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Abstract

Under constant operating conditions, proton exchange membrane fuel cells
(PEMFCs) can exhibit distinct voltage evolution pathways, transitioning be-
tween relatively stable, metastable, and unstable regimes depending on the
severity of operating conditions. Quantitatively characterizing such non-
steady-state voltage behavior remains challenging from a measurement per-
spective. This study proposes a Lyapunov-inspired measurement methodol-
ogy for assessing voltage stability in PEMFCs based on time-domain voltage
signals. An empirical Lyapunov-like Stability Indicator (LSI) is constructed
by combining voltage drift and volatility within a sliding time window, pro-
viding a statistically derived indicator of deviations from dynamic equilib-
rium. The stability boundary is determined using kernel density estimation in
the drift-volatility space, enabling data-driven classification of voltage trajec-
tories into stable, metastable, and unstable regimes. The proposed indicator
is evaluated using experimental data obtained under 16 systematically varied
operating conditions. The results reveal condition-dependent stability pat-
terns: excessive backpressure leads to persistent instability with LSI values
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frequently exceeding the identified threshold, whereas optimal humidification
conditions maintain the voltage predominantly within the stable regime. By
linking the classified voltage regimes with electrochemical impedance spec-
troscopy measurements, the analysis provides additional insight into possible
stage-wise fault evolution processes, including flooding, membrane dehydra-
tion, and gas transport imbalance. The proposed framework provides a phys-
ically interpretable measurement indicator for characterizing voltage stabil-
ity in PEMFCs and supporting stability-oriented monitoring and diagnostic
analysis in electrochemical energy systems.

Keywords: Proton exchange membrane fuel cell, Lyapunov-inspired
indicator, Voltage stability, Electrochemical impedance spectroscopy,
Measurement methodology

Nomenclature

AC Alternating Current

DRT Distribution of Relaxation Times
EIS Electrochemical Impedance Spectroscopy

GDL Gas Diffusion Layer

ICE Individual Conditional Expectation

K-K Kramers-Kronig

LSTM Long Short-Term Memory

MSE Mean Squared Error

ORR Oxygen Reduction Reaction

PEM Proton Exchange Membrane

PEMFC Proton Exchange Membrane Fuel Cell

MEA Membrane Electrode Assembly

R² Coefficient of Determination
CNN Convolutional Neural Network
BPNN Back Propagation Neural Network

RF Random Forest
RL Reinforcement Learning

SVM Support Vector Machine

LSI Lyapunov-like Stability Indicator

KDE Kernel Density Estimation

T Temperature (◦C)
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RH Relative humidity

λca Cathode stoichiometry

λan Anode stoichiometry

S1 First-order Sobol index
ST Total Sobol index

R0 Ohmic resistance (Ω cm²)

Rpol Polarization resistance (Ω cm²)

g(τ) Time relaxation distribution (Ω cm²)

τ Time constant (s)

γ(ln τ) Time relaxation distribution (Ω cm²)

ZRe Real part of impedance (Ω cm²)

ZIm Imaginary part of impedance (Ω cm²)

Z ′
Re Real part of fitted impedance (Ω cm²)

Z ′
Im Imaginary part of fitted impedance (Ω cm²)

|Z(ω)| Magnitude of impedance (Ω cm²)

∆Re(ω) Residual of real part (%)

∆Im(ω) Residual of imaginary part (%)

Db Bootstrapped dataset

B Total number of trees
hb Prediction from the b-th tree

Var(Y ) Total variance
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1. Introduction1

Proton Exchange Membrane Fuel Cells (PEMFCs) have emerged as a2

promising clean energy technology owing to their high energy conversion3

efficiency and zero harmful emissions [1]. By converting chemical energy4

directly into electricity, with water as the only by-product, PEMFCs offer a5

promising solution toward decarbonized energy systems [2]. However, under6

constant external conditions, PEMFCs occasionally exhibit voltage decay7

and complex fluctuations. These behaviors reflect complex multi-physics8

interactions, encompassing electrochemical kinetics [3], gas transport [4] ,9

and water management [5].10

Previous studies have demonstrated that voltage time series encode rich11

information relevant to cell health and failure evolution. Voltage deviations,12

whether slow recession or high-frequency noise, often signal underlying is-13

sues such as flooding [6], membrane drying [7, 8], or catalyst degradation14

[9]. For instance, Yang et al. [10] applied voltage undershoot and voltage15

recession as evaluation indices to assess the voltage stability. Tang et al.16

[11] developed a probabilistic approach to quantify voltage fluctuations for17

fault detection. Li et al. [12] proposed airflow interruption tests to identify18

hydrogen leakage by analyzing voltage drop duration. Zhao et al. [13] used19

an entropy-based method to extract voltage fluctuations for fuel cell health20

evaluation, establishing a three-level health management strategy based on21

thresholds. More recently, data-driven methods have gained traction. Be-22

nouioua et al. [14] employed instantaneous frequency and voltage envelope23

features for fault classification using machine learning models. Li et al. [15]24

used a least squares support vector machine to extract spatiotemporal fea-25

tures, including voltage, for high-precision multi-fault diagnosis. Liu et al.26

[16] converted one-dimensional voltage sequences into two-dimensional im-27

ages using signal-to-image transformation and applied K-means clustering28

to distinguish between flooding and dehydration conditions. While effective,29

these methods often operate as black boxes, lacking physical interpretability30

and remaining constrained by binary fault and non-fault paradigms.31

Moreover, these methods typically focus on fault identification after degra-32

dation has occurred, often overlooking the continuous, multi-stage evolution33

of system dynamics leading up to failure. Voltage instability in PEMFCs34

is not an abrupt event, but rather a progressive deviation from equilibrium35

[17]. When a step change occurs in current density, the redistribution of36

overpotentials at the anode and cathode breaks the dynamic equilibrium37
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at the electrode-electrolyte interface, triggering transient voltage responses.38

Under ideal conditions of well-controlled temperature, humidity, and back-39

pressure, voltage evolution is expected to be smooth and stable. However,40

deviations from these conditions can lead to drift and volatility in the voltage41

signal, indicating dynamic instability [18]. The temporal characteristics of42

voltage signals vary considerably under different operational conditions, such43

as temperature, humidity, and backpressure. Xiao et al. [7] employed Elec-44

trochemical Impedance Spectroscopy (EIS) to analyze the effects of cathode45

backpressure, stoichiometric ratio, and cell temperature on membrane dehy-46

dration. Their results reveal impedance variations and the temporal evolu-47

tion of membrane drying under different operating conditions. Ren et al.48

[19] investigated the relationship between ohmic resistance and flooding pro-49

cess, identifying characteristic changes in zero-phase resistance during water50

accumulation. Shao et al. [20] used numerical modeling to reconstruct the51

internal state evolution of PEMFCs under varying operational conditions52

and examined the phenomenon of steady-state multiplicity. Hu et al. [21]53

adopted a system modeling approach to analyze the dynamic responses of54

cell voltage and membrane water content, finding that high ambient pres-55

sure increases both the decay rate and the recovery rate of cell voltage.56

Recently, Sun et al. [22] employed a hybrid ensemble learning model to57

analyze how temperature, pressure, and humidity affect PEMFC external58

characteristics, showing that elevated temperature can improve voltage out-59

put whereas medium humidity is more favorable for stable performance. Sun60

et al. [23] further developed a boosted deep neural network model for fore-61

casting electrochemical impedance under varying operating conditions and62

reported that elevated temperature and pressure can reduce impedance by63

improving proton conductivity and reaction kinetics at low current densities.64

Despite extensive research on diagnostics and degradation analysis of65

PEMFCs, the concept of operational stability has received comparatively66

limited systematic investigation. Most existing studies focus on fault detec-67

tion or performance degradation after observable symptoms emerge, typically68

relying on predefined thresholds or empirical signatures such as voltage drops,69

noise patterns, or efficiency losses. While these approaches are effective for70

identifying faults once they occur, they provide limited insight into how fuel71

cell performance gradually evolves under sustained but suboptimal operating72

conditions, such as low humidity or excessive backpressure. In practice, fuel73

cell failure is rarely an instantaneous event. Instead, it often results from a74

progressive deviation from dynamic equilibrium caused by changes in coupled75
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electrochemical, thermal, and mass transport processes. Capturing this grad-76

ual transition remains challenging, as conventional diagnostic indicators are77

generally designed for discrete fault detection rather than continuous char-78

acterization of dynamic system behavior. From a measurement perspective,79

this highlights the need for quantitative indicators capable of describing how80

voltage signals evolve over time and how these changes relate to the under-81

lying stability of fuel cell operation. It is important to distinguish stability82

assessment from traditional fault diagnosis. While fault diagnosis aims to83

identify and classify degraded or failed states, stability analysis focuses on84

the system’s ability to maintain consistent operation in the presence of inter-85

nal fluctuations and external perturbations. A stability-oriented perspective86

therefore provides complementary information to conventional diagnostics by87

emphasizing the evolution of system behavior before clear fault signatures ap-88

pear. Such information can be valuable for engineering applications, where89

early indicators of instability may support improved operational monitoring,90

predictive maintenance, and risk mitigation.91

Motivated by this need, this study proposes a Lyapunov-inspired mea-92

surement indicator for assessing voltage stability in PEMFCs using voltage93

time-series data. An empirical Lyapunov-like Stability Indicator (LSI) is con-94

structed by combining two statistical characteristics of voltage dynamics—long-95

term drift and short-term volatility—within a sliding time window. The in-96

dicator provides a quantitative description of deviations from dynamic equi-97

librium and enables continuous tracking of voltage stability under constant98

operating conditions. Based on the statistical distribution of these two quan-99

tities in the drift–volatility space, a stability boundary is determined using100

kernel density estimation, allowing voltage trajectories to be categorized into101

three regimes: stable, metastable, and unstable. This regime-based repre-102

sentation provides a practical framework for describing intermediate states103

between stable operation and severe degradation, which are often difficult to104

capture using binary fault classifications. To further explore the physical im-105

plications of these regimes, the voltage-based stability analysis is combined106

with EIS measurements obtained under a range of operating conditions. The107

joint analysis of time-domain voltage behavior and frequency-domain elec-108

trochemical response provides additional insight into how different operating109

conditions influence fuel cell dynamics and potential degradation pathways.110

Overall, the proposed approach provides a measurement-based framework111

for quantifying voltage stability in PEMFCs using voltage time-series data.112

By integrating the Lyapunov-inspired stability indicator with EIS, the study113
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establishes a joint time–frequency analysis perspective for examining voltage114

dynamics and their associated electrochemical responses. This combined115

analysis supports the monitoring of stability behavior under diverse operating116

conditions and contributes to the development of stability-oriented diagnostic117

and monitoring strategies for fuel cell systems.118

2. Experimental study119

2.1. Experimental setup120

This study investigates a custom-assembled proton exchange membrane121

fuel cell stack composed of three fuel cells, each with an active area of 300122

cm², with a total rated power close to 1 kW. The stack employs commercial123

Membrane Electrode Assemblies (MEAs), featuring a 12 µm-thick proton124

exchange membrane and a platinum catalyst loading of 0.35 mg/cm² on125

both electrodes. Metal bipolar plates are applied, incorporating a single-126

serpentine flow field on the anode side and straight flow channels on the127

cathode side. The stack endplates are equipped with six 3/8-inch ports,128

which serve as inlets and outlets for anode gas, cathode gas, and coolant129

flow. Having undergone intermittent operation for approximately one year,130

the stack exhibits clear signs of performance degradation, providing favorable131

conditions for observing voltage instability and fault-prone behavior under132

various operating scenarios.133

The test platform integrates a 2 kW electronic load with a voltage range134

of 0.1-40 V and a current range of 0-600 A, offering a voltage resolution135

of 1 mV, a current resolution of 10 mA, and a current response time of136

less than 50 µs. Gas humidification is achieved through a combination of137

bubbling and spray techniques, with the dew-point temperature controlled138

within ±1 ◦C, resulting in a relative humidity measurement uncertainty of139

less than 1%. Backpressure regulation is implemented via a diaphragm-type140

valve located at the cathode outlet, operating in a pulse-discharging control141

mode that maintains pressure accuracy within ±2 kPa. Stack temperature is142

managed by a dual-loop water-cooling system, where deionized water circu-143

lates internally while an external loop dissipates heat, maintaining tempera-144

ture stability within ±1 ◦C. Electrochemical impedance spectroscopy (EIS)145

is performed using a KIKUSUI impedance analyzer, covering a frequency146

range from 10 mHz to 20 kHz. An AC perturbation amplitude equal to 8%147

of the corresponding DC operation current is applied. Ten data points are148

acquired per frequency decade, and each point is averaged over eight repeated149
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Figure 1: PEMFC and testing bench.

measurements to reduce stochastic noise and improve data reliability. These150

measurement resolutions and control accuracies provide the experimental ba-151

sis for consistently extracting the drift and volatility statistics used in the152

LSI framework. The experimental setup is shown in Figure 1.153

Figure 1 illustrates the experimental test bench designed for a 2 kW fuel154

cell stack, featuring an electronic load range of 0 to 600 A and a voltage range155

of 0.1 to 40 V. The stack is water-cooled to regulate its thermal conditions.156

The platform utilizes a dual-loop cooling system: an internal deionized water157

circuit, which humidifies the gas and cools the stack, and an external cooling158

water loop, which removes heat via a heat exchanger interfacing with the159

internal circuit. Gas humidification is achieved through a combination of160

bubbling and spraying techniques, while heating tapes are used to regulate161

the intake air temperature. The humidity of the supplied gases is controlled162

by adjusting the dew-point temperature and preheating of the inlet air. The163

flow rates of hydrogen and air are precisely controlled using mass flow con-164

trollers. A diaphragm-type backpressure valve located at the stack outlet165

maintains the desired gas pressure within the circuit. Additionally, a gas-166

liquid separator is installed on the anode side to minimize the impact of167

anode flooding, thereby enhancing stack performance and maintaining volt-168

age stability. To further investigate the internal electrochemical processes,169

EIS is conducted using a KIKUSUI impedance analyzer (10 mHz to 20 kHz170
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frequency range).171

2.2. Experimental procedure172

To systematically investigate the effects of external operating conditions173

on PEMFC voltage stability, this study adopts a controlled single-variable174

experimental design. The three key factors (temperature, relative humidity,175

and backpressure) are individually varied, while the other two are held con-176

stant at conditions known to support stable and optimal operation. Specif-177

ically, temperature and humidity are fixed at 70 ◦C and 90 % Relative Hu-178

midity (RH), respectively, while backpressure is maintained at atmospheric179

pressure when not under investigation. This protocol ensures that the in-180

fluence of each variable on voltage stability can be independently evaluated,181

minimizing cross-interference. Prior to each test, the PEMFC stack operates182

under open-circuit conditions to allow stabilization of temperature, humidity,183

and pressure control subsystems. Once the predefined setpoints are reached184

and confirmed stable, the stack is transitioned to galvanostatic operation at185

a current density of 100 mA/cm² for 180 s, ensuring thermal and electro-186

chemical equilibrium. Following this pre-conditioning period, the current is187

increased to 200 mA/cm² to initiate the primary observation phase. During188

this phase, voltage signals are continuously recorded over a 540 s interval to189

capture both transient and steady-state characteristics under the given oper-190

ation condition. This observation window was selected to capture the onset191

of instability and its subsequent evolution under the chosen operating con-192

ditions while keeping the external boundary conditions effectively constant193

during each test. Approximately 60 seconds into this phase, EIS is per-194

formed in situ using a KIKUSUI impedance analyzer, covering a frequency195

range from 10 mHz to 20 kHz, with an AC perturbation amplitude of 8 %196

of the DC current. After each test cycle, the fuel cell is safely shut down197

and purged, and external parameters are reconfigured for the next test case.198

This standardized procedure enhances repeatability and consistency across199

all tests, forming a robust dataset for assessing voltage behavior using the200

proposed LSI. The complete set of tested operating conditions is summarized201

in Table 1. Several conditions are intentionally extended into non-ideal or202

extreme regimes, allowing the capture of fault-prone and instability-prone203

behaviors. The selected ranges of temperature (40–80 °C), relative humidity204

(40–100%), and backpressure (0–125 kPa) cover the typical operating condi-205

tions reported for PEMFC systems in experimental studies. The experiments206

are primarily conducted in the low-to-medium current density region, where207
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voltage stability variations can be clearly observed while avoiding severe stack208

protection or safety risks associated with very high loads.209

Table 1: Different operating conditions

Parameters Operating levels Constant parameters

Current (mA/cm2) 200 –
Stack temperature (◦C) 40, 50, 60, 70, 80 RH = 90 %, P = 0kPa
Humidity (%) 40, 50, 60, 70, 80, 90, 100 T = 70 ◦C, P = 0kPa
Backpressure (kPa) 50, 75, 100, 125 T = 70 ◦C, RH = 90%

2.3. LSI for PEMFC voltage dynamics210

In classical control theory, Lyapunov stability provides a foundational ap-211

proach for assessing the dynamic behavior of nonlinear systems. A system212

is considered Lyapunov stable if small perturbations from equilibrium lead213

to bounded responses over time, and asymptotically stable if such deviations214

eventually vanish and the system returns to its equilibrium state. Mathe-215

matically, Lyapunov’s direct method is based on the existence of a scalar216

Lyapunov function V(x) that is positive definite and whose time derivative217

along system trajectories is negative semi-definite, i.e., V̇ (x) ≤ 0. However,218

in complex electrochemical energy systems such as PEMFCs, deriving a first-219

principles dynamic model that explicitly satisfies Lyapunov conditions is of-220

ten intractable. This difficulty arises from the nonlinear, multiscale couplings221

among mass transport, electrochemical kinetics, water management, thermal222

effects, and other internal processes. In particular, the output voltage evo-223

lution under different operating conditions often reflects latent phenomena224

such as localized flooding, membrane dehydration, and reactant starvation,225

whose governing dynamics are not fully captured by existing models.226

To address this challenge, this study introduces a data-driven empirical227

framework inspired by Lyapunov stability theory. Instead of analytically228

deriving a Lyapunov function from explicit state equations, a Lyapunov-like229

Stability Indicator (LSI), whose time-dependent value is expressed as E(t), is230

inferred directly from measurable voltage time series using a sliding window231

strategy. This indicator function characterizes the local behavior of the signal232

by integrating short-term voltage drift and high-frequency volatility within233
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a localized time window:234

E (t) = α · |µ′ (t)|+ β · σ (t) , (1)

where µ′(t) denotes the local temporal slope of voltage within the window,235

σ(t) is the corresponding standard deviation, and α, β are empirical scaling236

factors used to balance sensitivity. This formulation is motivated by both237

practical observations and physical expectations: under well-regulated, quasi-238

steady-state operating conditions, a PEMFC is expected to exhibit voltage239

signals with negligible trend and low temporal variability. In contrast, devia-240

tions from this nominal behavior, arising from gradual degradation, reactant241

imbalance, membrane drying, or localized flooding, typically manifest as ei-242

ther slow but persistent voltage drift or high-frequency noise and oscillation.243

The drift term effectively captures long-term directional trends potentially244

associated with irreversible processes, while the volatility term reflects short-245

term, high-frequency variations commonly linked to transient local distur-246

bances. The combination of both components into LSI therefore provides a247

two-timescale characterization of voltage instability. Furthermore, this con-248

struction bears conceptual resemblance to classical Lyapunov functions, as249

it implicitly penalizes deviations from ideally flat and noise-free voltage tra-250

jectories. An increasing LSI value indicates divergence from equilibrium,251

whereas a decreasing LSI value suggests convergence or recovery toward a252

stable operating state.253

Therefore, this formulation constitutes a data-driven Lyapunov-like frame-254

work, in which the temporal smoothness and regularity of observable output255

trajectories serve as proxies for latent system stability. This conceptual align-256

ment bridges physical interpretability with data-driven diagnostics, enabling257

robust, real-time assessments even when internal state variables or governing258

equations are unavailable or only partially known. Moreover, by calculating259

the temporal derivative of the indicator, denoted dE
dt

, it becomes possible to260

further distinguish between different dynamic regimes:261

Stable: E(t) < θE,

Metastable: E(t) ≥ θE,
dE

dt
≤ 0

Unstable: E(t) ≥ θE,
dE

dt
> 0

(2)

where θE is a statistically derived threshold. In this formulation, the clas-262

sification of stable, metastable, and unstable regimes is first defined math-263
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ematically based on the magnitude of the instability indicator E(t) and its264

temporal evolution. The stable regime corresponds to situations where E(t)265

remains below the stability threshold, indicating that both voltage drift and266

voltage fluctuations remain within statistically bounded limits. When E(t)267

Figure 2: Methodology and stability analysis framework: (a) voltage profiles under typical
conditions, (b) drift rate evolution with varying window lengths, (c) voltage volatility with
varying window lengths, and (d) integrated workflow for Lyapunov-like stability assessment
and fault diagnosis.
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exceeds this threshold, the system enters a non-stable region. Within this re-268

gion, the temporal derivative dE/dt is used to distinguish different dynamic269

behaviors. The metastable regime corresponds to cases where the instability270

level does not continue to increase (dE/dt ≤ 0), suggesting that the abnor-271

mal behavior remains bounded or transient. In contrast, the unstable regime272

corresponds to situations where the instability indicator continues to increase273

(dE/dt >0), indicating a progressive deterioration of voltage stability. From274

an engineering perspective, these regimes represent different levels of oper-275

ational risk. The stable regime corresponds to normal operation without276

the need for intervention. The metastable regime indicates the emergence277

of abnormal voltage fluctuations and can be interpreted as a warning stage278

where the system should be monitored more closely. The unstable regime, in279

contrast, represents a higher-risk condition characterized by sustained insta-280

bility, where operational adjustments or protective actions may be required281

to prevent further degradation.282

In practice, the computation of drift rate and voltage volatility depends283

critically on the sliding window length N, which defines the temporal resolu-284

tion of E(t). Specifically, at each central time point tk, the drift rate µ′(tk)285

and volatility σ(tk) are computed as follows:286

µ′(tk) =

∑N
i=1(ti − t̄)

(
Vi − V̄

)∑N
i=1(ti − t̄)2

,

σ(tk) =

√√√√ 1

N

N∑
i=1

(
Vi − V̄

)2
,

(3)

where Vi denotes the voltage value at the i-th time step within a sliding287

window, and ti represents the corresponding time point of Vi. The symbols288

V̄ and t̄ are the mean values of voltage and time within the current win-289

dow, respectively, and N is the number of samples per window.The choice290

of window length must be adapted to the temporal dynamics of the fuel cell291

system, as it directly affects the statistical reliability of both voltage drift292

and volatility estimation. To evaluate the robustness of this parameter, a293

sensitivity analysis is conducted using several candidate window lengths. As294

illustrated in Figure 2, six window sizes (5 s, 10 s, 15 s, 20 s, 25 s, and295

30 s) are examined under representative voltage operating conditions. With296

increasing window size, the computed drift and volatility estimates become297

progressively smoother but less sensitive to subtle temporal variations in the298
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voltage signal. Conversely, overly short windows amplify stochastic fluctua-299

tions and increase the randomness of the volatility estimates, which compro-300

mises the stability of the statistical characterization. The results show that301

very short windows (5–10 s) lead to unstable statistical estimates, whereas302

excessively long windows (≥ 30 s) overly smooth the voltage evolution and303

reduce sensitivity to dynamic changes. Within the intermediate range of304

15–25 s, both drift and volatility statistics exhibit relatively stable distri-305

butions, indicating that the LSI values remain consistent under moderate306

variations in window length. Based on this sensitivity analysis, a 20 s win-307

dow with a 1 s step size is adopted as a representative configuration that308

provides a balanced compromise between responsiveness to voltage dynam-309

ics and robustness of statistical estimation. The complete methodological310

workflow is depicted in Figure 2d, which outlines the implementation of the311

proposed Lyapunov-inspired stability assessment. The procedure includes312

voltage signal preprocessing, dynamic state classification, statistical evalu-313

ation of the LSI, and interpretation of the results in relation to operating314

conditions and electrochemical impedance characteristics. By structuring315

the analysis around experimentally measured voltage signals, the proposed316

framework provides a measurement-oriented methodology for characterizing317

voltage stability in PEMFC systems, enabling systematic interpretation of318

stability behavior across different operating conditions.319

3. Results and discussion320

This section integrates the proposed LSI with experimental voltage obser-321

vations to analyze the dynamic behavior of PEMFCs under various external322

operating conditions. The classification outcomes across all test scenarios are323

statistically summarized to quantify voltage stability levels under different324

control parameters. In addition, EIS is employed to explore the physico-325

chemical mechanisms associated with voltage instability, thereby providing326

a mechanistic interpretation of the observed dynamic phenomena.327

3.1. Calibration and validation of the LSI328

The systematic construction of the LSI involves the identification and329

validation of key design parameters, including the weighting coefficients as-330

signed to the drift rate and volatility, as well as the data-driven determination331

of the stability threshold θE. These elements form the analytical foundation332
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for translating observed voltage fluctuations into discrete dynamic stability333

states.334

Figure 3a presents a state-space distribution of voltage trajectories under335

16 experimental conditions, projected onto the volatility-drift feature space.336

To eliminate transient effects immediately following step changes in current,337

such as voltage undershoot and recovery, a 10-second segment after each338

transition is excluded. This preprocessing ensures that the LSI reflects quasi-339

steady-state voltage behavior. Under favorable operating conditions, both340

drift and volatility remain low, with data points tightly clustered near the341

origin, indicating stable system dynamics. In contrast, under destabilizing342

scenarios (Condition 9), the trajectories exhibit wide dispersion and elevated343

values in both drift and volatility, consistent with divergent and unstable344

dynamic evolution.345

Weighting coefficients are introduced to balance the contributions of volt-346

age drift rate and voltage volatility in the stability indicator. Statistical anal-347

ysis of the measured voltage data shows that the typical magnitude of the348

drift rate is approximately one order of magnitude smaller than that of the349

volatility term. Without appropriate scaling, the volatility component would350

dominate the indicator and weaken the influence of the drift term. There-351

fore, the coefficients are set to α = 10 and β = 1 to compensate for this352

magnitude difference and ensure comparable contributions of the two vari-353

ables. Under this scaling, the indicator captures both the long-term voltage354

trend reflected by the drift rate and the short-term stochastic fluctuations355

represented by the volatility. For improved numerical interpretability and356

visualization, the value of E(t) is uniformly scaled by a factor of 100. This357

adjustment preserves the underlying physical interpretation while facilitating358

consistent visual comparison across different experimental conditions.359

To determine the stability threshold θE, a probabilistic approach based on360

relative density estimation is applied, instead of relying on absolute values361

that are sensitive to localized fluctuations and noise. Specifically, a two-362

dimensional Kernel Density Estimation (KDE) is performed over the state363

space defined by drift rate and voltage volatility. The resulting probability364

field is visualized in Figure 3b as a series of concentric probability density365

contours, corresponding to the 90%, 75%, 50%, 25%, and 10% quantiles.366

These contours represent progressively lower probability regions, extending367

outward from the high-density core near the origin. As the relative density368

decreases, the distribution of state points becomes increasingly scattered,369

indicating greater variability and deviation from typical operating states.370
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Figure 3: State-space representation of PEMFC voltage behavior: (a) drift-volatility tra-
jectories under various operating conditions, and (b) kernel density distribution of voltage
states in drift-volatility space.
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From a physical standpoint, a well-regulated fuel cell operating under quasi-371

steady-state conditions tends to produce voltage trajectories with low drift372

and low volatility, leading to a dense cluster of state points near the origin.373

In contrast, when disturbances such as membrane dehydration, flooding, or374

reactant starvation occur, both drift and volatility increase, and the corre-375

sponding points disperse into lower-density regions of the state space. This376

outward shift reflects a physical transition from stable to metastable or un-377

stable dynamic regimes.378

Leveraging this spatial pattern, it is observed that higher-probability379

KDE contours provide finer resolution for detecting early signs of instability.380

However, using overly conservative thresholds near the density peak may lead381

to false positives, by misclassifying normal stable fluctuations as signs of in-382

stability, especially under typical operational variability. To further formalize383

the threshold determination, a KDE-elbow method was applied to the dis-384

tribution of E(t). Specifically, the elbow point was identified by locating the385

maximum perpendicular distance from the cumulative mean E(t)-percentile386

curve to its chord, which corresponds to the natural transition between high-387

density low-energy regions and low-density high-energy regions. This analysis388

yielded an elbow threshold of (E = 0.774). In the histogram of E(t), the389

closest percentile layers to this value are 75%, 50%, and 25%, which were390

therefore considered as candidate thresholds. A comparative evaluation was391

then performed under a typical low-temperature operating condition. As392

shown in the right panel of Figure 3c, all three thresholds can detect the393

pronounced voltage drop between 200 s and 300 s. However, as the threshold394

decreases, the ability to resolve early anomalies also deteriorates. At the 25%395

density layer, the mild voltage decline around 25 s is not captured, whereas396

both the 50% and 75% thresholds successfully detect it. Further comparison397

between the 50% and 75% thresholds reveals that the 75% threshold captures398

the slow but low-fluctuation decline around 150 s more effectively, while the399

50% threshold fails to do so. Moreover, in the high-volatility period after 300400

s, the 75% threshold provides a more consistent delineation of risk intervals,401

whereas the 50% and 25% thresholds tend to misclassify certain stable peri-402

ods. Considering both statistical justification and empirical performance, the403

75% KDE contour is adopted as the decision boundary, as it allows earlier404

and more comprehensive detection of incipient anomalies. Accordingly, the405

stability threshold (θE) is defined as the mean E(t) of all data points enclosed406

within this contour. Although this boundary is derived from a data-driven407

KDE distribution, sensitivity analysis demonstrates that when the contour408
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level varies within a relatively wide range (25–75%), the major instability409

intervals identified in the voltage evolution remain largely consistent. This410

observation indicates that the proposed stability classification exhibits strong411

robustness against moderate variations in data density and noise.412

To further demonstrate the practical relevance of the LSI, it is applied to413

representative voltage time series under three typical operating conditions:414

low temperature, low humidity, and nominal operation. The resulting voltage415

trajectories and corresponding time-dependent value E(t), reflecting the LSI416

response, are presented in Figure 4, with dynamic states labeled as stable,417

metastable, or unstable regimes.418

Figure 4a illustrates the voltage profile under low-temperature operation,419

where the system initially maintains a relatively steady state. Around 20 sec-420

onds, the voltage begins to decline, setting onto a plateau near 2.11 V. During421

this transition, the LSI time-dependent value E(t) exhibits minor fluctuations422

above the stability threshold θE, indicating the incipient deviation from equi-423

librium. As operation continues, instability becomes more pronounced: at424

approximately 125 s, the voltage starts to decline more sharply, and by 175425

s, E(t) clearly exceeds the threshold, marking the onset of a persistently un-426

stable regime. The system then oscillates between metastable and unstable427

states, reaching a voltage nadir near 270 s, which coincides with a peak in428

E(t). Although a partial voltage recovery is observed afterward, significant429

fluctuations persist and E(t) remains elevated, correctly indicating that the430

system remains non-steady. Beyond 470 s, further performance deteriora-431

tion is observed. This case demonstrates the ability of the LSI to capture432

both early-stage degradation and complex recovery-relapse dynamics, with-433

out overestimating transient improvements. The strong temporal alignment434

between peaks in E(t) and voltage downturns under low-temperature op-435

erating conditions highlights its effectiveness in detecting critical dynamic436

deviations from nominal behavior, even without direct assess to internal sys-437

tem states.438

Under low-humidity conditions (Figure 4b), the voltage profile exhibits439

clear periodic oscillations, likely caused by intermittent membrane dehydra-440

tion and water redistribution. The corresponding LSI value E(t) responds441

with synchronized, threshold-crossing fluctuations, indicative of alternat-442

ing stability states. A magnified view between 240-320 s reveals three full443

oscillation cycles, during which the system transitions repeatedly between444

metastable and unstable states. The alignment between the voltage wave-445

form and E(t) supports the indicator’s effectiveness in capturing recurrent446
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Figure 4: Application of the LSI value E(t) to representative voltage trajectories: (a)
divergence under low temperature, (b) cyclic instability under low humidity, (c) nominal
stability under normal conditions.

dynamic transitions and temporal complexity in system behavior. Figure 4c447

displays a case under nominal operating conditions, where the voltage re-448

mains generally stable with only small random perturbations. The corre-449

sponding E(t) values stay consistently close to the baseline and rarely ex-450

ceeds the stability threshold θE. In this case, the classification is dominated451

by stable states (green), with only a few isolated points approaching the in-452
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stability boundary. This scenario confirm the LSI’s robustness in the absence453

of external disturbances and its reliability in steady-state validation.454

Taken together, these results show that the proposed LSI serves as a phys-455

ically interpretable and dynamically sensitive metric for classifying voltage456

behavior in PEMFC systems. By combining drift rate and volatility, LSI457

captures both long-term trends and short-term fluctuations, enabling the de-458

tection of critical dynamic transitions, such as incipient failure, metastable459

cycling, and progressive divergence. These capabilities highlight the strong460

potential of this indicator for real-time health monitoring and early fault461

diagnostics in PEMFCs.462

3.2. Temporal evolution and statistical characterization463

This section further examines its behavior of the proposed LSI across a464

range of representative PEMFC operating conditions. Rather than analyz-465

ing isolated scenarios, the focus here is on how the overall stability land-466

scape evolves through the systematic variation of environmental parameters,467

namely temperature, backpressure, and humidity.468

Figure 5 presents a unified comparison of PEMFC voltage behavior and469

the corresponding responses of LSI value E(t) under systematically varied op-470

erating conditions. Each subplot illustrates voltage time series corresponding471

to a single operating condition (temperature, backpressure, and humidity).472

Voltage states are color-coded as green (stable), yellow (metastable), and red473

(unstable), while the associated E(t) values are visualized as vertical bars. A474

horizontal gray plane denotes the stability threshold θE, enabling direct eval-475

uation of both transient deviations and persistent instability across varying476

test conditions.477

In Figure 5a, temperature emerges as a key factor influencing PEMFC478

voltage dynamics, which is consistent with the non-monotonic temperature479

dependence reported by Fu et al. [24]. At moderate temperatures (50-70 ◦C),480

voltage profiles are generally smooth, with the majority of E(t) values re-481

maining below the stability threshold θE, indicating overall stable operation.482

At 50 ◦C, the voltage gradually declines from approximately 2.175 V to 2.10483

V, likely reflecting a slow transition toward thermal equilibrium. Despite mi-484

nor transient deviations the system remains within the stable regime. As the485

temperature increases to 70 ◦C, the cell voltage reaches its peak, driven by486

enhanced electrochemical reaction rates. However, this improvement is ac-487

companied by noticeable oscillations, with more frequent excursions of E(t)488

above the threshold, signaling a reduction in voltage robustness. While 70 ◦C489
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Figure 5: PEMFC voltage dynamics and Lyapunov-like stability responses under varying
operating conditions: (a) temperature, (b) backpressure, (c) low-to-moderate humidity,
and (d) high humidity.

may offer optimal nominal performance, it appears to introduce water man-490

agement challenges that potentially destabilize the system. At 80 ◦C, a slight491

voltage decline and increased variability in E(t) are observed, consistent with492

the onset of membrane dehydration or local gas transport limitations [25].493

In contrast, under low-temperature conditions (40 ◦C), the voltage initially494

appears stable but quickly transitions into a downward trend with amplified495

fluctuations. The corresponding E(t) values rise steadily and remain above496

the threshold for extended durations, marking the emergence of persistent497

instability and eventual voltage collapse.498

In Figure 5b, the impact of backpressure on voltage stability is analyzed.499
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At 50 kPa, the fuel cell operates at a relatively high voltage with minimal500

dynamic disturbance, and most E(t) values remain well below the stabil-501

ity threshold θE, indicating a stable regime. As backpressure increases to502

75 kPa, voltage disturbances begin to emerge, accompanied by intermittent503

threshold crossings in E(t). At 100 kPa and 125 kPa, the system exhibits pro-504

nounced instability: voltage traces display marked oscillations and noticeable505

drops, while E(t) reaches its highest levels across all test conditions. These506

results suggest that although increased backpressure enhances reactant avail-507

ability, it may also impede water removal [26], resulting in cathode flooding508

and eventual localized oxygen starvation and triggering significant instability509

[27]. The proposed indicator (LSI) effectively captures this transition from510

kinetically favorable yet dynamically unstable states.511

Figures 5c-d explore the influence of humidification on voltage stability.512

Under low-humidity conditions (40% RH), the voltage exhibits greater fluc-513

tuation, although no sharp long-term decline is observed. The primary source514

of instability arises from increased oscillatory behavior, as reflected by fre-515

quent exceedances of the threshold in the E(t) signal. As humidity increases516

to 60% and 70% RH, the magnitude of voltage fluctuations decreases, and517

the system gradually transitions toward a more stable state, reflected by re-518

duced variability in E(t). In Figure 5d, further humidification to 90% and519

100% RH leads to even more regular voltage trajectories, with most E(t)520

values remaining below the threshold, indicative of robust operational sta-521

bility. These results underscore the importance of adequate humidification522

for maintaining balanced water management and sustaining electrochemical523

stability in PEMFC systems.524

To build upon the findings of the previous section, a statistical overview525

of voltage stability classification under systematically varied operating condi-526

tions is presented in this part. Figure 6 illustrates the distribution of voltage527

stability states (stable, metastable, and unstable), along with the correspond-528

ing statistical behavior of the LSI value E(t) under varying temperature,529

backpressure, and relative humidity settings. For each parameter group, the530

left column presents the proportion of each state category, while the right531

column provides box-and-whisker plots of the computed E(t) across all time532

windows. The stability threshold (θE = 0.49), is indicated by red dashed533

lines for reference.534

With respect to temperature (Figure 6a), the results indicate that at 40535

◦C, the fuel cell exhibits poor voltage stability: stable windows account for536

less than 30% of the total, with a large number of time segments classified as537
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Figure 6: Voltage stability state distributions and corresponding E(t) statistics under
different operating conditions: (a) temperature, (b) backpressure, and (c) humidity.

metastable or unstable. The corresponding E(t) distribution is significantly538

right-skewed, with a median above the stability threshold and multiple high539

outliers exceeding 3.5, suggesting strong drift and fluctuation. As the tem-540

perature increases to 50 ◦C and 60 ◦C, voltage stability improves significantly.541

Stable windows dominate (exceeding 80%), and the entire E(t) distribution542

falls comfortably below the threshold, with a sharp reduction in both median543
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and upper whiskers. This improvement is attributed to enhanced reaction544

kinetics and improved water removal capacity at moderate temperatures.545

Further increasing the temperature to 70-80 ◦C results in a slight decline in546

the proportion of stable windows. However, the median E(t) remains low547

and well below the instability boundary, indicating that the system contin-548

ues to operate within a stable regime. These findings are consistent with549

previous studies, which identify 55-65 ◦C as the optimal operating range550

for PEMFCs, providing a balance between electrochemical performance and551

membrane hydration.552

Under different backpressure conditions (Figure 6b), the observed stabil-553

ity trends are markedly nonlinear. At 50 kPa, more than 70% of the data554

windows are classified as stable, and the corresponding E(t) values are tightly555

clustered below the threshold, indicating a well-balanced operating condition.556

Increasing the backpressure to 75 kPa leads to a notable decline in stability,557

with a sharp reduction in stable windows and a moderate rise in both the558

interquartile range and upper whiskers of E(t), although the median remains559

near the threshold. This pattern suggests the emergence of mild transport560

limitations or localized flooding, which induce frequent but not yet severe dis-561

turbances. However, at higher backpressures of 100 kPa and 125 kPa, voltage562

stability deteriorates significantly: stable windows nearly disappear, and the563

E(t) distributions exhibit both elevated medians and long upper tails, with564

extreme values exceeding 15. These results reflect a substantial increase in565

fluctuation amplitude and persistent voltage degradation, indicative of se-566

rious fault conditions. Mechanistically, excessive backpressure is known to567

hinder liquid water removal from the cathode and increase oxygen transport568

resistance [28], which aligns with the observed increase in both instability569

frequency and energetic deviation as captured by E(t).570

Under varying humidity conditions (Figure 6c), the system demonstrates571

a clear sensitivity to membrane hydration [29]. At 40% and 50% RH, stable572

operation is rare, accounting for less than 20%, and the corresponding E(t)573

distribution shows elevated medians and wide spreads, highlighting the im-574

pact of membrane dehydration and associated increases in ohmic losses. As575

the RH increases to 60-90%, the fraction of stable windows rises significantly576

(up to 70-80%), and the E(t) distributions become fully compressed below577

the threshold, indicating consistently stable performance. This range repre-578

sents an optimal humidification condition, in which both proton conductivity579

and water management are effectively balanced. Interestingly, at 100% RH,580

a minor reduction in stability is observed, along with a slight increase in the581
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upper whiskers of E(t). This suggests that while membrane hydration is suf-582

ficient, localized flooding or excess water retention may begin to compromise583

system dynamics. These results are consistent with the findings from Kang584

et al. [30] and Fu et al. [31], who reported that both insufficient and exces-585

sive humidification lead to instability, while intermediate RH levels support586

more stable PEMFC operation.587

Taken together, these results establish a comprehensive statistical frame-588

work for interpreting PEMFC voltage dynamics across a broad range of op-589

erating conditions. By integrating state classification with LSI, this analysis590

not only quantifies the frequency of stable, metastable and unstable behavior,591

but also characterizes the severity of deviation through the distribution of592

E(t). This framework extends the time-domain insights from earlier sections593

into a generalized, condition-wise perspective, offering practical relevance to594

fuel cell health monitoring, diagnostic mapping, and control-oriented stabil-595

ity design.596

3.3. Stage-wise evolution and mechanism597

To validate the physical mechanisms underlying the statistical voltage sta-598

bility trends observed in Section 3.2, EIS measurements are conducted under599

each operating condition, as shown in Figure 7. In the Nyquist plots, the600

scatter points represent the experimentally measured impedance data, while601

the dashed lines correspond to the fitted spectra obtained using an equivalent602

circuit model. The fitted curves are used to highlight the overall impedance603

characteristics and mitigate the influence of measurement noise. The Nyquist604

plots are grouped by temperature, pressure, and relative humidity. Each605

impedance spectrum reveals condition-dependent shifts in the high-frequency606

intercept (associated with membrane resistance), mid-frequency arc size (re-607

flecting charge transfer resistance), and low-frequency tail (indicating mass608

transport limitations). These electrochemical features provide a mechanistic609

interpretation of the voltage stability behavior captured by LSI. In particu-610

lar, increases in charge transfer resistance or mass transport resistance are611

typically associated with deteriorating electrochemical processes, which man-612

ifest as increased voltage fluctuations and drift in the time-domain signals.613

This behavior is reflected in the evolution of the LSI value E(t), thereby614

linking the statistical stability indicator with the underlying electrochemical615

processes of the PEMFC system.616

Figure 7a presents the impedance spectra obtained under different tem-617

perature conditions. At elevated temperatures of 70-80 ◦C, the Nyquist plots618
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Figure 7: Electrochemical impedance spectra of PEMFC under varying operating condi-
tions: (a) temperature, (b) backpressure, (c) low relative humidity and (d) high relative
humidity.

exhibit compressed semicircles, and the high-frequency intercept on the real619

axis, corresponding to the membrane ohmic resistance Rohm, shifts down-620

ward, reflecting enhanced proton conductivity and improved electrochemical621

kinetics. These features are consistent with the low E(t) values and stable622

voltage behavior previously observed in Figures 5a and 6a. At intermediate623

temperatures of 50-60 ◦C, a moderate expansion of the mid-frequency arc624

is observed, while the low-frequency region becomes more pronounced, indi-625

cating a rise in charge transfer resistance and the onset of mass transport626

limitations. At 40 ◦C, the arcs enlarge substantially and deviate from the627

ideal semicircular shape, extending into the low-frequency region with a pro-628

nounced tail. This behavior suggests sluggish electrochemical kinetics and629

limited oxygen transport at the cathode. Moreover, the visible divergence630

between the experimental and fitted curves in the low-frequency range points631

to nonlinear dynamic responses, aligning with the elevated E(t) values and632
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a higher proportion of unstable windows under low-temperature operation.633

Figure 7b highlights the impact of increasing backpressure on the impedance634

response. As the pressure rises from 50 to 125 kPa, the low-frequency tail635

of the Nyquist plot extends significantly and steepens, indicating a marked636

rise in Warburg-type diffusion impedance. This behavior suggests impaired637

oxygen transport through the gas diffusion and catalyst layers, likely caused638

by liquid water accumulation in the cathode. At 125 kPa, the impedance639

trace diverges sharply at low frequency, approaching a 45◦ slope, a hallmark640

of diffusion-limited transport. The deviation between experimental and fit-641

ted data becomes particularly pronounced at low frequencies, reflecting a642

transition to a polarization-limited regime. These findings are in line with643

the sharp rise in E(t) and the dominance of unstable voltage states observed644

in Figure 5b and Figure 6b, supporting the conclusion that cathode flooding645

and gas starvation are key mechanisms driving instability under high-pressure646

conditions [21].647

Figure 7c-d show the impedance behavior under varying RH conditions.648

At low RH levels (40-50%), the impedance arcs broaden across the frequency649

spectrum, particularly in the low frequency region, indicating an increase in650

ohmic resistance (Rohm) and a reduction in ionic conductivity due to insuf-651

ficient membrane hydration. The presence of large diffusion impedance sug-652

gests non-uniform current distribution, likely caused by uneven membrane653

hydration and spatial variation in active reaction zones. Similar humidity-654

dependent impedance trends have also been reported by Fu et al. [31]. These655

unfavorable electrochemical conditions correspond to voltage oscillations, as656

reflected by the increased and fluctuating E(t) values. As RH increases657

to 60-70%, both ohmic and charge transfer resistances decrease, and the658

impedance arcs become more compact, indicating improved proton conduc-659

tivity and more uniform electrochemical activity. Optimal performance is660

observed between 80% and 90% RH, where the impedance profiles are most661

compact and the corresponding E(t) values reach their lowest levels, suggest-662

ing highly stable operation. At 100% RH, a slight re-appearance of curvature663

in the low-frequency region and a shallow diffusion tail suggest the onset of664

electrode flooding, likely due to vapor condensation. This interpretation is665

further supported by a slight increase in E(t) variance observed in Figure 6c,666

pointing to incipient instability under over-saturated humidification.667

In summary, the impedance characteristics shown in Figure 7 provide668

electrochemical validation for the voltage stability states classified by LSI669

time-varying value E(t). Elevated E(t) values correspond to increased re-670
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sistive or diffusion losses, as observed under low temperature, insufficient671

humidification, or excessive backpressure conditions. In contrast, low E(t)672

values are associated with minimized impedance arcs and suppressed mass673

transport limitations, reflecting balanced system operation and robust elec-674

trochemical performance. These results affirm the effectiveness of LSI not675

only as a dynamic voltage stability indicator, but also as a real-time proxy676

for capturing the evolution of internal impedance characteristics in PEMFCs.677

At the present stage, this linkage should be understood as a condition-wise678

mechanistic interpretation rather than a direct parametric mapping between679

E(t) and individual impedance elements; establishing such a quantitative680

mapping will require synchronized state-resolved EIS measurements in fu-681

ture work.682

To further investigate the underlying mechanisms of fuel cell instabil-683

ity under representative fault conditions, this study examines the temporal684

evolution of cell voltage and the corresponding LSI through a three-stage685

transition pathway. Figure 8-10 visualizes the dynamic trajectory of the sys-686

tem in a three-dimensional state space, defined by voltage, E(t), and time,687

where each point along the trajectory is color-coded according to its classified688

stability state, enabling intuitive visualization of transitions between stable,689

metastable, and unstable regimes.690

To elucidate the instability mechanisms under typical low-temperature691

fault scenarios, a time-resolved analysis of the voltage response and the corre-692

sponding LSI value E(t) is conducted. Figure 8 depicts the three-dimensional693

evolution of voltage, E(t), and time under the 40 ◦C condition, with each694

point labeled according to its classified stability states. In the early phase695

(0-200 s), the system remains predominantly stable, as evidenced by low E(t)696

values and relatively smooth voltage progression. This suggests a kinetically697

moderate but electrochemically stable operating state, where mass trans-698

port effects have not yet become limiting. As the cell continues to operate,699

a gradual voltage decline, accompanied by rising E(t) indicates the emer-700

gence of instability. This intermediate phase (200-250 s) is characterized by701

a directional, non-oscillatory degradation trend, typical of drift-dominated702

metastable behavior. The underlying mechanism is likely associated with703

liquid water accumulation resulting from limited evaporation at low temper-704

atures, which gradually impairs oxygen diffusion pathways in the cathode705

[32]. Beyond 250 s, the system enters a highly unstable regime, marked706

by strong temporal oscillations in both voltage and E(t). This third stage707

exhibits a spiraling descent in the state space, indicative of nonlinear feed-708
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Figure 8: Voltage dynamics and stability evolution under low-temperature conditions: (a)
Phase 1, (b) Phase 2, (c) Phase 3.

back instability. Such behavior is consistent with the onset of severe mass709

transport limitations, where oxygen starvation and transient localized flood-710

ing introduce self-reinforcing dynamic disturbances. At this stage, the low711

temperature further aggravates the situation by suppressing gas diffusivity712

and prolonging liquid water residence time, thereby preventing the recovery713

of stable operating conditions [33]. The combined effects manifest as large,714

sustained oscillations superimposed on a declining voltage baseline, align-715

ing with the high variability in E(t). Overall, this staged transition, from716

stability to metastability, and ultimately to chaotic instability, highlights a717

fault evolution pathway fundamentally driven by thermally constrained water718
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management and its impact on reactant gas transport [34]. This interpreta-719

tion is further supported by the impedance data shown in Figure 7a, where a720

significant enlargement of the low-frequency arc is observed under the 40 ◦C721

condition. The pronounced increase in diffusion-related impedance confirms722

the presence of mass transport limitations, consistent with the observed volt-723

age degradation and elevated E(t) values during the later stages of the fault724

evolution.725

Under high backpressure (125 kPa), the voltage stability of the fuel cell726

shows a significant stage-wise dynamic evolution. The three-dimensional727

time-series diagram in Figure 9 reveals its characteristic behavior and poten-728

tial underlying mechanism across three distinct phases. In phase 1 (0-250729

Figure 9: Voltage dynamics and stability evolution under high backpressure: (a) Phase 1,
(b) Phase 2, (c) Phase 3.
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s), the system enters an early instability accumulation phase. During this730

period, the voltage displays a fluctuating downward trend, accompanied by731

obvious localized high-frequency oscillations, while the overall E(t) values732

remain at medium levels. This phenomenon is usually related to localized733

mass transport limitations on the gas diffusion side. Although elevated back-734

pressure initially improves oxygen transport capacity, it also increases the735

retention and aggregation of water in the electrode pores, resulting in oxy-736

gen penetration obstruction in some areas. In addition, excessive pressure737

may promote liquid water redistribution in the porous structure, resulting in738

spatial inhomogeneity in local reaction environments. These variations give739

rise to electrochemical non-uniformity and microscale voltage fluctuations,740

consistent with prior findings on pressure-induced heterogeneity [35].741

As the system transitions into Phase 2 (250-400 s), the instability be-742

comes more pronounced. This stage is marked by a rapid rise in E(t) and743

pronounced voltage oscillations with a sawtooth-like profile. Such nonlin-744

ear fluctuations suggest the system has entered a critical transitional regime,745

likely dominated by intermittent polarization dynamics. A plausible underly-746

ing mechanism is the emergence of a “flooding-recovery” cycle at the catalyst747

layer [36], wherein localized oxygen starvation occurs due to transient wa-748

ter accumulation, followed by brief reactivation driven by pulsed exhaust749

control via the backpressure valve [37]. These spatially dynamic water re-750

distributions modulate the gas-liquid interface, intermittently disturbing the751

triple-phase boundary, and thereby triggering abrupt voltage disturbances.752

Moreover, the ventilation capacity at this high backpressure level appears in-753

sufficient to effectively expel accumulated liquid water, thus amplifying the754

temporal volatility of the electrochemical environment and reinforcing the755

instability of the system.756

In Phase 3 (>400 s), although E(t) remains consistently elevated, the757

intensity of voltage fluctuations visibly declines compared to the preceding758

phase. The system appears to enter the late stage of the fault evolution,759

characterized by a progressively declining voltage baseline, as evidenced by760

the increasingly lower troughs in the three-dimensional trajectory. This be-761

havior may reflect a transition into a low-activity regime, in which portions762

of the electrode become chronically oxygen-starved due to extensive water763

blockage [38], effectively damping further dynamic responsiveness. The pres-764

ence of multiple foldback patterns in the voltage-time trajectory may rep-765

resent a "breathing" response of the local electrode: intermittent recovery766

of electrochemical activity followed by rapid re-destabilization. Such cyclic767
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behavior suggests that the system is approaching a critical failure state. The768

impedance spectrum shown in Figure 7b supports this interpretation: the769

prominent extension of the low-frequency arc and the steepening of the tail770

response under 125 kPa indicate severe mass transport resistance, consistent771

with the overall elevated E(t) level and the accumulation of polarization772

effects, reinforcing the notion that gas-liquid transport limitations play a773

central role in governing the dynamic stability of the cell.774

Under low-humidity (dry) operating conditions (Figure 10), the volt-775

age dynamics of the PEMFC follow a distinct evolutionary pathway, fun-776

damentally different from the liquid-water-driven fault modes. The three-777

dimensional time-series trajectory reveals an overall pattern of moderate-778

amplitude, quasi-periodic oscillations. This behavior suggests that although779

the system displays a measurable instability, it does not progress along a780

flooding-dominated polarization path. Instead, the observed fluctuations are781

more likely governed by membrane dehydration and localized reactant under-782

supply, reflecting a water transport-limited mechanism. The presence of reg-783

ular sawtooth-like voltage perturbations, which are highlighted by the blue784

arrow in Figure 10, points to a dominant frequency-governed disturbance785

mode, often associated with transient oxygen starvation in the cathode gas786

channel. Under dry conditions, insufficient product water fails to maintain787

adequate membrane hydration, and the incoming airflow is unable to ef-788

fectively redistribute moisture across the active area. Consequently, local789

proton conductivity is degraded [39], producing spatiotemporal instabilities.790

Notably, unlike the abrupt voltage collapses observed under high-humidity791

flooding, the system undergoes a repetitive cycle of mild passivation, minor792

Figure 10: Voltage dynamics and stability evolution under low humidity conditions.
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voltage dips, and partial recovery, consistent with a mechanism dominated by793

proton transport degradation and gas-phase heterogeneity. In summary, the794

voltage dynamics of PEMFCs under typical fault conditions, including low795

temperature, high backpressure, and low humidity, exhibit distinct evolution-796

ary trajectories, each governed by specific transport and reaction limitations.797

Low-temperature operation triggers a gradual decline into instability, pri-798

marily driven by impaired oxygen diffusivity and prolonged water retention,799

ultimately resulting in severe mass transport resistance and chaotic fluctu-800

ations. High backpressure accelerates instability through liquid water ac-801

cumulation and redistribution within porous media, leading to a multi-stage802

evolution marked by flooding-recovery cycles and eventual oxygen starvation.803

In contrast, low-humidity conditions do not cause catastrophic polarization804

but result in persistent, low-amplitude oscillations driven by membrane de-805

hydration and uneven gas-phase distribution. Across all scenarios, the LSI806

effectively captures the onset, intensity, and temporal evolution of voltage807

instability. Its strong correlation with electrochemical impedance character-808

istics enables a unified and physically interpretable framework for assessing809

fuel cell degradation. These findings underscore the potential of LSI as a810

real-time dynamic diagnostic metric for identifying both abrupt and marginal811

failure mechanisms in PEMFC systems.812

4. Conclusion813

This study proposes a data-driven signal analysis framework for dynamic814

voltage stability assessment in proton exchange membrane fuel cells. A815

Lyapunov-inspired stability indicator, the Lyapunov-like Stability Indicator816

(LSI), is developed by combining voltage drift rate and volatility within a817

sliding time window. The resulting time-dependent indicator E(t) enables818

real-time identification of system dynamics and classification of operating819

states into stable, metastable, and unstable regimes through a statistical820

threshold determined using Kernel Density Estimation.821

Based on this indicator, a stability landscape was established under 16822

experimentally controlled operating conditions, revealing clear relationships823

between temperature, humidity, backpressure, and voltage stability behav-824

ior. The results show that optimal humidification (70–90% RH) maintains825

predominantly stable operation, while excessive backpressure leads to per-826

sistent instability. Temperature exhibits a strong regulatory role, with the827

most favorable stability observed around 60–70 °C.828
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To further interpret the mechanisms underlying voltage instability, impedance829

spectroscopy was integrated with time-domain voltage analysis to reconstruct830

representative fault evolution pathways. The results indicate that low tem-831

perature, high backpressure, and low humidity lead to distinct instability be-832

haviors associated with mass transport limitation, flooding–recovery cycles,833

and membrane dehydration, respectively. The proposed indicator success-834

fully tracks the onset and evolution of these instability processes and provides835

an interpretable measurement-based tool for PEMFC stability monitoring.836

Overall, the proposed framework links time-domain voltage dynamics837

with electrochemical impedance characteristics, offering a practical method-838

ology for stability assessment and early fault detection in PEMFC systems.839

The present results should be interpreted as a measurement-oriented proof840

of concept based on a single partially degraded three-cell stack under con-841

trolled laboratory conditions; accordingly, the reported thresholds and regime842

distributions should not yet be regarded as universally transferable limits.843

Future work will explore more quantitative relationships between stability844

regime transitions and impedance characteristics through synchronized EIS845

measurements, repeated experiments, and validation across different stack846

configurations, MEA materials, and operating profiles.847
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