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Reliable control-oriented models of PEM fuel cells remain challenging because PEMFC dynamics Dynamic Modeling:
are nonlinear, coupled, and hard to excite under practical constraints. This paper presents a hybrid e
identification workflow in a controlled MATLAB/Simulink simulation environment. After ~CGrey-Box Modeling;
discretization, bounded multisine excitation is applied, and correlation-based response analysis MIMO Systems;

(CRA) is L]sed to obtain non-parametric dynamics; low-order parametric s.tructures (AR)§, ARMAX, Parametric Identification:
Box-Jenkins, OE, and FIR) and a grey-box state-space model are then estimated and validated using .
Fito%, information criteria (AIC/BIC), and residual diagnostics. In SISO, ARMAX provides the best PEMFC; System Identification.
accuracy—parsimony compromise (Fit = 96.84% with the lowest AIC/BIC and residuals mostly

within confidence bounds), while Box—Jenkins achieves the highest fit (i.e., 98.75%) at higher ) )

complexity. In MIMO, most channels achieve an accuracy over 92% fit, with the most coupled ~ Article History:

pathway remaining the limiting case (best fit = 86.38% with BJ), and ARMAX/BJ emerging as the

dominant structures across channels. The grey-box model attains 97.35% fit for voltage and 86.47%  Received: 03 January 2026
for power. This paper establishes a unified, control-oriented hybrid workflow that links CRANON-  Reyised: 19  May 2026
parametric estimation with low-order parametric and grey-box models, providing compact,

physically interpretable PEMFC dynamics and practical model-selection guidance for control and ~ Accepted: 28  May 2026
energy-management applications. Published: 01 June 2026

1- Introduction

Hydrogen-based energy systems are gaining relevance as power sectors move toward low-carbon generation and
higher shares of variable renewables. Proton exchange membrane fuel cells (PEMFCs) have emerged as a promising
solution for distributed generation, transportation, and rural/agricultural electrification because they can deliver high-
efficiency electricity with reduced local emissions [1-3]. PEMFCs deployments frequently involve fast load variations
and operating constraints. Therefore, control and energy-management designs require dynamic models that remain
reliable beyond nominal operating points [4].

High-fidelity PEMFC models capture electrochemical, thermal, and mass-transport phenomena with strong physical
interpretability, requiring many parameters and detailed sub-models, which complicates calibration and limits their use
in real-time control and optimization [4]. For control-oriented studies, reduced-order and subsystem-level
representations have therefore been explored to balance accuracy and computational cost, including non-parametric
reduced-order modeling approaches and system-level simulations that preserve key transients for supervisory and
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embedded applications [5, 6]. In parallel, balance-of-plant air-supply dynamics and their coupling with stack voltage
and power have been modeled to support controller development under realistic actuator limits [7]. Parameter
identification studies further indicate that compact structures can preserve transient accuracy when their parameters are
validated under representative excitation and operating variability [8].

Current investigations reinforce the need for application-ready dynamic models across energy systems [9]. Jenei et
al. [10] discussed system-integration pressures at scale during Europe’s renewable transition, underscoring how
variability and operational constraints propagate into planning and operational decisions. Naidu et al. [11] investigated
intelligent control for grid-connected PV systems, highlighting tracking and voltage regulation under fluctuating
conditions through dynamic representations that remain reliable beyond nominal operating regimes. In agricultural
deployments, Capcha-Ochoa et al. [12] and Yauri et al. [13] demonstrated, through solar-powered 10T irrigation and
crop-monitoring applications, that supervisory actions must be robust to intermittent generation and demand variations
in real-world installations. Thermal limitations were also emphasized by Oyewola et al. [14], whose research on battery
thermal management showed that thermo-fluid operating constraints directly influence feasible control strategies and
safety margins. Within PEMFC research, recent contributions on mechanistic multiphysics optimization of catalyst
layers have highlighted the value of physically interpretable descriptions of internal transport and reaction phenomena
[15]. In parallel, recent data-driven studies on voltage prediction under load transients indicate that practical models
should be compact, control-oriented, and validated under excitation and disturbance conditions representative of closed-
loop operation [16].

Despite this progress, the literature lacks a unified benchmark comparing CRA-based non-parametric estimation,
low-order parametric structures, and grey-box state-space models under consistent excitation and validation protocols
[6, 7]. This gap is particularly evident when extending analysis from SISO to MIMO configurations, where reactant-
flow interactions and balance-of-plant coupling must be explicitly addressed. Additionally, the model choice directly
affects prediction horizon, sensitivity to disturbances and constraints, and ultimately closed-loop performance when
controllers must regulate voltage/power under fast demand changes and bounded actuation [8, 16]. Prior studies rarely
link model selection to short- versus long-horizon predictive behavior under comparable excitation and validation
protocols, which is essential for robust control and energy-management design. From a system identification standpoint,
these requirements motivate a workflow that combines informative excitation, consistent validation, and model-structure
comparison using both non-parametric and parametric-structured approaches [17, 18].

In this article we present a hybrid identification workflow using simulation data from a nonlinear PEMFC model
implemented in MATLAB/Simulink. The plant is discretized and excited with multisine signals; correlation-based
response analysis is used to obtain non-parametric dynamics, which are then benchmarked against low-order parametric
structures (ARX, ARMAX, OE, BJ, and FIR) and a grey-box state-space model using a unified validation protocol in
both SISO and MIMO settings [17, 18]. The main contributions are: (i) a reproducible multisine/CRA non-parametric
identification pipeline for a discretized nonlinear PEMFC testbed,; (ii) a unified comparison against standard low-order
parametric structures and a grey-box state-space model under consistent validation criteria; (iii) an SISO-to-MIMO
assessment that accounts for reactant-flow interactions; and (iv) practical guidance on selecting compact, validated
models for control and energy-management studies.

The remainder of this paper is organized as follows: Section 2 summarizes the identification fundamentals and model
structures; Section 3 details the data-generation procedure, excitation design, and validation protocol; Section 4 presents
the hybrid identification methodology; Section 5 reports and discusses the comparative results ; and Section 6 concludes
the paper and outlines implications for PEMFC control and energy-management applications.

2- Theoretical Foundations of PEMFC and System ldentification
2-1-PEMFC Dynamics

Proton Exchange Membrane Fuel Cells (PEMFCs) convert chemical energy into electrical energy through
electrochemical reactions between hydrogen and oxygen across a proton-conducting membrane. The theoretical
reversible potential E, sets the thermodynamic limit, while the actual voltage decreases due to activation, ohmic, and
concentration losses that determine the cell’s dynamic behavior [4]. For control-oriented studies, reduced-order and
system-level simulations have been explored to retain relevant transients at manageable complexity, including
projection-based reduced-order modeling and stack-to-vehicle simulations [5, 6], and balance-of-plant coupling has been
modeled to capture air-supply effects under realistic actuator limits [7]. The cell voltage can be expressed as:

Vcell = ENemst ~ Nact — Mohmic — Mconc (1)
where the Nernst voltage is:
RT P [P
ENcrnst = EO + ;ln (HZP—OZ) (2)
ref

and the main loss terms are;
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Nact = % In (i) » Mohmic = IRints Meone = I;_Tln (1_ L) o

LUim
Activation losses 1, result from the energy barrier required for the electrochemical reaction to occur, whereas
ohmic losses nynmic COrrespond to the resistive voltage drop through the membrane and electrodes. Concentration losses
Neonc PPeAr at high current densities when the reactant diffusion rate becomes insufficient [4, 5].

State variables include the cell voltage V., current density i, and reactant partial pressures (Py,’ P, ). Temperature
T is assumed constant (isothermal operation), and relative humidity (RH) is treated as fixed to sustain proton
conductivity. Physical constants and parameters are: R(universal gas constant, 8.314 J/(mol. K), F(Faraday constant,
96485 /mol), the charge-transfer coefficient a, the exchange current density i,, the limiting current density iy, the
internal ohmic resistance R;,, the reference pressure P, (typically 1 atm), and the reversible potential at reference
conditions E,. Units must be used consistently (e.g., pressure in atm, T in K, i in A/m2 or Alcm?, R, in Q) to ensure
correct scaling of V. [4, 8].

This dynamic representation captures the transient coupling between electrochemical kinetics, gas diffusion, and
electrical load, forming the basis for subsequent parametric and non-parametric identification. It enables realistic
prediction of voltage and current responses under varying load conditions [6, 7].

2-2-Non-Parametric Identification

Non-parametric identification determines the dynamic behavior of the PEMFC without assuming a predefined model
structure, focusing on the estimation of its impulse response and frequency response from simulated input—output data.
The objective is to extract key dynamic features such as time constants, dominant poles, and gain, which characterize
the voltage response under load variations [17, 18].

The correlation-based response analysis (CRA) method estimates the linear dynamic relationship between the input
u(t) (hydrogen flow rate) and the output y(t) (cell voltage) through the cross-correlation function:

Puy(® = [T u(t) y(t + 1) dt ()

where, ¢,,,, (1) quantifies how changes in the excitation signal influence the cell voltage over time. The impulse response
of the system is obtained by deconvolving ¢,,, (), which yields the discrete-time impulse coefficients g(k) [19, 20]:

fDuy(iw)}
Py (jw)
where, @, (jw) and @, (jw) are the cross- and auto-spectral densities of the input—output signals, respectively; w is

the angular frequency (rad- s~1), j = v/—1, F~1{-} denotes the inverse Fourier transform, and g(k) is the discrete-time
impulse-response coefficient at lag k (with sampling time T;) [19]. These coefficients represent the system’s memory
of past inputs and allow comparison with parametric models such as ARX, ARMAX, and Box—Jenkins, later discussed
in the next subsection.

gtk =77 ©)

The analysis was performed using simulation data generated in MATLAB/Simulink under controlled multisine
excitations that cover the frequency range of interest [20—-22]. This non-parametric stage provides a reliable baseline for
subsequent grey-box tuning and parametric identification [17, 18].

2-3-Parametric Identification

In the parametric identification stage, explicit mathematical models are fitted to the PEMFC input—output data to
represent the dynamic relationship between hydrogen flow u(t) and cell voltage y(t). Each model structure introduces
a different trade-off between accuracy and complexity, enabling a comparative assessment of how well the dynamics
are captured [17, 20].

The finite impulse response (FIR) model directly represents the impulse response as a finite sequence of coefficients
h;:

y(®) =Xy hy u(t =) +e(t) (6)

where, h; are FIR impulse-response coefficients, n is the FIR order (number of coefficients), and e(t) is the residual
(prediction error) sequence. Although simple, the FIR model provides a baseline for locating dominant dynamic modes
and assessing transport delays.

The auto-regressive with exogenous input (ARX) model introduces feedback by expressing the output as a
combination of past outputs and past inputs:

A(@Hy@® =B@ Hult) +e(®) )
where, A(qg™1) and B(q™1) are polynomials in the backshift operator g~ which denotes the backward shift (one-sample

delay) operator, i.e., g 1x(t) = x(t — 1). This structure efficiently captures transient effects and is computationally
attractive for preliminary fitting [17].
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The ARMAX model extends ARX by incorporating a moving-average term € (g~1), which improves noise modeling
and prediction quality:

A(@ D y(®) =B(@ Hu() +C(@™) e(t) (8)

The Box—Jenkins (BJ) model separates deterministic and stochastic dynamics by using distinct denominators for the
process and noise:

B(q™! c(q™?t
y(©) = T8 u(®) + 5 e() ©)

Finally, the output-error (OE) model minimizes the output residuals by fitting only the deterministic dynamics,
assuming negligible noise feedback:

y(0) = 2 2u(e) + e(t) (10)

The identification of these parametric structures was carried out using the System Identification Toolbox in
MATLAB, based on the simulated input—output datasets [21]. Each model was tuned to match the voltage transient
response obtained from the PEMFC dynamic block, providing a comparative evaluation of model complexity versus
predictive accuracy [17, 23].

2-4-Model Validation

Model validation verifies that the identified structure reproduces the PEMFC voltage behavior with sufficient
accuracy. The residual e(t) is defined as the difference between the measured output y(t)(cell voltage from simulation
or experiment) and the model-predicted output y(t) [17, 18]:

e(®) =y® -3 (1)

A valid model yields small, uncorrelated residuals that behave as white noise. The cross-correlation between input
u(t)and residual e(t)is also evaluated; ideally, it is close to zero for all lags [17, 19], confirming that no significant
dynamic information remains unmodeled:

Pue(T) = foou(t) e(t+1)dt (12)

These criteria confirm that the chosen parametric and non-parametric structures capture the essential PEMFC
dynamics before advancing to model discretization and SISO/MIMO formulations.

3- Dynamic Model Derivation and Discretization

The PEMFC plant relates the hydrogen and oxygen flow rates to the cell voltage and power output, governed by
electrochemical and thermal equations. The total cell voltage can be written as:

Vcell = ENemst - (nact+nohmic +nconc) + Uhoise (13)

where, Enernst denotes the reversible (ideal) voltage from the Nernst equation (V), and v,,se represents a low-amplitude
filtered Gaussian measurement-noise term (V) (kept below 1% of the nominal voltage). The terms 7,ct, Nohmic, and
Neonc are the activation, ohmic, and concentration overpotentials (V), respectively, accounting for electrochemical
kinetics, internal resistive losses, and mass-transport limitations. This term V_,; provides a controlled representation of
measurement uncertainty and natural fluctuations in cell voltage acquisition [4, 19].

The voltage losses depend on the current i(t), which leads to a first-order dynamic model:
Ve
4 + Vcell = Videal ~ Ntotal (14)

dt
where, 7, is an equivalent dominant time constant representing the aggregated PEMFC voltage dynamics around the
operating point (S), Vigear IS the ideal voltage term (V), and niota1 = Mact + Mohmic + Meonc 1S the total voltage loss (V). The
physical parameters, such as the exchange current density iy, internal resistance R;,, , and operating temperature T, are
obtained from experimental characterization and electrochemical literature [4, 8].

Ts

Applying the Laplace transform to Equation 14 under linearity and zero initial conditions yields the general cell
model in the frequency domain:

V(S) = E(S) - nohmic(s) - nact(s) - nconc(s) (15)

where, E(s)corresponds to the ideal voltage and each n(s) represents a loss component in the Laplace domain. This
transformation procedure is detailed in standard PEMFC modeling references [4, 5], where the approximations used in
dynamic PEMFC simulation are justified. Typical parameters employed in the simulation are F = 96485 C/mol,
T = 353K, Py, = Py, = 1 atm, Ry, = 0.01 Q and i, = 5 mA/cm? [4, 8].
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The continuous model was discretized using the Tustin method (bilinear transform) [24], which preserves stability
and approximates the continuous dynamics when transitioning to the discrete domain. In this method, the Laplace
variable sis replaced by:

2 1—-2z71
s=—
T, 14+2z71

(16)

where, T, is the sampling time (s), z7* is the one-sample delay operator, and the bilinear (Tustin) mapping is used to
obtain a discrete-time representation suitable for identification and validation. This approximation provides an accurate
digital representation of the continuous system, preserving the frequency-domain response. The resulting discrete
transfer function is:

0.013422%+0.015792+0.002362
2z2-1.505z+0.5429

Gtotal (Z) = (17)

where, G, (z) represents the discrete transfer function of the system and zis the complex variable of the z-transform.
For numerical validation and model reduction, this discrete model was compared with the reduced-order approach
presented in (14), showing a consistent dynamic response suitable for real-time simulation.

In the SISO configuration, a single input u(t)(hydrogen flow) and a single output y(t) (cell voltage) are considered,
as defined by (15). In the MIMO configuration, the model includes two inputs and two outputs, expressed as:

Y1] _ [611(2) G12(Z)] Ul] n [W1]
Y, G21(2) G2 (2)) LU, w,
where, U;and U, represent the hydrogen and oxygen (air) flow rates, respectively, while Y; corresponds to the cell
voltage and Y, to the electrical power. Each G;;(z) denotes the discrete-time transfer function of the corresponding
input-output path, estimated from the multisine-excited data using the considered identification structures
(ARX/ARMAX/OE/BJ/FIR) and the sampling time T, = 0.1 s. The effective model order and dynamics are therefore
determined by the selected structure and tuning rather than assumed a priori. The terms W; represent filtered

measurement perturbations. The structural representation of the SISO and MIMO configurations used for identification
and validation is shown in Figure 1 [17, 18, 20].

(18)

w

u, L,

:: MIMO —"

U, Y,
w

U l Yy

— SISO —

Figure 1. Simplified SISO and MIMO models used for system identification and validation

The discrete PEMFC model provides the basis for dynamic analysis. A non-parametric identification is then applied
to validate this structure and to derive the system behavior directly from input—output data.

4- ldentification Methodology

Figure 2 illustrates the proposed identification workflow, comprising: (i) operating-point definition including
temperature (T), pressure (P), load current (i), and relative humidity (RH) , (ii) multisine excitation design within a target
frequency band f € [fiin, fmax]Using N harmonics with amplitude scaling A, to ensure persistent excitation while
preserving physically admissible inputs, (iii) data acquisition and pre-processing (e.g., filtering, detrending, and
segmentation), (iv) CRA-based non-parametric baseline estimation (FRF/impulse response), (v) subsequent discrete-
time parametric identification (ARX, ARMAX, OE, BJ, FIR), (vi) grey-box state-space modeling, and (vii) model
selection and validation using Fit%, AIC, and residual/time-domain tests.

Page | 1197



Emerging Science Journal | Vol. 10, No. 3

™~ ™ A N
Nonlinear PEMFC plant Operating point Multisine design Data acquisition
V. J/ J J
N N ~ ~
Model selection Grey-box ID Parametric ID CRA baseline
y, y, y, .
{ Validation Final models

Figure 2. Methodological workflow for sequential hybrid identification of the nonlinear PEMFC plant

4-1- Stochastic Noise Characterization and Signal Integrity

To emulate measurement uncertainty in the simulation-based identification setup, the output signals used for CRA
and subsequent parametric estimation are treated as noisy measurements. As shown in Figure 3, the measured output is
modeled as:

y[k] = G(q) ulk] + w(k] (19)

where, G(q) denotes the discrete-time input—output mapping (with g~ the unit-delay operator) and w[k] is an additive
stochastic disturbance at the measurement channel. In this work, w[k]is implemented in Simulink as band-limited
additive white Gaussian noise (AWGN) with zero mean and variance o2, i.e.,

wlk] ~ N(0,0?) (20)

Although the Simulink noise block is band-limited, its power spectral density is approximately flat within the
identification band, providing a conservative broadband perturbation that stresses the estimators over the same spectral
region where the system dynamics are inferred. This additive measurement-noise assumption is consistent with standard
system-identification formulations [17, 21]. Although Figure 3 uses continuous-time notation for clarity, all signals are
sampled with T, and g~ denotes a one-sample delay.

w(t)

u(t) G(q) e y(t)

Figure 3. Measurement model adopted for identification

4-2-Non-Parametric Identification of the SISO and MIMO System

Non-parametric identification was applied to characterize the dynamic behavior of the PEM fuel cell (PEMFC) in
both SISO and MIMO configurations. This approach, widely used in control and system identification, estimates system
dynamics directly from input—output data without assuming a predefined model structure. In this work, it is used to
analyze transient and steady-state responses and to support the subsequent parametric and grey-box modeling stages
[19, 20].

The procedure combines three elements:
o Multisine excitation signals with suitable amplitude and frequency content.
o Correlation-based Response Analysis (CRA) for impulse- and step-response estimation.

¢ Validation through comparison with simulated validation data.
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To ensure sufficient excitation of the plant dynamics, multisine signals were generated for both SISO and MIMO
configurations following standard identification guidelines [17, 20, 22]. These signals uniformly cover the relevant
frequency range while mitigating noise effects. In the MIMO setup, the two input excitations correspond to perturbations
in hydrogen and air flow rates applied to the PEMFC model. The excitation is given by:

u(t) = Y=y Ay sin(2rfit + ¢y) (21)

where, N is the number of harmonics, 4, is the amplitude of the k-th sinusoidal component, f; is its frequency (Hz),
and ¢, is its phase (rad). The excitation band is defined by f, € [fmin, fmaxl» With fimin and fiax denoting the minimum
and maximum excitation frequencies, respectively. Using CRA, impulse and step responses are estimated from the cross-
correlation between the excitation signals and the measured outputs. These non-parametric responses serve as a reference
to assess the quality of the later parametric and grey-box models and to identify the dominant time scales of the PEMFC
dynamics [19, 22].

The multisine excitation was designed to ensure persistent excitation over the dynamic range of interest while
keeping bounded perturbations around the selected operating point. With sampling time T, = 0.1 s and sequence length
N = 616, the excitation period is T, = N;T; = 61.6s, which yields the fundamental frequency f, =1/T, =
0.01623Hz (i.e., wy = 2mf, = 0.1020rad/s). Using N, = 5 excited harmonics (k = 1, ...,5), the identification band
becomes [Wmin, Wmax] = [Wo, Npwo] = [0.1020, 0.5100]rad/s. The hydrogen input is applied as a normalized
deviation Auy, (t)(p.u.) to enforce bounded excitation without altering the designed spectral content. The resulting time-
domain realization is shown in Figure 4, while Figure 5 confirms the corresponding discrete harmonic lines within the
selected band, with wp;, and wp,,y indicated for clarity.

1 T T T T T

0.8

0.6

0.4

Normalized deviation, A uy (1) (pu)

-0.4

-0.6

-0.8

70

Time (s)

Figure 4. Hydrogen multisine input (normalized deviation, p.u.)
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Figure 5. Hydrogen multisine excitation spectrum (discrete harmonics, p.u.)
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For the MIMO case, an analogous multisine design (same sampling and harmonic-structure principles) was applied
to the second input channel (oxygen flow), ensuring comparable broadband excitation across both inputs.

4-3-Parametric Identification of the System

Parametric identification aims to obtain compact mathematical models that accurately represent the dynamic
behavior of the PEMFC system based on input—output data. The model parameters are estimated by minimizing the
discrepancy between measured and simulated outputs, seeking a balance between accuracy and structural simplicity.
Both SISO and MIMO configurations are considered to analyze individual responses and the coupling effects among
variables.

The candidate structures include FIR, ARX, ARMAX, Box-Jenkins (BJ), and Output Error (OE) models. For each
configuration, several model orders are tested using MATLAB’s System Identification Toolbox, and the best models
are selected according to the criteria described below [17, 21].

4-4- Model Selection Criteria

The selection of candidate parametric models is guided by a combined accuracy—parsimony criterion. Specifically,
we employ the fit percentage (Fit%) to quantify time-domain agreement, and two information criteria—Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC)—to penalize unnecessary model complexity and
reduce overfitting risk. This combination is widely recommended for control-oriented identification, where compact
models with strong generalization are preferred over highly parameterized structures [9, 17, 23].

The AIC is a statistical measure that evaluates the trade-off between model accuracy and complexity, penalizing the
excessive use of parameters. It is defined as:

RSS
AlC= Nin(%2) +2p (22)
where, N is the number of samples, RSS = ZI;Z=1 e? (k) is the residual sum of squares, and p is the number of model

parameters. Lower AIC values indicate a more efficient representation of the system and a reduced risk of overfitting.

To complement AIC, we also compute BIC, which applies a stronger penalty as the dataset size grows. This property
is useful to discourage over-parameterized models when multiple candidates achieve similar fits. BIC is defined as:

RSS
N

BIC = Nln( ) + pln(N) (23)

Lower BIC values indicate better expected generalization under a stricter complexity penalty than AIC [23].

The fit percentage (Fit%) quantifies the agreement between the measured and simulated outputs. It is computed as:

Fit(%) = (1- 2=2) x 100 (24)

I
ly=1
where, y is the measured output, ¥ is the model output, and y is the mean of y. Values close to 100% indicate that the
model reproduces the system behavior with high accuracy.

Values closer to 100% indicate high time-domain accuracy. Importantly, Fit% alone is not sufficient to guarantee
model validity; therefore, the final selection is supported by residual diagnostics (whiteness and independence tests)
described next [17, 19].

After ranking candidates using Fit%, AIC, and BIC, residual analysis is performed to verify that the model has
captured the predictable dynamics and that the remaining error behaves as approximately white noise. Residual
diagnostics are a standard requirement in system identification because a high Fit% may still coexist with structured
residuals (i.e., unmodeled dynamics), which can bias subsequent interpretation and control design [17, 19]. Let the
residual sequence be defined as:

e(k) =y(k) —y(k) (25)

where, y(k) denotes the measured (or simulated plant) output at sample k, while §(k) is the model output obtained by
simulating (or predicting) the identified model using the same input sequence. The residual e(k) therefore represents
the portion of the output that is not explained by the model dynamics. A satisfactory model should concentrate all
predictable, input-driven behavior in §(k), leaving e(k) as an unpredictable component dominated by noise and
unmodeled disturbances. The residual autocorrelation function is evaluated to check whether correlation remains at
nonzero lags:

fo (1) =+ 2, e(®) e(t +7) (26)
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where, N is the total number of samples in the validation record and tis the integer lag (z = 0,1, ...). The term e(k) is
the residual defined in (25). If the model captures the relevant dynamics adequately, the residual should be approximately
white; therefore, 7, (t ) should be close to zero for all nonzero lags (z # 0). Persistent nonzero autocorrelation indicates
remaining structured dynamics not captured by the model.

For a satisfactory model, 7., (7) should be close to zero for t # 0 and lie within approximate 95% confidence bounds:

1.96

bounds (95%) = iﬁ

(@7)

This provides an approximate 95% confidence interval commonly used to assess whether sample correlation values
are statistically distinguishable from zero under the assumption of white, independent residuals. Here, Nis the number
of samples used to compute the correlation. In practice, both 7., (7) and #,,(7)(defined below) are compared against
these bounds: correlations remaining within +1.96/+/N are interpreted as consistent with whiteness/independence,
while repeated excursions outside the bounds suggest model inadequacy or remaining input-driven structure.
Residuals that remain inside the confidence bounds indicate that the modeling error is largely uncorrelated in time
(white), supporting the adequacy of the identified dynamics. In addition, we verify that residuals are not correlated with
past inputs, which would indicate that part of the input-driven dynamics is still unmodeled (i.e., the residual is
“explainable” by the input). The normalized cross-correlation is computed as:

SN Tu(k) e(k+1)

(SN w2) (S, e2m)

Tye (T) =\/ (28)

where, u(k) is the input sequence (e.g., the normalized reactant-flow command used for excitation), e(k) is the residual
from (25), Nis the record length, and 7 is the lag. This test verifies that the residual is not explainable by past inputs: for
a well-identified model, . (7) should be close to zero (and remain within the 95% bounds of (27)) for the inspected
lags. Significant nonzero values of r,, () indicate that the model has not fully captured the input—output dynamics, and
that part of the input-driven behavior is still present in the residual [17, 19].

4-5-PEMFC System Identification Using a Grey-Box Model

Grey-box modeling is employed to represent the PEMFC dynamics by combining physical electrochemical
knowledge with identification from data. The objective is to obtain a model that captures transient and steady-state
voltage variations while maintaining physical interpretability of the parameters. The proposed structure integrates the
main polarization phenomena (activation, ohmic, and concentration losses) into a simplified dynamic formulation.

Parameter estimation is carried out using the prediction-error method with iterative least-squares optimization, using
hydrogen and oxygen flow rates U,, U, as inputs and stack voltage and power Y;, ¥, as outputs. Under this approach, the
PEMFC is represented in continuous state-space form [18]:

X=AX+BU, Y=CX +DU (29)

where, X € R™x is the state vector, U = [U; U,]" is the input vector (reactant flow rates), and Y = [¥; Y,]T is the output
vector (stack voltage and power), A, B, C, and D are the state, input, output, and feedthrough matrices that encode the
dynamic relationships between reactant flows and electrical outputs. These matrices are tuned using MATLAB’s
Identification Toolbox to match simulated validation data and to retain consistency with the underlying electrochemical
model [9, 21].

At this point, the complete identification framework is established: starting from the PEMFC dynamic model and its
discretization, through non-parametric CRA analysis, to parametric and grey-box structures with clearly defined
validation criteria. The next section presents numerical results and discussion.

5- Results and Discussion

This section presents the results obtained with the proposed identification framework. First, the non-parametric
behavior of the PEMFC is characterized using CRA, yielding impulse and step responses for both SISO and MIMO
configurations. These responses are used to validate the excitation design and to identify the dominant time scales of
dynamics. Then, the performance of the parametric and grey-box models is assessed by comparing their ability to
reproduce the non-parametric responses and the original input—output data in both SISO and MIMO settings.

5-1-Non-Parametric ldentification (CRA)

The CRA (Correlation-based Response Analysis) is first employed to obtain a non-parametric baseline of the PEMFC
dynamics prior to parametric and grey-box modeling. CRA estimates the discrete-time impulse response by combining
input prewhitening with prewhitened cross-correlation, which yields a consistent FIR-type description of the local input—
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output mapping around the selected operating point. This step is used to (i) validate the excitation design, (ii) identify
dominant time scales, and (iii) guide the structure selection of subsequent parametric models [17].

Figure 6 reports the CRA-estimated impulse response for the hydrogen-to-voltage channel (U1 — Y1), together with
its unit-step equivalent response obtained by cumulative summation of the impulse response. The impulse response
concentrates most of its energy in the early samples and decays rapidly toward zero, indicating a stable, finite-memory
behavior dominated by a main slow mode with a faster parasitic component. The corresponding step response reaches
its steady-state region within a short transient and exhibits only a mild peak before settling, which supports the use of
low-order control-oriented structures (e.g., first-order plus a fast mode) for local modeling. This behavior is consistent
with small-signal PEMFC voltage dynamics commonly reported around fixed operating conditions. [4, 8].
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Figure 6. CRA non-parametric responses for the SISO channel

To verify that the obtained FIR baseline is not only qualitatively plausible but also predictive, Figure 7 compares the
CRA-reconstructed step response against the step response obtained directly from the simulated plant data under the
same input change. The two curves show close agreement in rise behavior, peak region, and steady-state level, while
small discrepancies are mainly confined to the initial transient where unmodeled nonlinear effects and stochastic
contamination have the strongest influence. Overall, this comparison confirms that CRA provides a reliable non-
parametric description of the local SISO dynamics and can be used as a reference for subsequent parametric/grey-box
identification.
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Figure 7. Validation of the CRA baseline in SISO: comparison between the CRA-reconstructed step response and the step
response obtained from the simulated plant data for the same hydrogen input step
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The CRA procedure was then applied to the MIMO dataset by analyzing each input—output channel. For conciseness,
Figure 8 shows a representative channel (U2 — Y1), selected because it exhibits a clear causal correlation signature and
a compact impulse response. The covariance plots of the prewhitened signals confirm that the whitening stage suppresses
dominant correlations, while the prewhitened cross-correlation highlights the causal relationship (negligible correlation
at negative lags and significant response at positive lags). The resulting CRA impulse response provides a non-
parametric FIR estimate of the channel dynamics, enabling an interpretable characterization of dominant time scales and
coupling strength. The remaining channels showed analogous causality patterns and comparable time-scale features,
and thus U2 — Y1 is used here as a representative example to illustrate the CRA baseline in MIMO prior to
parametric/grey-box fitting.
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Figure 8. CRA correlation analysis for a representative MIMO channel (U2 — Y1). (a) Covariance of the prewhitened output
signal. (b) Covariance of the prewhitened input signal. (c) Cross-correlation between the prewhitened input and output,
highlighting the dominant lag structure. (d) CRA-based impulse response estimate (gain), which summarizes the dynamic
mapping from U2 to Y1 under the selected excitation and operating point.

These results validate the effectiveness of the excitation strategy and the application of standard identification
guidelines for PEMFC systems in both SISO and MIMO configurations.

5-2-Results of Parametric Identification for the SISO Configuration

In the SISO configuration, the hydrogen flow rate was considered as the input and the stack voltage as the output.
Five discrete-time parametric structures (ARX, ARMAX, Box-Jenkins (BJ), Output-Error (OE), and FIR) were
estimated using the same identification dataset and subsequently evaluated on an independent validation segment. The
objective was to obtain a control-oriented model that balances prediction accuracy and parsimony.

Table 1 summarizes the model comparison in terms of: (i) Fit%, which quantifies time-domain agreement between
measured and simulated outputs; (ii) AIC, which penalizes model complexity while rewarding goodness of fit; and (iii)
BIC, which applies a stronger penalty to complexity and therefore tends to favor more parsimonious structures for large
datasets. In addition, the number of estimated parameters (Npar) is included to provide a direct measure of structural
complexity.

From Table 1, the BJ model achieves the highest Fit% (98.747%), indicating excellent reproduction of the
measured output. However, this improvement comes at the cost of a larger parameterization (Npar = 8) and less
favorable information criteria compared with the best-ranked candidates. In contrast, ARMAX yields a high Fit%
(96.838%) while achieving the lowest AIC and BIC, which indicates the most efficient trade-off between accuracy
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and complexity among the tested structures. The ARX model provides a Fit% close to ARMAX (96.407%) but
requires a larger number of parameters in this configuration (Npar = 12) and is therefore less favored by AIC/BIC
despite its strong time-domain fit. The OE model shows competitive Fit% (97.269%), yet its information criteria
values are not as favorable as the top-ranked candidates, which suggests that its residual/noise characterization is
not as efficient under the present dataset and operating-point conditions. Finally, the FIR model exhibits the lowest
Fit% (84.086%), confirming that a short FIR structure is insufficient to capture the dominant PEMFC voltage
dynamics in this identification scenario.

Table 1. Comparison of parametric models for SISO configuration

Model family Npar Fit [%] AlC BIC
ARMAX 6 96.838 -7134.700 -7108.200
Box-Jenkins (BJ) 8 98.747 -6818.800 -6783.400
ARX 12 96.407 -7121.900 -7068.900
Output-Error (OE) 4 97.269 -2123.400 -2105.700
FIR 2 84.086 44.215 53.062

Figure 9 compares the measured voltage trajectory against the simulated outputs obtained with the five identified
model families. Overall, BJ, OE, ARX, and ARMAX reproduce the main waveform with very small deviation over the
full horizon, confirming that the dominant linear dynamics around the selected operating point are well captured by
these parametric structures. The agreement is particularly strong at the main extrema (e.g., the first positive peak and
the subsequent negative trough), indicating that the models capture both the effective gain and the dominant time
constant of the SISO PEMFC dynamics.

Nonetheless, Figure 9 also reveals subtle but relevant differences. The FIR model shows visibly larger discrepancies
during faster transients and in regions where the signal curvature changes more abruptly, which is consistent with its
limited memory length and lower Fit% in Table 1. Among the high-performing structures, BJ tends to track the measured
waveform most tightly, whereas ARMAX and ARX offer a very similar match with slightly smoother behavior typically
desirable for control-oriented usage where excessive flexibility may not generalize as well.
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Figure 9. Comparison of SISO parametric model structures

Figure 10 summarizes the residual analysis for the SISO parametric models. In the upper panel (residual
autocorrelation test), OE (yellow), BJ (orange), and FIR (light blue) exhibit peaks/segments that exceed the
confidence bounds at non-zero lags, indicating non-white residuals (remaining temporal structure in the error). In
contrast, ARX (blue) and ARMAX (dark blue) remain mostly within the bounds, suggesting a residual closer to
white and thus less unmodeled dynamics in the prediction error for the evaluated validation data. In the lower panel
(input—residual cross-correlation test), the curves stay within the confidence bounds for OE and BJ, while only the
FIR model shows a clear violation. This pattern indicates that, for FIR, a non-negligible fraction of the output
behavior is still explainable by the input, i.e., the input—output dynamics are under-modeled, consistent with its
weaker overall performance.

Page | 1204



Emerging Science Journal | Vol. 10, No. 3

Residual autocorrelation

1 1 T
€
2 08— =
2
£ 061 -
3
c 04 —
o
® 020 —
g, e A
3 —= V; v - ~
02 I I I 1 1 |
-20 15 10 -5 0 5 10 15 20
06 Cross-cr?rrelatlon i
5 04 -
2
£ 02| -
3
[ S — - - —
5 e —
& 02 -
[
g
& 0.4 —
o 1
06 | | 1 | |
-20 15 10 5 0 5 10 15 20

Samples

Figure 10. Residual diagnostics for SISO parametric models

5-3-Results in the MIMO Configuration

In the MIMO configuration, two inputs U;and U, affect two outputs Y; and Y,, leading to coupled dynamics across
the four input—output pathways (U; » Y;, U; = Y, U, - Y, U, - Y,). To provide a transparent and control-oriented
assessment, the identified parametric candidates are reported and compared per channel, using the same validation
protocol adopted in the SISO case. The evaluation emphasizes a balanced selection between prediction accuracy and
parsimony, supported by information criteria and residual diagnostics.

Table 2 reports the top 3 parametric candidates retained for each MIMO input—output channel, together with the
number of parameters (Npar), validation Fit%, and the information criteria AIC and BIC. The ranking combines: (i)
Fit% on validation data as a time-domain accuracy indicator; and (ii) AIC and BIC, which penalize excessive
parameterization and help prevent overfitting, thus favoring parsimonious structures when predictive performance is
similar. For U; - Y;, ARMAX offers the most attractive accuracy—parsimony balance (high Fit% with a low-order
structure, Npar = 6), while BJ achieves a comparable Fit% at a higher parameter count. For U, — Y,, the BJ structure
clearly outperforms the other candidates in terms of Fit%, indicating that this pathway is more difficult to capture with
compact ARX/ARMAX models under the current excitation and operating conditions. For U, — Y;, the leading
structures exhibit uniformly high fits (<99.4%), so parsimony becomes the main discriminator; in this case ARMAX
achieves similar accuracy with fewer parameters (Npar = 8) than BJ and ARX (Npar = 14 and 16, respectively), while
remaining competitive under AIC/BIC. Finally, for U, — Y,, Fit% values are also close (<93%), and the preference is
primarily guided by the complexity-penalized criteria; although ARX attains a marginally higher Fit%, BJ provides
substantially lower AIC/BIC with fewer parameters, suggesting a more parsimonious representation for this channel.
These quantitative indicators provide the basis for the detailed time-domain and residual discussions presented next for
each channel.

Table 2. Comparison of parametric models for MIMO configuration

Configuration Rank Model Npar Fit (%) AlC BIC
Ul—YVY1 1 ARMAX 6 97.85 -4389.8 -4363.3
Ul—YVY1 2 BJ 8 97.23 -4375.8 -4340.5
Ul —Y1 3 OE 4 95.95 -1895.7 -1878.0
Ul —Y2 1 BJ 15 86.38 -3959.5 -3893.1
Ul —Y2 2 ARMAX 6 3.85 -3746.4 -3719.9
Ul —Y2 3 ARX 11 9.51 -3702.5 -3653.9
U2 —- Y1 1 BJ 14 99.44 -3441.2 -3382.2
U2 —- Y1 2 ARX 16 99.39 -3349.8 -3282.3
U2 —- Y1 3 ARMAX 8 99.42 -3422.7 -3388.9
U2 - Y2 1 BJ 8 93.08 -4084.7 -4049.4
U2 — Y2 2 ARX 13 93.10 -4041.6 -3984.1
U2 — Y2 3 ARMAX 6 92.92 -4062.7 -4036.1
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Figure 11 compares the measured voltage output Y; against the simulated responses obtained with the candidate
parametric structures for the U; — Y; pathway. Overall, the leading models reproduce the dominant waveform with
small discrepancies, capturing the main extrema and the intermediate inflection regions. Consistent with Table 2,
ARMAX provides the most accurate and stable tracking over the full validation horizon, closely matching the measured
trajectory at the dominant peak and trough while maintaining smooth behavior around the mid-range oscillations. BJ
achieves a similarly high-quality match over most of the record, whereas OE captures the overall trend but exhibits more
noticeable deviations in specific transient regions, in agreement with its lower Fit% in Table 2. In contrast, FIR presents
the largest mismatch in key segments of the waveform, confirming that this structure is less effective for representing
the U, — Y; dynamics under the selected excitation and operating conditions.
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Figure 11. Comparison between measured and simulated responses for the U; - Y;

Figure 12 reports the residual diagnostics for the same channel. In the residual autocorrelation test (upper panel),
ARX (blue), ARMAX (red), and BJ (orange) remain mostly within the confidence bounds at non-zero lags, indicating
residuals closer to white. By contrast, OE (dark yellow) and FIR (yellow) exhibit clear excursions beyond the confidence
bounds, indicating non-white (colored) residuals, i.e., residuals with remaining temporal correlation. In the input—
residual cross-correlation test (lower panel), only the FIR model (yellow) shows a clear violation outside the confidence
bounds over multiple lags, indicating that part of the residual is still explainable by the input (i.e., under-modeled
deterministic input—output dynamics). Importantly, although OE (dark yellow) fails the whiteness test (autocorrelation),
it does not show a strong input-residual dependence, suggesting that its main limitation in this channel is related to
disturbance/noise description rather than missing deterministic dynamics. Taken together with Table 2 (Fit%, AIC/BIC,
and Npar), these results support selecting ARMAX as the most defensible accuracy—parsimony choice for the U; —
Y; pathway, while BJ remains a high-fit alternative with higher complexity.
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Figure 12. Residual diagnostics for MIMO parametric models U; — Y,
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Figure 13 compares the measured output Y, against the simulated responses obtained with the candidate parametric
structures for the U; — Y, pathway. In this channel, the fit differences reported in Table 2 are reflected in the time-
domain behavior: the BJ model provides the closest overall reproduction of the measured waveform across the validation
horizon, capturing the dominant oscillatory content with the smallest phase and amplitude deviations among the
candidates. In contrast, the remaining structures exhibit markedly poorer agreement in this pathway, with visible
mismatch in amplitude and/or phase over repeated cycles, which is consistent with their substantially lower Fit% values
in Table 2. These results indicate that U; — Y, is a comparatively more challenging pathway to model with compact
ARX/ARMAX/OE/FIR structures under the current excitation and operating conditions, and it tends to require a more
flexible parametrization to reach an acceptable time-domain match.
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Figure 13. Comparison between measured and simulated responses for the U; - Y,

Figure 14 reports the residual diagnostics for the U; — Y, pathway. In the residual autocorrelation test (upper panel),
OE (orange) and FIR (yellow) exhibit clear excursions beyond the confidence bounds at non-zero lags, indicating non-
white (colored) residuals, i.e., remaining temporal correlation in the error sequence. In contrast, BJ (light blue), ARMAX
(blue), and ARX (dark blue) remain mostly within the confidence bounds over the inspected lag range, suggesting
comparatively cleaner residual behavior for this channel. In the input—residual cross-correlation test (lower panel), all
models remain within the confidence bounds, indicating no statistically significant dependence between the residual and
the input over the evaluated lags. Therefore, the main deficiency observed for OE and FIR is primarily associated with
residual coloration (stochastic consistency) rather than missing deterministic input—output dynamics. Taken together
with Table 2 (Fit%, AIC/BIC, and Npar), these results support selecting BJ as the most defensible accuracy choice for

the U, — Y, pathway.
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Figure 14. Residual diagnostics for MIMO parametric models U; - Y,
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Figure 15 compares the measured output Y;against the simulated responses obtained with the candidate parametric
structures for the U, — Y ;pathway. The time-domain comparison shows that ARX, ARMAX, and BJ provide an
excellent reproduction of the measured waveform, with near-overlap across most of the validation horizon and only
minor deviations around sharp transitions. In contrast, OE and FIR yield responses that remain at a much smaller
amplitude and are visibly detached from the measured trajectory over the entire record, indicating that these structures
do not capture the dominant input—output dynamics for this channel under the present identification setting. This
observation is consistent with Table 2, where the top-ranked candidates (ARMAX/BJ/ARX) achieve uniformly high
Fit% values (~99.4%). Since predictive accuracy among these top candidates is essentially comparable, the final choice
is primarily driven by parsimony and complexity-penalized criteria; ARMAX achieves a Fit% comparable to BJ and
ARX while using fewer parameters (Npar = 8 versus 14 and 16, respectively) and maintaining competitive AIC/BIC
values, making it the most defensible control-oriented option for U, - Y;.
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Figure 15. Comparison between measured and simulated responses for the U, — Y;

Figure 16 reports the residual diagnostics for the same channel. In the residual autocorrelation test (upper panel),
ARX (blue), ARMAX (light blue/cyan), and BJ (yellow) remain mostly within the confidence bounds at non-zero lags,
indicating residuals close to white and limited remaining temporal structure in the error. By contrast, OE (orange) and
FIR (green) exhibit clear excursions beyond the confidence bounds, indicating non-white (colored) residuals. In the
input-residual cross-correlation test (lower panel), only OE violates the confidence bounds, suggesting that part of its
residual remains explainable by the input and therefore that some deterministic input—output dynamics are not fully
captured by this structure in the present setting. Conversely, the remaining models stay within the confidence limits,
indicating no statistically significant input—residual dependence over the inspected lags. Taken together with Table 2
(Fit%, AIC/BIC, and Npar), these results support selecting ARMAX as the most defensible accuracy—parsimony choice
for the U, — Y; pathway, while BJ remains a high-fit alternative with higher complexity.
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Figure 16. Residual diagnostics for MIMO parametric models U, — Y;
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Figure 17 compares the measured output Y, (power) against the simulated responses obtained with the candidate
parametric structures for the U, — Y, pathway. The time-domain comparison shows that ARX, ARMAX, and BJ track
the measured waveform closely over most of the validation horizon, capturing the dominant oscillatory pattern and the
main peak/trough amplitudes with only minor deviations near sharp transitions. OE reproduces the overall trend but
exhibits slightly larger deviations in some segments, particularly around peak regions where the measured signal
presents sharper features. In contrast, FIR shows pronounced oscillatory behavior and a visibly detached trajectory
relative to the measured output, indicating that this structure does not capture the dominant dynamics of the U, —
Y, channel under the present identification setting. These observations are consistent with Table 2, where the top-ranked
candidates for this channel exhibit very similar Fit% values (=93%), and model preference is therefore largely driven
by complexity-aware criteria and statistical validation rather than by time-domain accuracy alone.
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Figure 17. Comparison between measured and simulated responses for the U, - Y,

Figure 18 reports the residual diagnostics for the same channel. In the residual autocorrelation test (upper panel),
ARX (blue), ARMAX (red), and BJ (purple) remain mostly within the confidence bounds at non-zero lags, indicating
residuals closer to white and limited remaining temporal structure in the error. By contrast, OE (orange) and FIR (green)
exhibit clear excursions beyond the confidence bounds, indicating non-white (colored) residuals. In the input-residual
cross-correlation test (lower panel), only FIR (green) violates the confidence bounds, indicating that part of its residual
remains explainable by the input and therefore that deterministic input—output dynamics are still under-modeled by this
structure. Taken together with Table 2 (Fit%, AIC/BIC, and Npar), these results support selecting ARMAX as a compact
and statistically consistent accuracy—parsimony choice for the U, — Y, pathway, while BJ remains a competitive high-
fit alternative supported by favorable information criteria at a slightly higher parameter count.
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Figure 18. Residual diagnostics for MIMO parametric models U, - Y,
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5-4-Results of the Grey-Box PEMFC Model

After tuning the grey-box model parameters as described in Subsection 4.5, its performance was evaluated using an
independent validation dataset. Figure 19 compares the measured and simulated responses for the two outputs: cell
voltage Y; (top) and stack power Y, (bottom). The grey-box model shows excellent agreement with the validation data,
achieving 97.35% Fit for ¥; and 86.47% Fit for Y,. The voltage dynamics are captured with high accuracy, whereas the
power response is reproduced with adequate fidelity given its stronger nonlinear dependence on both voltage and load
current. The remaining mismatch in Y, is mainly observed near steep transitions, where the nonlinear coupling is
strongest. Overall, these results confirm that the grey-box model provides a compact yet physically interpretable
representation of PEMFC dynamics and can serve as a solid basis for control-oriented modeling and simulation studies
[10, 18].

15 T

T
Validation data (y1)
10 —e, sys_est: 97.35%

Voltage (V)
~.
—
~
rd
/
\
|
/
\
/

10 |
10 T T ]

|
Validation data (y2)
/ \ sys_est: 86.47%

Power (W)
o
i
LY

10 20 30 40 50 60
Time (seconds)

Figure 19. Comparison between validation data and grey-box model responses for voltage Y; (top) and power Y, (bottom)

5-5-Discussion and Practical Implications

This section interprets the identification results from a control-oriented perspective. First, the operating conditions
used to define the small-signal regime are stated explicitly, and the expected loss of validity as the operating point shifts
is discussed. Second, the implications of PEMFC nonlinearities, particularly water management and membrane
hydration, on the CRA-based non-parametric baseline and on the residual behavior of parametric models are examined.
Third, the results obtained are contextualized by comparison against previous PEMFC identification research. Finally,
the accuracy—parsimony rationale behind the selected model structures in SISO and MIMO is summarized, using Fit%
together with complexity-penalized criteria (AIC/BIC) and residual diagnostics to justify which candidates are most
suitable for control and energy-management applications.

An additional SISO identification experiment was conducted at a shifted operating condition to assess the sensitivity
of the identified dynamics to changes in the operating regime. The operating point was set to i, = 0.00575 A/cm?
(+15% relative to 0.005A/cm?), T = 358K, and Py, = P,, = 1.20 atm (P,ef = 1 atm). Under these conditions, the
stack Nernst voltage increases to Enernst = 12.07 V. Figure 20 reports the 5-step prediction performance on independent
validation data. The shifted-point identification preserves high predictive accuracy and a consistent ranking across
candidate structures: BJ achieves the best fit (87.28%), followed closely by ARMAX (86.66%) and ARX (86.62%). In
contrast, OE provides a lower fit (80.87%), while the simplified low-memory baseline (FIR-equivalent) yields the lowest
performance (67.88%). Overall, these results suggest that moderate changes in (i,’ T> P)under bounded excitation do not
fundamentally alter the dominant SISO dynamics captured by the proposed control-oriented identification workflow,
whereas more constrained structures (OE/FIR) become less competitive.

CRA provides a convenient non-parametric baseline, but it relies on quasi-linear and time-invariant behavior over
the analyzed window. Consequently, nonlinearities driven by water management and membrane hydration may affect
CRA by introducing slow drift or regime changes that effectively smear the estimated impulse/FRF and increase residual
correlation. Under small-signal operation, reported water-management effects suggest that hydration/flooding states can
induce millivolt-level voltage variations at the single-cell level; for instance, a fuzzy model validated via spectroscopy
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reported voltage changes on the order of 1-5.2 mV between dry and flooded conditions [25]. For a 12 V-class stack (=17
cells at ~0.7 V/cell), this corresponds to an aggregated variation on the order of tens of millivolts, which is typically
small relative to the nominal stack voltage and therefore compatible with control-oriented linearization assumptions in
many applications [26]. Accordingly, under bounded multisine excitation and fixed operating conditions, CRA remains
a reliable first-step baseline in the present workflow. However, if hydration dynamics become dominant (e.g., longer
windows, larger excursions, or rapid RH variations), CRA estimates are expected to show reduced consistency and
stronger residual structure. In such cases, segment-wise CRA, time-varying identification, or nonlinear frequency-
response tools based on higher-order harmonic information become more appropriate for capturing nonlinear distortions
beyond the first-order response [27].

I
BJ model
FIR model
OE model
ARMAX model
0.4 ARX model
Measured data

o
|

Voltage (V)

| | | |
5 10 15 20 25 30 35
Time (s)

Figure 20. SISO identification at a shifted operating point

The observed accuracy—parsimony trade-off is consistent with recent identification-oriented PEMFC literature.
Black-box system identification has been shown to yield compact PEMFC models suitable for prediction and control,
while emphasizing the need to balance predictive accuracy against model complexity [28]. More recent work has
highlighted that operating conditions and time-varying effects can challenge fixed-parameter linear models under
frequent load changes. For instance, online adaptive modeling has been proposed to cope with nonlinear/time-varying
voltage dynamics by updating parameters during operation [29]. Furthermore, PEMFC system-identification studies
reporting validation across operating conditions reinforce the importance of combining time-domain accuracy with
model-consistency checks when selecting structures for control-oriented use [30]. The contribution of the proposed
identification system achieves high fit, as well as, an unified and reproducible workflow that links: (i) multisine/CRA
non-parametric baselines, (ii) low-order parametric structures screened with information criteria and residual
diagnostics, and (iii) a compact grey-box state-space model validated on independent data, thereby offering practical
guidance on structure choice under accuracy—parsimony and statistical-consistency requirements.

Across the full set of SISO and MIMO experiments, the results confirm that model preference must be decided by a
joint criterion of time-domain Fit%, complexity penalties (AIC/BIC) and Npar, and residual consistency, rather than
Fit% alone. In SISO, Box—Jenkins achieves a Fit of 98.75%, while ARMAX offers the most defensible control-oriented
compromise (Fit = 96.84%) because it achieves the lowest AIC/BIC with residual behavior mostly within confidence
bounds. In MIMO, channel-wise outcomes reveal two regimes. For the dominant voltage pathways, compact structures
are sufficient: U; — Y; is well captured by ARMAX (Fit = 97.85%, Npar = 6), with BJ close behind (97.23%,
Npar = 8), and U, — Y; reaches ~ 99.4% Fit for BJARX/ARMAX, where parsimonia and residual tests favor ARMAX
(Npar = 8) over higher-parameter alternatives. The most challenging coupled pathway is U, — Y,, where only a richer
stochastic description attains acceptable accuracy (BJ: 86.38%, Npar = 15), while lower-order ARX/ARMAX provide
poor fits under the same setting. For U, — Y,, fits are close (*93%), and information criteria together with residual
diagnostics guide the final preference against models leaving input-correlated residuals. Residual autocorrelation and
input—residual cross-correlation tests systematically distinguish residual coloration (imperfect disturbance/noise
description) from missing deterministic dynamics, supporting the final channel-wise selections. Finally, the grey-box
state-space model complements the black-box results by providing a compact, physically interpretable representation
with strong validation performance of 97.35% fit for voltage and 86.47% fit for power, serving as a transparent baseline
for simulation and control-oriented studies.
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6- Conclusion

Accurate and compact dynamic models of PEM fuel cells are essential for control and energy-management design;
however, identification is challenging due to nonlinear coupling and constrained excitation. This paper presented a
sequential hybrid identification workflow to obtain control-oriented discrete-time SISO and MIMO models of a PEMFC
plant using a nonlinear MATLAB/Simulink controlled simulation environment. The plant was fixed at a selected
operating point and excited with bounded multisine inputs designed to ensure persistent excitation over a prescribed
frequency band while respecting physically admissible constraints. Input—output data were pre-processed and first
analyzed using CRA to establish a non-parametric baseline (FRF/impulse dynamics), which then informed subsequent
parametric identification (ARX, ARMAX, OE, BJ, FIR) and grey-box state-space modeling.

A central contribution is the transparent model-selection strategy combining validation Fit% with complexity-
penalized criteria (AIC/BIC), parameter count (Npar), and residual diagnostics (residual autocorrelation and input—
residual cross-correlation), enabling defensible structure choice beyond Fit% alone. In the SISO case, BJ achieved the
highest agreement with validation data (Fit = 98.75%), whereas ARMAX provided the most robust accuracy—parsimony
compromise (Fit = 96.84% with the lowest AIC/BIC and residual behavior mostly within confidence bounds). In the
MIMO configuration, channel-wise identification showed high accuracy in the dominant pathways (e.g., U; — Y;i:
97.85% and U, — Y;: =99.4%), while the most coupled pathway remained the limiting case (U; — Y,: best Fit =
86.38% with BJ), indicating when richer stochastic structures are necessary. The grey-box model complemented the
black-box candidates by providing a compact, physically interpretable representation with strong validation performance
(97.35% fit for voltage and 86.47% for power). All results are based on repeatable simulation data, enabling controlled
excitation and fair benchmarking across model classes.

Future work will extend the workflow beyond a single operating point via multi-model/LPV scheduling, incorporate
humidity and water-management dynamics, and validate the approach on experimental stack data under actuator
constraints, measurement bias, and aging effects.
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