 are the normalized data. 𝑁train
denotes the number of data points in the training set. 𝑥̄  is the mean, 
Train
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Fig. 3. Comparison of forecasting methodologies: the proposed approach using only historical data (top), versus an alternative approach requiring future known 
inputs (bottom).

Fig. 4. Schematic of the experimental test bench used for data acquisition [27].

Renewable Energy 277 (2026) 126453 

5 



L.M. Perez et al. Renewable Energy 277 (2026) 126453 
Fig. 5. Dynamic voltage and current to one FC-DLC.

and 𝜎Train is the standard deviation of the training set. Standardization 
is performed on the training and test sets. Finally, each dataset is 
organized into input sequences defined by a fixed time window (𝑆) and 
target output sequences of a given length (𝑇 ).

3.3. Performance evaluation metrics

To evaluate the performance of the proposed model, four commonly 
used metrics in time series forecasting are considered: Mean Squared 
Error (MSE), RMSE, MAE, and the 𝑅2. The mathematical formulations 
for each of these metrics are presented below. 

MSE = 1
𝑛

𝑛
∑

𝑖=1

(

𝑦𝑖 − 𝑦̂𝑖
)2 (4)

RMSE =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1

(

𝑦𝑖 − 𝑦̂𝑖
)2 (5)

MAE = 1
𝑛

𝑛
∑

𝑖=1

|

|

𝑦𝑖 − 𝑦̂𝑖|| (6)

𝑅2 = 1 −
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̂𝑖)2
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̄)2
(7)

Here, 𝑦𝑖 represents the actual observed values, while 𝑦̂𝑖 corresponds 
to the predicted values. The total number of samples is denoted by 𝑛, 
and 𝑦̄ represents the mean of the observed values in the test set. A lower 
MSE, RMSE, and MAE show a higher predictive accuracy, whereas an 
𝑅2 value approaching 1 suggests a stronger correlation between the 
predicted and actual values.

3.4. Bi-LSTM Transformer model

This section describes the architecture of the proposed Bi-LSTM 
Transformer model, which incorporates Bi-LSTM layers into the con-
ventional encoder of the classic Transformer framework, along with 
the attention mechanism. The complete model, designed for time series 
prediction, is illustrated in Fig.  8.

In this architecture, the Bi-LSTM layers take the place of the conven-
tional positional encoding and feedforward modules, thereby enabling 
a deeper capture of temporal dependencies. In the following subsec-
tions, complete explanations of all layers are presented, such as the 
operation mechanism of the Bi-LSTM layers and the operation of the 
multi-head self-attention layer.
6 
Table 1
Parameters for the proposed neural network.
 Parameter Value 
 Hidden units of 1st Bi-LSTM layer 35  
 Number of attention heads 4  
 Dimension of keys and queries 16  
 Neurons in the 1st dense layer 70  
 Hidden units of 2nd Bi-LSTM layer 35  
 Neurons in the 2nd dense layer T  
 Optimizer Adam 
 Epochs 100  
 Gradient threshold 1  
 Dropout factor 0.1  

3.4.1. Bi-LSTM
LSTM networks are a special subset of recurrent neural networks 

designed to avoid the vanishing gradient problem, thereby enabling the 
efficient handling of long-range dependencies in sequences [40]. In the 
context of time series forecasting, each LSTM cell operates with two 
key states: the hidden state (ℎ𝑡), which is also the output at time step 𝑡, 
and the cell state (𝐶𝑡), which accumulates information from previous 
time steps via (𝐶𝑡−1) and (ℎ𝑡−1) from other cells in the same layer. 
At each time step, the cell state is updated by selectively adding or 
removing information through a set of gating mechanisms: the forget 
gate (𝑓𝑡), the input gate (𝑖𝑡), the cell candidate (𝑔𝑡), and the output gate 
(𝑜𝑡). The gating mechanisms depend on learnable parameters: the input 
weights (𝑊 ) associated with the input layer (𝑥𝑡), the recurrent weights 
(𝑅) related to previous hidden states, and the bias 𝑏. Their mathematical 
definitions are as follows: 
𝑓𝑡 = 𝜎

(

𝑊𝑓 ⋅ 𝑥𝑡 + 𝑅𝑓 ⋅ ℎ𝑡−1 + 𝑏𝑓
)

(8)

𝑖𝑡 = 𝜎
(

𝑊𝑖 ⋅ 𝑥𝑡 + 𝑅𝑖 ⋅ ℎ𝑡−1 + 𝑏𝑖
)

(9)

𝑔𝑡 = tanh
(

𝑊𝑔 ⋅ 𝑥𝑡 + 𝑅𝑔 ⋅ ℎ𝑡−1 + 𝑏𝑔
)

(10)

𝑜𝑡 = 𝜎
(

𝑊𝑜 ⋅ 𝑥𝑡 + 𝑅𝑜 ⋅ ℎ𝑡−1 + 𝑏𝑜
)

(11)

𝐶𝑡 = 𝑓𝑡 ⋅ 𝐶𝑡−1 + 𝑖𝑡 ⋅ 𝑔𝑡 (12)

ℎ𝑡 = 𝑜𝑡 ⋅ tanh(𝐶𝑡) (13)

The general structure of the LSTM cell is shown in Fig.  9. Based 
on the LSTM cell, the Bidirectional Long Short-Term Memory (Bi-
LSTM) layer improves upon sequence modelling by simultaneously 
examining the input data in both forward and backward directions with 
two parallel LSTM networks. The dual-path mechanism encourages 
the network to take information from both past and future contexts 
and thus generates a more comprehensive representation of the input 
sequence. For this reason, Bi-LSTM layers are especially useful for tasks 
involving temporal analysis, such as predicting complex time series 
data.

3.4.2. Self-attention mechanism
Attention mechanisms have become a fundamental component of 

modern deep learning models, particularly in sequence data mod-
elling. Unlike traditional methods, which present challenges connecting 
distant elements in a sequence, attention layers allow the model to 
compare all parts of the sequence directly. This property allows it to 
efficiently capture global contextual information [41].

Self-attention is a mechanism used to capture relationships between 
different elements within the same input sequence, helping the model 
build a more meaningful representation. It works by comparing each 
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Fig. 6. Operating conditions of the dataset with the FC-DLC. (a) Anode inlet pressure. (b) Anode outlet pressure. (c) Cathode inlet pressure. (d) Cathode outlet 
pressure. (e) Anode endplate temperature. (f) Anode water dew point temperature. (g) Anode inlet temperature. (h) Anode outlet temperature. (i) Cathode water 
dew point temperature. (j) Cathode inlet temperature. (k) Total anode flow. (l) Total cathode flow.
element, called a query, with all other elements in the sequence, known 
as keys, and uses this comparison to calculate attention weights. The 
weights determine the amount of attention each item must pay to 
others. The result is a weighted sum of the elements, also called values, 
by these attention weights [25].

For the scaled dot-product attention mechanism, queries, keys, and 
values are all vectors that come from the input. The attention weights 
are calculated by calculating the dot product between the query and 
each key, scaling it, and applying a softmax function. This assists 
the model in giving more importance to the most critical parts of 
the sequence. The mathematical formula for the single-head scaled 
dot-product attention is given as follows: 
Attention(𝑄,𝐾, 𝑉 ) = softmax

(

𝜆𝑄𝐾⊤)𝑉 (14)
7 
where 𝑄, 𝐾, and 𝑉  denote the matrices of queries, keys, and values, 
respectively, and 𝜆 is one scaling factor.

To further enhance the model’s ability to capture diverse infor-
mation, multi-head self-attention is employed. The multi-head self-
attention operation for an input 𝑋 is defined as: 
MultiHead(𝑄,𝐾, 𝑉 ) = Concat(head1,… ,headℎ)𝑊𝑂 , (15)

The output of each head is computed as: 
head𝑖 = Attention(𝑋𝑊 𝑄

𝑖 , 𝑋𝑊 𝐾
𝑖 , 𝑋𝑊 𝑉

𝑖 ). (16)

Here, ℎ denotes the number of attention heads; 𝑊𝑄, 𝑊𝐾 , and 
𝑊𝑉  are learnable projection matrices for queries, keys, and values, 
respectively; and 𝑊  is a learnable projection matrix for the output. 
𝑂
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Fig. 7. Voltage over the full dataset with resampling.

This multi-head approach enables the model to simultaneously focus 
on different parts of the input sequence, thereby capturing a richer set 
of features and dependencies.

4. Results

The proposed prognostic algorithm was configured through a grid 
search method over the hyperparameters presented in Table  1. System-
atic optimization enabled the identification of the best model configu-
ration for the prediction task.

This section discusses the predictive performance of the previously 
described data-driven prognostic framework. Three different prediction 
strategies are evaluated: single-step-ahead, multi-step-ahead, and long-
term prognostic forecasting. The primary differences between them are 
the number of forecast output steps (𝑇 ) and the prediction horizon 
(𝑃𝐻). Specifically, when the model predicts only the next time step 
in the series (𝑇 = 1), it is referred to as single-step-ahead prediction. In 
multi-step-ahead forecasting, the predicted sequence length is greater 
than or equal to the prediction horizon (𝐿 ≤ 𝑃𝐻). For long-term 
prognostics, the length of the predicted sequence is shorter than the 
prediction horizon (𝐿 > 𝑃𝐻); hence, the prediction is performed itera-
tively over the horizon. An illustration of these prediction strategies is 
provided in Fig.  10.

All the simulations carried out in this research were run on MATLAB 
2024a on a computer equipped with an i7-6700 processor and 16 GB 
RAM. The following subsections will discuss the experimental results, 
first demonstrating the performance of single-step prediction, then 
analysing multi-step and long-term forecasting.

4.1. Single-step-ahead prediction

For the single-step-ahead experiments, the dataset was split into 
60% for training and 40% for testing. In this configuration, the model 
receives an input sequence consisting of the 5 most recent time steps, 
a selection guided by the methodology in [28], and the forecasting 
task involves predicting the very next time step (𝑇 = 1). In this case, 
the prediction horizon is equal to the length of the output sequence 
(𝑇 = 𝑃𝐻), as only the next point in the time series is estimated. Fig. 
11 illustrates a representative single-step-ahead prediction obtained 
at 600 training hours, while Table  2 summarizes the corresponding 
performance metrics on both the training and test sets.
8 
The performance metrics were employed to compare the predictive 
performance of the suggested model with that of various state-of-the-art 
benchmarks from the literature. They are the TFT [28], Mixed-Gated 
Unit (MIXGU) [39], Attention Mixed-Gated Unit (AT-MIXGU) [39], 
LSTM [27], LSTM with attention mechanism [27], GRU [27], and 
GRU with attention mechanism [27]. The results demonstrate that our 
proposed algorithm achieves improvements in the prediction accuracy, 
for example: 52.7% reductions in RMSE, 80% in MSE, and 49.2% 
in MAE. In addition, higher 𝑅2 values were obtained, confirming its 
superior capabilities in single-step forecasting. The training time of the 
Bi-LSTM Transformer model with this training window is 10,325 s.

To evaluate the robustness of the proposed algorithm with respect 
to the size of the training dataset, a series of experiments was carried 
out using training windows of 300, 400, 500, 600, 700, and 800 h. 
The development was compared with the DA-LSTM model as presented 
in [29], and the performance metrics are summarized in Fig.  12.

Across all training durations, the proposed model performs better 
than the DA-LSTM model. In terms of RMSE, the improvements range 
from a 68.9% reduction at 300 h to a peak reduction of 80.2% at 700 h. 
Likewise, MAE values show reductions between 61.8% and 74.9%, 
implying significantly lower average magnitude of error throughout the 
testing phase.

It is particularly interesting to notice that the model behaves with 
high accuracy, even on smaller amounts of training data. For example, 
with just 300 h of training, the proposed model has an RMSE of 0.0037 
and an MAE of 0.0025, while DA-LSTM has 0.01189 and 0.00657, 
respectively.

In addition, the coefficient of determination (𝑅2) stays consistently 
high for the proposed model, always above 0.998, and shows improve-
ments of up to 1.6% compared to the DA-LSTM. These findings not only 
demonstrate the effectiveness of the suggested architecture in reducing 
prediction error but also demonstrate its stability for different levels of 
training data, which is an important feature in prognostic applications 
when historical data is limited.

4.2. Multi-step-ahead prediction

In this subsection, the performance of the model proposed is anal-
ysed for multi-step-ahead forecasting and compared to the results re-
ported in [29]. The test set consists of the last 10,000 resampled data 
points, while the remaining data are used for the train phase. The input 
sequence length is fixed at 𝑆 = 5, and the output sequence length 
ranges from 1 to 5 steps (𝑇 = 1, 2, 3, 4, 5), where the prediction horizon 
is equal to the number of steps ahead (𝑇 = 𝑃𝐻). Fig.  13 shows the 
forecasting results for horizons ranging from 1 to 5 steps.

In the left column, are presented the measured and predicted volt-
age over the test set. In the right column, the absolute error be-
tween the prediction and measured voltage stack over the full dataset. 
Additionally, Fig.  14 summarizes the corresponding accuracy metrics.

As expected, prediction errors tend to increase with the number of 
time steps ahead. However, when the output sequence length is set 
equal to the prediction horizon, for example in the transition from 
4-step to 5-step predictions, a slight reduction in error is observed. Fur-
thermore, a comparison with the DA-LSTM results in [29] is performed. 
For the 1-step-ahead prediction, DA-LSTM reported an MAE of 0.0025 
and an 𝑅2 of 0.996, while our model achieved a 64.4% lower MAE 
and a 0.4% higher 𝑅2. When the prediction horizon is set to 5 steps, 
DA-LSTM obtained an MAE of 0.0061 and an 𝑅2 of 0.989, whereas the 
developed Bi-LSTM Transformer model reduced the MAE by 57.3% and 
improved 𝑅2 by 1% compared to the literature values. These findings 
indicate that the model consistently offers greater accuracy at different 
horizons of prediction and validate the robust stability of the Bi-LSTM 
Transformer model in multi-step forecasting scenarios.
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Fig. 8. Bi-LSTM Transformer model.
Table 2
Performance metrics of single-step-ahead predictions.
 Proposed TFT [28] MIXGU [39] AT-MIXGU [39] LSTM [27] LSTM attention [27] GRU [27] GRU attention [27] 
 Training set
 RMSE 0.001536 0.003247 0.011622 0.009975 0.011066 0.008542 0.015873 0.013091  
 MSE 0.000002 0.000010 – – 0.000122 0.000073 0.000252 0.000171  
 MAE 0.001064 0.002094 0.007432 0.006245 0.007549 0.006170 0.011751 0.009827  
 𝑅2 0.999694 0.998602 0.993130 0.995540 0.984143 0.990592 0.967374 0.977808  
 Test set
 RMSE 0.002471 0.006721 0.012181 0.011049 0.017637 0.016409 0.018260 0.0115518  
 MSE 0.000006 0.000045 – – 0.000311 0.000269 0.000333 0.000241  
 MAE 0.001681 0.003568 0.007914 0.007014 0.013970 0.013002 0.014368 0.012016  
 𝑅2 0.999265 0.991109 0.994540 0.994630 0.962568 0.967600 0.959877 0.971025  
9 
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Fig. 9. Structure of a LSTM cell.

4.3. Long-term prognostic

This subsection examines the performance of the proposed model 
under long-term forecasting conditions, where the prediction horizon 
is much larger than the output sequence. The training set is fixed to 
approximately 300 h, and the test set comprises the remaining data. 
The input sequence length is increased to (𝑆 = 35), and the output 
sequence length is set equal to this value (𝑇 = 35). The window size of 
𝑆 = 35 was chosen to correspond with the length of one full dynamic 
load cycle. The forecasting task considers prediction horizons (𝑃𝐻𝑠) 
set to 70, 105, 140, and 175, each significantly exceeding the output 
sequence length.

Fig.  15 presents the results of simulation. Because of the variability 
and complexity present in the complete dataset, the left-hand column of 
the figure plots only the voltage for the nominal current condition (𝐼 =
35.6 A) for visual clarity. The right-hand column shows the absolute 
error between the predicted voltage and the actual measured values 
across the test set for each prediction horizon.

During the first 300 h of the forecast interval, the proposed model 
reflects the overall trend of degradation, even as the forecasting horizon 
increases. A substantial increase in prediction error takes place between 
600 and 800 h. This increase is due to degradation-slope changes 
and recovery-voltage phenomena that create abrupt positive spikes 
in the measured signal. These variations become more meaningful 
as the prediction horizon lengthens, reflecting the growing temporal 
uncertainty typical of long-term predictions. Despite this, the absolute 
error is below 10% of the nominal voltage for the entire test set, 
indicating that the model maintains an acceptable level of accuracy for 
all the prediction horizons.

To study the ability of the model to capture meaningful physi-
cal correlations consistent with PEMFC dynamics, an analysis of the 
self-attention weights was conducted. Fig.  16 presents a comparative 
visualization of the global attention maps under two distinct operating 
regimes defined as Low Current and High Current.

As observed in Fig.  16, the attention mechanism dynamically adapts 
its focus based on the operating condition. Under the Low Current 
conditions shown in Fig.  16(a), the attention weights are distributed 
evenly across the earlier and middle sections of the time window. This 
pattern suggests a stable behaviour where the model relies on a broader 
history to characterize the steady-state performance since the system 
exhibits lower volatility. Conversely, under high current conditions as 
depicted in Fig.  16(b), the mechanism concentrates heavily on the most 
recent time steps (𝑡 = 35) located in the upper region of the graph. 
This shift indicates a reactive behaviour where the model correctly 
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Table 3
Performance metrics of the proposed model for the long-term forecasting task 
across various PHs on the test set.
 PH = 70 PH = 105 PH = 140 PH = 175  
 Test set
 RMSE 0.0036 0.0045 0.0054 0.0057  
 MSE 1.29 × 10−5 2.06 × 10−5 2.87 × 10−5 3.27 × 10−5 
 MAE 0.0022 0.0027 0.0033 0.0036  
 𝑅2 0.9984 0.9975 0.9965 0.9960  

identifies that the immediate history is far more predictive of the 
next voltage drop than the distant past during high-load degradation 
phases. This observation aligns with the fast dynamics of ohmic losses 
active at medium and high currents, which are driven by transport 
phenomena related to membrane water content and proton exchange. 
However, it is important to explicitly acknowledge that despite the 
insights provided by attention mechanisms, neural network architec-
tures are fundamentally data-driven black-box models. Consequently, 
full physical interpretability is limited, as the model does not explicitly 
resolve the physical equations governing the degradation mechanisms. 
The numerical results for each prediction horizon are summarized in 
Table  3.

The performance metrics show that prediction error generally in-
creases as the prediction horizon extends. For example, RMSE rises 
from 0.0036 at 𝑃𝐻 = 70 to 0.0057 at 𝑃𝐻 = 175, an increase of 
approximately 58%. Similarly, MAE grows from 0.0022 at 𝑃𝐻 = 70
to 0.0036 at 𝑃𝐻 = 175, an increase of about 64%, while MSE escalates 
from 1.29 × 10−5 to 3.27 × 10−5, corresponding to roughly 153%. On 
the other hand, the 𝑅2 values show only a slight decline, remaining 
consistently high (from 0.9984 at 𝑃𝐻 = 70 to 0.9960 at 𝑃𝐻 = 175), 
which underscores the model’s capacity to capture the variance in the 
data even under extended prediction scenarios.

5. Conclusions

This paper proposed a specialized prognostic framework based on 
a hybrid Bi-LSTM Transformer model for accurate voltage prediction 
in PEMFC under dynamic operations. The model was designed to 
acquire temporal dependencies and dynamic patterns in multivariate 
time-series data through the combination of the sequential processing 
capability of bidirectional LSTM layers and contextual understanding 
provided by self-attention mechanisms.

Three prediction strategies were examined to evaluate the model’s 
robustness and generalization: single-step-ahead, multi-step-ahead, and 
long-term forecasting. In the single-step-ahead task, the model con-
sistently outperformed state-of-the-art benchmarks from the literature, 
achieving significant reductions in RMSE (up to 52.7%), MSE (up to 
80%), and MAE (up to 49.2%), while maintaining a high 𝑅2 above 
0.9997. To evaluate the learning capabilities of the proposed model, 
different ratios between the train and test sets were employed. The Bi-
LSTM Transformer model remained at an 𝑅2 of up to 0.998, even when 
trained with 300 h of data. These results highlight the model’s ability to 
deliver accurate forecasts in scenarios where historical data is limited.

In the multi-step-ahead forecasting strategy, the proposed model 
exhibited consistent and reliable performance across increasing pre-
diction horizons. Particularly, for 5-step-ahead predictions, it achieved 
a 57.7% reduction in MAE and a 1% improvement in 𝑅2, with all 
𝑅2 values remaining above 0.9993. These results confirm the model’s 
robustness and its capacity to deliver accurate forecasts over short and 
moderate-term horizons.

In the long-term prognostic scenario, the Bi-LSTM Transformer con-
tinues to track the underlying voltage trend even though the prediction 
horizon is considerably larger than the output window. Interestingly, 
this performance is accomplished using 300 h of training data, speaking 
to the strength of the model’s learning capacity as well as its ability to 
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Fig. 10. Demonstration of the prediction strategies: multi-step-ahead and long-term prognostics.
Fig. 11. Single-Step-Ahead prediction at 600 h of train.
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model both local and global temporal dependencies through its hybrid 
architecture. Prediction accuracy is maintained at an acceptable level 
(absolute error below 10% of the nominal voltage), and all 𝑅2 values 
are above 0.996, even for the longest horizon considered. Although the 
model still struggles with abrupt events such as recovery peaks, stability 
and accuracy are preserved over long time periods. While the findings 
demonstrate the model’s capabilities on this dynamic profile (FC-DLC), 
future work will consider further validation on datasets with different 
load characteristics and failure modes to confirm the generalization of 
the proposed framework.

In summary, the proposed Bi-LSTM Transformer-based approach is a 
robust and accurate prognostic alternative for PEMFCs under the tested 
conditions. Its accuracy under different forecast scenarios makes it an 
effective tool for predictive maintenance and condition monitoring ap-
plications in real working conditions. Future work will focus on several 
key areas to build upon the current model. A primary direction is the 
integration into health-conscious energy management strategies, where 
the model’s predictions could adjust operating parameters in real-time 
to minimize degradation and extend the system’s lifespan. Another 
crucial step is exploring real-time implementation, which involves op-
timizing the model’s architecture for computational efficiency to meet 
the requirements of on-board vehicular systems without significantly 
compromising accuracy. Furthermore, the model’s robustness will be 
validated by testing it on more diverse datasets, including different 
driving cycles and data from various fuel cell stacks and sizes.
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Fig. 12. Accuracy metrics for predictions with different training data windows.

Fig. 13. Predicted versus actual outputs for multi-step-ahead forecasting scenarios: (a) 1-step ahead, (b) 2-step ahead, (c) 3-step ahead, (d) 4-step ahead, and (e) 
5-step ahead.
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Fig. 14. Accuracy metrics for prediction horizons from 1 to 5 time steps.

Fig. 15. Simulation results for Long-Term prognostic with increasing prediction horizons: (a) 𝑃𝐻 = 70, (b) 𝑃𝐻 = 105, (c) 𝑃𝐻 = 140, and (d) 𝑃𝐻 = 175.
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(a) 

  
(b) 

 

Fig. 16. Global map of the attention mechanism: (a) Low Current (𝐼 = 1.76 A); (b) Global attention map during High Current (𝐼 = 35.54 A), showing concentration 
on recent steps for reactive tracking.
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