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Abstract

Energy Management Strategies (EMSs) are crucial for enhancing fuel economy and reducing
emissions in light commercial vehicles (LCVs). This paper presented three EMS approaches
for LCVs with hybrid powertrains: Rule-Based Control (RBC) and two optimization-
based strategies, the Equivalent Consumption Minimization Strategy (ECMS) and Model
Predictive Control (MPC). To enhance robustness under varying operating conditions,
optimization algorithms were designed and tuned using the WLTC City driving cycle,
and adaptive components were included. For a fair assessment of overall efficiency, all
strategies were compared under identical constraints on hydrogen and electrical energy
consumption. The results showed that, under these constraints, MPC achieved the longest
driving distance, highlighting its superior energy utilization capability. In a broader com-
parative analysis, both the ECMS and MPC outperformed the benchmark RBC, with MPC
demonstrating the most consistent performance, enhanced stability, and strong adaptability
in dynamic scenarios. The findings indicate that MPC offers notable advantages for LCV
energy management, combining efficiency, robustness, and interpretability, positioning it as
a promising candidate for practical implementation in future hybrid powertrain systems.

Keywords: adaptive energy management; fuel cell system; hybrid powertrain; consumption
optimization strategy; model predictive control; rule-based control

1. Introduction

The transition toward sustainable urban and commercial mobility is accelerating the
development of zero-emission vehicles. Hydrogen Fuel Cell Electric Vehicles (FCEVs)
represent a promising solution for the LCV sector due to their high energy density, rapid
refueling capability and zero noxious tailpipe emissions [1]. However, the commercializa-
tion of FCEVs still faces significant challenges, particularly regarding the durability of the
fuel cell stack. Recent studies have emphasized the importance of advanced diagnostic
techniques, such as polarization loss decomposition-based online State-of-Health (SoH)
estimation [2], and life prediction models that account for the recovery phenomenon of
reversible voltage loss [3]. While these studies highlight health-aware management, es-
tablishing a robust energy consumption baseline under off-design conditions remains a
fundamental prerequisite.

To satisfy the highly dynamic power demands and efficiency requirements of LCV
applications, hybrid powertrain architectures, integrating a Fuel Cell (FC) stack with a
battery or supercapacitor, are commonly adopted [4]. The performance, efficiency, and
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durability of such systems depend strongly on the EMS, which governs the real-time power
split between the subsystems [5,6].

EMSs aim to allocate power between the FC system and the Energy Storage System
(ESS) to maximize overall energy efficiency while mitigating the degradation of the FC
stack [7], and these strategies broadly fall into three categories: rule-based, optimization-
based, and Artificial Intelligence (Al)-based methods [8]. While Al techniques, such as
Reinforcement Learning (RL), promise greater adaptability and performance by learning
complex, model-free dynamics, their widespread adoption is hindered by high compu-
tational requirements, intensive training costs, and a lack of interpretability [9]. This
study considers these practical constraints and builds upon the LCV model presented
in [10], which includes a comparative assessment of three EMS approaches for hybrid LCV
powertrains: a baseline RBC, ECMS and MPC.

RBC is a popular strategy for real-time energy management, relying on predefined
rules and thresholds to manage power distribution between the FC and the battery [11].
These rules are typically based on factors like the battery State of Charge (SOC), the
immediate power demand of the system, and other key operating parameters [12]. The
development of these systems often incorporates advanced optimization; for instance,
rule-based EMSs for FC hybrid trains have been developed based on the results from
Dynamic Programming (DP) under various conditions [13]. Furthermore, techniques such
as the genetic algorithm are employed to generate optimized rule-based EMSs, ensuring
the optimization of power between the FC and the battery system [14]. But in this study, the
RBC strategy is just considered a baseline, without further modification or optimization.

Optimization-based control designs the EMS by formulating it as an optimization
problem, with the goal of finding optimal control actions that minimize a specific objective
function [15]. Globally optimal methods, such as DP and Pontryagin’s Minimal Principle
(PMP), are commonly used because they theoretically provide the best possible solution [16];
for example, DP-based EMSs can reduce fuel consumption and battery degradation, while
PMP-based EMSs often focus on hydrogen consumption reduction or maximizing fuel cell
efficiency [17]. However, these global optimization approaches depend on prior knowledge
of the future driving profile and involve high computational demand, both of which restrict
their applicability to real-time control in complex systems [18,19]. Local optimization
methods, such as ECMSs, are attractive for dynamic, real-time control due to their faster
computation, although this speed comes at the cost of not guaranteeing a globally optimal
solution [20].

MPC is considered a state-of-the-art algorithm, initially utilized for speed control
applications due to its excellent real-time responsiveness [21]. Through accurate system
modeling, MPC has also proven to be suitable for energy management algorithms, where
adjustable weighting factors can be used within the optimization problem to tune control
objectives [22,23]. Although fuel cell commercialization remains hindered by challenges
such as cost, cold start performance, and durability [24], the flexible framework of MPC
provides opportunities to address these issues by incorporating validated behavioral
models directly into the cost function. Furthermore, techniques such as Response Surface
Methodology (RSM) have been employed for model correction and refinement [25,26]. This
sophisticated approach allows MPC to achieve efficient and effective control, even when
dealing with complex nonlinear models [27].

Real-world driving is characterized by variable and unpredictable operating condi-
tions. Prior experimental studies highlight substantial discrepancies between standardized
test cycles and real operation [28]. Motivated by this, the present work incorporates adap-
tive formulations of both ECMSs and MPC from the outset, enabling the algorithms to
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adjust their behavior based on instantaneous driving conditions and vehicle states [29]. This
adaptability is essential for ensuring robust performance beyond idealized scenarios [30,31].

The evaluation relies on a simulation framework developed in MATLAB/Simulink
R2025a. All strategies are first assessed under the WLTC City cycle as the reference,
which is an essential subset of the Worldwide Harmonized Light-Duty Test Cycle (WLTC),
comprising only the low- and medium-speed phases [32]. It is specifically characterized by
frequent stops and starts and high dynamic variations at low average speeds, realistically
reflecting congested urban traffic [33]. Given that LCVs are predominantly used for city
logistics and urban services, the WLTC City cycle serves as a relevant and practical standard
for evaluating the energy consumption, emissions, and all-electric range of hybrid LCV
powertrains operating in their typical environment [34]. The comparison is then extended
to off-design scenarios using a set of fifty distinct driving cycles generated through a
Simulink add-on called Powertrain Blockset [35].

The principal performance indicator is the total driving distance given identical en-
ergy consumption, providing an indirect measure of overall energy efficiency [36]. The
analysis also accounts for practical constraints relevant to LCV implementation, including
limitations imposed by the Vehicle Control Unit (VCU) such as computational requirements
and restrictions on rapid power transients to preserve fuel cell longevity.

Table 1 summarizes representative state-of-the-art studies and highlights three overar-
ching limitations in current FCEV EMS research: the mismatch between control-oriented
models and real system physics, energy evaluation biases introduced by equivalence-based
metrics, and limited robustness validation beyond standardized cycles.

Table 1. Comparative analysis of recent FCEV energy management research.

Discontinuous Dwell-Time Energy Metric Robustness
Reference Methodology FC Power Constraint Employed Testing
Optimization .
. Yes Equivalent .
PMP-DCR (2024) [37] (PMP + Driving (Idling /Startup No Hydrogen Combined
Cycle : . standard cycles
o penalties) Consumption
Recognition)
Adaptive Tg?rllg}l;?r’giin Loaded vs.
Rule-based (2022) [38] cap No No P unloaded mass
Six-Step and Total L
.. variation
Driving Range
Hybrid
Optimization Hydrogen Standard FIP-75
AHA-ECMS (2024) [39] (ECMS + No No Consumption driving profile
Hummingbird)
Robust Min-Max Hydrogen Worst-case
Robust J5 (2025) [40] (Jellyfish Search) No No Consumption uncertainty
SSA-LSTMP-ECMS  Learning-Based o o Bquivalent R and
(2025) [41] Predictive ECMS yaroger
Consumption cycles

To address these challenges, this work establishes a physics-consistent, hardware-
constrained evaluation benchmark for FCEV energy management. A key distinguishing
feature of the proposed framework is the explicit enforcement of two hardware-level con-
straints characteristic of the industrial prototype under study: a discontinuous FC operating
domain (idle: 1.5 kW; active: 20 + 70 kW) and a mandatory minimum dwell-time of 10 s
in each operating mode, both enforced at the VCU level. As shown in Table 1, no existing
study simultaneously accounts for both constraints, making this framework a necessary
complement to existing comparative work. Performance is evaluated through a multi-
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tiered methodology combining the WLTC City cycle, unbiased energy benchmarking based
on total driving distance, and robustness testing across 50 off-design driving scenarios.
The ultimate objective is to identify the EMS most suitable for further development in a
Hardware-in-the-Loop (HIL) environment and subsequent VCU integration.

2. Test Environment

Before comparing different control strategies for EMSs, it is necessary to define the
simulation environment used for their integration and assessment [42]. This paragraph
introduces the fundamental elements required for functional validation and performance
evaluation, with a particular emphasis on the vehicle model and the representative driving
cycles. A reliable simulation platform is essential for analyzing the behavior of various
EMSs. The integrated environment adopted was implemented in MATLAB/Simulink
R2025a and incorporates a detailed vehicle model capable of reproducing the physical
behavior of the vehicle, its energy flow dynamics, and the key operational characteristics
of the hybrid powertrain [10]. In addition, the driving cycles selected for the analysis are
presented, as they provide standardized conditions for assessing fuel economy, energy
consumption, and overall performance across different EMSs.

The outlines and justifications of the adopted vehicle model and the driving cycles
are presented.

2.1. Vehicle Model
EMSs are applied to an FCEV model, representing an LCV, as shown in Figure 1.

Reference
Speed I?request 1/_\ctua|
orque orque
Longitudinal| ° DC g Vehicle
Feedback Controller Source Dynamics

Speed

Figure 1. Vehicle model schema.

The reference vehicle speed obtained from the driving cycle and the feedback vehicle
speed computed by the vehicle dynamic model are provided as inputs to the longitudinal
controller. A PID-based control strategy is employed to mimic driver behavior by minimiz-
ing the speed tracking error. Based on this error, the controller generates a pedal command,
which can also be interpreted as an equivalent torque demand.

This torque demand is transmitted to the DC source subsystem, which includes Electric
drive (E-Drive) and energy sources. Within this subsystem, the EMS is implemented
to allocate the required power among the available energy sources and to simulate the
generation of the actual traction torque. The resulting torque is then applied to the Vehicle
Dynamic System (VDS), which models the longitudinal vehicle behavior and computes the
vehicle acceleration, speed, and traveled distance. The simulated vehicle speed is finally
fed back to the longitudinal controller, forming a closed-loop control structure that enables
the accurate tracking of the reference driving cycle.

2.1.1. Fuel Cell System

The FC system model incorporates both electrochemical dynamics and auxiliary
component modeling. It was calibrated based on empirical data to accurately capture
dynamic variations in power and efficiency in response to changes in power demand.
Table 2 presents the basic specification. The current, irc, is defined as the input to the model,
while the output quantities are the FC voltage, vrc, and the net power, Prc. Considering
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the characteristic slow response of the FC voltage to sudden transients, at each time step, ¢,
the electrical relationship is expressed as follows [43]:

, Prc(t)

ipc(t) = orc(t—1) 1)
where vpc is computed at each time step as a nonlinear function of the current density,
accounting for reversible voltage and electrochemical loss mechanisms [10]. Considering
the slow dynamic response of the fuel cell voltage, the current density is evaluated using
a discrete time step of 0.01 s. This step size is sufficiently smaller than the dominant
electrochemical and gas transport time constants [44], enabling accurate voltage estimation
while ensuring numerical stability and consistency. Assuming stoichiometric balance and
complete reaction, the required hydrogen mass flow rate, mpy,, can be calculated by the
following equation [45]:

n'ipc
°F 2)

where My, is the molecular mass of hydrogen, n is the number of cells and F is the

mﬁz = MHZ'

Faraday number.

Table 2. Fuel cell technical specification.

Metric Value
System net power Max. 70 kW
Cells 440 cells
Active cell area 270 cm?
Output current Max. 300 A
Plate thickness (anode/cathode) 0.1 mm
Weight 175 kg

The overall total efficiency #rc of the FC system follows the relationship below [46]:

o PFC,net (3)

where Prc ;. is the net power of the FC stack, and Qr is the lower heating value
of hydrogen.

Compared to purely static lookup table methods, this dynamic modeling approach
introduces a penalizing effect during periods of rapid power changes, though its impact on
the total integrated energy consumption is not particularly pronounced. It is acknowledged
that degradation is also influenced by thermal management [47] and adaptive SoH tem-
perature sensitivity [48]. To maintain a clear focus on the comparative assessment of RBC,
ECMS, and MPC algorithms, and due to the current absence of long-term experimental
degradation data, these complex factors are not integrated into the current plant model to
avoid over-parameterization.

2.1.2. Battery

Given limitations in available empirical data, the battery pack is modeled using a
combination of the equivalent circuit method and a steady-state lookup table approach.
Table 3 presents the technical specification of the battery. The key electrical parameters,
the battery open circuit voltage, v;0m, and the internal resistance, R;;,, are defined as static
functions of the SoC and temperature, typically implemented via multi-dimensional lookup
tables. For simplification, thermal behavior is neglected: the cell temperature is assumed to
be constant at an ambient temperature of 25 °C.

https://doi.org/10.3390 /wevj17030163
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Table 3. Battery technical specification.
Metric Value
Cells in series 96 units
Cells in parallel 2 units
Nominal cell voltage 3.7V
Nominal cell capacity 52 Ah
Cell mass 750 g
Ohmic internal resistance 0.8 mQ)
The battery terminal voltage, vy, is determined by the following [49]:
Upat = Unom — ipat* Rint (4)
Pyat = Vpat-lpat ()

The calculation of the battery SoC is determined by taking the initial SoC value SoCy
and subtracting the cumulative charge variation over time:

|
S0C(t) = SoCy, — [ lbgb(f) dt (6)
0 a

The battery capacity, Cy,;, is temperature-dependent in real applications but treated as
a constant parameter in this model.

The battery discharge and charge current limits are implemented using a lookup table
that is a function of the SoC and temperature, ensuring the model respects the operating
safety limits. The current model simplifies the thermal dynamic process (such as the battery
isothermal assumption), and in the future, the accuracy of multi-physics simulation can be
improved by coupling advanced thermal management strategies, especially under WLTC
high-frequency transient conditions.

2.1.3. Electric Drive

The E-Drive system is modeled using a quasi-static efficiency map approach [50].
Efficiency, #em, is characterized by a two-dimensional lookup table as a function of output
torque, T, and rotational speed, wem:

Nem = f(Temr (Uem) (7)

The actual mechanical torque output delivered to the VDS is calculated from the
mechanical power and rotational speed:

P
Tem - mech (8)

The E-Drive can operate as either a motor (traction) or a generator (regeneration). The
relationship between electrical power, P,,., and mechanical power, Py, is defined by
applying efficiency based on the operating mode [51]:

Petec = PrechHem Regeneration o)
Potec = Prigch/ Nem, Traction

2.1.4. Vehicle Dynamics

As the focus of this study is exclusively on energy distribution and comparison based
on total travel distance, only the longitudinal dynamics of the vehicle are considered.

https://doi.org/10.3390 /wevj17030163
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Considering a combination of aerodynamic drag and rolling resistance, the longitudi-
nal resistive force, Fy,, is as follows [52,53]:

Foy=A+BV+CV? (10)

where the coefficients A, B, and C are determined experimentally by the prototype manufac-
turer through fitting to real-world driving data. These manufacturer-provided parameters
are considered reliable for the purposes of this study.

The quadratic relationship (10) highlights how resistance components scale with speed,
significantly impacting vehicle dynamics and energy consumption.

Assuming a rear-wheel drive configuration, the maximum tractive torque output at
the wheel, Tj;,,,, can be determined from a force/torque balance equation [54]:

Tiim = (ap-hcg-M/b+ Mg-a/l-cosa)- -ty (11)

where a5 is the longitudinal acceleration; g is gravitational acceleration; « is the road slope
angle; The main parameters of the vehicle longitudinal dynamic model are summarized in
Table 4.

Table 4. Vehicle longitudinal dynamic model parameters.

Parameters Value
A 287.4 N
B 6.680 N/(km/h)
C 0.107 N/(km/h)?
a 2275 mm
hCG 0.8 m
l 4350 mm
M 5 ton
Hx 1.21
T 0.372m

Note: Similar to the Daily 7-ton model in the external configuration but not fully loaded.

2.1.5. Longitudinal Controller

In powertrain simulations, the longitudinal control module functions as a virtual
driver by regulating vehicle speed and acceleration to track a given reference profile.
The controller evaluates the deviation between the target and actual speeds to determine
the required acceleration or deceleration, which is subsequently translated into a motor
torque demand through a torque reference generator. To maintain control stability, an
anti-windup proportional-integral (PI) strategy is adopted. The resulting command signal
can be expressed as follows [55]:

Cmd(t> = Vref(t)' Kff +ev(t)'ﬁ + /Ot (ev(T)' Ki + ecmd(T)'Kﬂw) AT + “(t)'Kg (12)

Unom Unom Unom

where V)¢ denotes the reference vehicle speed and cmd represents the controller output.
The road grade is given by a. The term e, corresponds to the vehicle speed tracking
error, while e,y denotes the command error. The parameters Ky, K, and K; represent
the feedforward, proportional, and integral gains, respectively. In addition, K, is the
anti-windup gain, and Kj is the gain associated with road grade compensation.

The control variable cmad is defined over the continuous range of [—2, 1] to facilitate
the transition between vehicle driving and braking modes. Within this framework, the
interval [0, 1] signifies the acceleration phase, directly mapping to the accelerator pedal
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opening. Conversely, the negative range [—2, 0] governs deceleration, which is divided
into two distinct stages to manage hybrid braking sources: the sub-interval [—1, 0] is
dedicated to regenerative electric braking, while [-2, —1] activates mechanical friction
braking. In both deceleration segments, the magnitude represents the utilization of the
respective maximum torque from 0% to 100%. Based on this mapping logic, the input cmd
is decomposed into three functional components, cmd cce;, ctd gocer, and cmdy,qx,, allowing
for precise coordination between the powertrain and the foundation braking system. The
torque command Trg,,( to the electric motor is defined as follows:

Tr%gf = Cmdaccel'Trqpeak + Cmddecel'Trqconst'Rlim (13)

The maximum and continuous torque capabilities are described by Tj.sx and Teonst,
corresponding to acceleration and deceleration conditions, respectively. In this work, the
regeneration limit coefficient Rj;;, is chosen as 0.5.

Regenerative braking is utilized as the primary deceleration mechanism under low
braking demand, allowing kinetic energy to be recovered. In contrast, for high braking de-
mand, the mechanical braking system supplements the required torque. This coordination
strategy prioritizes energy recovery while reducing reliance on friction brakes. Additional
modeling details are available in [10].

2.2. Test Cycles

Drive cycles are standardized speed—time traces essential for assessing vehicle perfor-
mance and achieving regulatory certification (e.g., emissions, fuel economy). For LCVs,
selecting a representative cycle is crucial to accurately predict real-world energy consump-
tion and range, especially for urban logistics tasks [42].

The WLTC City cycle was selected because the vehicle model represents an LCV
operating primarily in urban and suburban areas. This cycle is derived from the full
WLTC Class 3 cycle but specifically excludes the high-speed /motorway section [33]. Its
maximum speed is limited to approximately 95 km/h, making it representative of the
required low-to-medium-speed operating environment for LCVs for delivery.

To broaden the assessment, a large set of cycles from the Simulink library [35] was
filtered. All modal (steady state) cycles were excluded as they lack the transient dynamics of
real-world driving and offer poor representativeness for energy management analysis [56].
Cycles with extremely low speeds were also dismissed as they were inefficient for generat-
ing meaningful energy statistics. The final set of fifty cycles provides a robust collection
of transient driving patterns for a statistical comparison of total energy consumption and
mileage [57].

3. Energy Management System Design

This section addresses the formulation and optimization of the three distinct control
methodologies introduced in Section 1. The RBC strategy is designed based on predefined,
fixed operating constraints. Both the ECMS and MPC require an optimization phase, where
key parameters must be tuned to maximize performance over the targeted WLTC City drive
cycle. Upon the completion of this design and optimization process, all three algorithms
will be prepared for a formal comparative performance assessment.

3.1. EMS Architecture

The EMS structure handles the vehicle’s power requirement through distinct parts.
As shown in Figure 2, it starts with the Demand Layer, where a fast PID controller turns
the driver’s request for wheel torque into the total power needed from the main battery
line. The power target then proceeds to the Power Split Layer, which serves as the core
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management decision unit. It determines the optimal distribution of the required power
between the fuel cell and the battery. The strategies are subject to formal performance
evaluation to quantify the trade-offs in fuel efficiency and total attainable distance under
identical operating conditions.

)

—~ RBC

P P
ECMS °p‘={ VCU }—»req

- MPC H

Trq Pwr
PID

\ 4

Figure 2. EMS control schema.

A Safety Check Layer is placed after this, applying direct limits set by the VCU to
protect the hardware. These rules include stopping the fuel cell from running if the battery
SoC is over 85%. Also, because of hardware issues at low power, any demand for FC power
under 20 kW is automatically changed to 1.5 kW. For the operating condition of the FC,
power equal to 1.5 kW as the “idle” state and power exceeding 20 kW as the “active” state
were defined. To prevent rapid changes in the operating conditions from damaging the FC,
a mode switch can only occur after the system has continuously operated in the current
mode (either idle or active) for a minimum duration of 10 s.

While this safety limit is applied, it will likely reduce the perfect performance of
advanced methods like MPC. However, if MPC can still show benefits even with these
tough real-world rules, it strongly suggests that more advanced MPC can be designed later
to specifically work around these system limits.

3.2. Rule-Based Control

The FC is activated to run continuously at a rated power level determined by the
current SoC. This dynamic operation allows the FC to meet demands from the Power
Control Unit (PCU) while also using any excess energy to recharge the battery. To manage
this, a predefined reference, reported in Table 5, establishes the required FC output power,
Pfcsta, based on the SoC. Additionally, the FC stack provides power according to direct
demands from the inverter. This integrated approach ensures the FC covers immediate
power needs and helps maintain the long-term battery charge.

{pfc = Presta + Preadd (14)
Pbatt = Preq - Pfc

pfc,add = - (Pfc,mux - pfc,std)

2 (15)
& = min (max (11)’288 ,0), 1>

where P g1 is the standard FC power contribution, and Py 444 is the addition contribution

due to the inverter power. « is the coefficient of the addition contribution.

Table 5. Standard FC power request under different SoC conditions.

SoC (%)
Power (kW)

0 20 30 40 50 60 70 80 85 90 100
70 70 70 70 35 25 20 18 0 0 0

https://doi.org/10.3390 /wevj17030163
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3.3. Equivalent Consumption Management Strategy

The ECMS is a quasi-optimal instantaneous optimization strategy designed to min-
imize the combined equivalent consumption of hydrogen and electrical energy at each
time step [58]. The method introduces the equivalence factor, s, which converts the battery
electrical energy usage into an equivalent hydrogen consumption. When s is optimally
tuned for a specific driving cycle, the ECMS guarantees the globally optimal power split
under the defined constraints.

An optimal FC power request, Prc, opt, is calculated to minimize the energy consump-
tion of the hybrid powertrain [59]:

Prc, opt = argrgi”(mﬁz,eq(PFC)) (16)
FC

where Prc is the output power of the FC at the DC bus, and the equivalent energy con-
sumption of the powertrain m H'W is as follows [29]:

mHz,eq = mHZ +s- a (17)

where m Hz,eq includes both hydrogen consumption mp, and battery output, in terms of
battery equivalent hydrogen consumption s-Py,;/ LHV p,. The coefficient p is the penalty
factor for SoC deviation from the prescribed reference, defined as follows:

SoC(t) = SoCrer  \"*
) s

p(SoC(t)) =1— ((Socmax —S0Cin)

where S0C5x and SoC,;,, are the upper and lower thresholds of the battery; a is a constant
value of the exponent, which is set equal to 3; and SoC,,y is the reference value of the
battery SoC.

For a standard ECMS implementation on a fixed cycle, s is held constant [60], but its
value must be tuned to ensure global consumption optimization over the entire cycle length.
The determination of s was conducted through an offline calibration procedure aimed at
minimizing equivalent fuel consumption while strictly satisfying the charge-sustaining
requirement over the given long-distance driving cycle [61].

Given the convex relationship between s and the overall equivalent fuel consumption,
a narrow-range grid search method was utilized to efficiently locate the optimum. Discrete
values of the parameter s were selected within the estimated optimal region and evaluated
through simulations, and the resulting relationship between s and total distance was
approximated using curve fitting to obtain a continuous functional representation. The
optimal solution, s, was identified by locating the global maximum of the resulting fitted
curve, which is shown in Figure 3.

3.4. Model Predictive Control

At each time step k, MPC utilizes a predictive model of the FCHEV’s dynamics
to forecast the system’s behavior over a finite prediction horizon, Ny. It calculates an
optimal sequence of control actions (the power split trajectory) that minimizes a predefined
cost function over this horizon [62]. Only the first calculated control action is applied to
the system, and the entire optimization is repeated at the next time interval, effectively
compensating for any model inaccuracies or unpredicted disturbances.

https://doi.org/10.3390 /wevj17030163
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Figure 3. Optimization of equivalence factor.

The adopted mathematical model is constituted by the combination of Equations (19)

and (20):
SoC(t) — S0Cre "

. ibat Pbat
SoC = = _bat (20)
Cbat Ubut'cbat

The DC system model can be transformed into a state-space representation as follows:

x = Ax+ Bu 1)
y=Cx+ Du

where x = [SoC, Pp¢]” is the state vector, and u = [Pyy, Prc]” is the control input vector.
Meanwhile, the state-space model is discretized for the MPC design as follows:

x(k+1) = Az-x(k) + By-u(k) 22)
y(k) = Cq-x(k) + Dg-u(k)
Ad: 10 , Bd: (Ubut'cbat)71 0 ,
00 1 1DC—DC )
1 0 00
Ca= lo 17 Pa= 1o 0]

where A; and Bj are the discrete time state-space matrices obtained from A and B, using
the Zero-Order Hold (ZOH) method and C; = C.
The cost function of MPC is as follows [27]:

Np

N, .
J=1) ((yk - yref) Q(yk - ]/ref> + ul{Ruk) + Y (e — 1) TS (g — e _q)
k=1 k=2

where N, is the prediction horizon, and Q = [q1, g2]", R = [r1, 12)" and S = [sq, s5]"
represent the diagonal weight matrices associated with the system states, control inputs,
and control input increments, respectively, that define the controller’s priorities.

For MPC, the optimization problem is also subject to several constraints, such as the
upper and lower limitations of the SoC level, battery current and the FC power. The opti-
mization solver incorporates all physical limitations directly into the problem formulation.
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To systematically determine the optimal weighting parameters within the MPC cost
function, we employed RSM, which is a statistical and mathematical technique that effi-
ciently identifies the optimal relationship between input parameters (weights) and energy
consumption (in terms of total distance) through experimental design and modeling.

Given the linear correlation between the SoC and the nominal voltage v,,op, it is hy-
pothesized that, under the correct MPC operation, the influence of the reference SoC on the
total travel distance will also be linear. The simulation results, obtained by systematically
varying SoC,.r while keeping all other operating parameters constant, confirmed this trend.
In Figure 4, values are parameterized as a percentage change relative to the baseline at a
20% SoC reference. There is a positive correlation between the SoC reference and the total
distance achieved. Increasing the SoC reference from 20% to 80% results in a total distance
improvement of 2.5%.

2.5 T T T T

A Total distance [%]

0 I I I I I
20 30 40 50 60 70 80

SoC reference [%]

Figure 4. Sensitivity of total distance to SoC reference.

The fundamental principle governing MPC parameterization is that control perfor-
mance is strongly affected by the relative proportions of the weighting matrices, rather than
their absolute magnitudes. The core of the MPC optimization problem involves balancing
the minimization of tracking error, Q, against the control effort constraints, R. Since the
MPC cost function was normalized in terms of units, this focus allows for the simplification
of complex weight matrix optimization into a targeted search focused on key scaling factors,
such as the ratio with respect to Q and R. Moreover, recognizing that extreme ratios result
in unacceptable performance imposes a physical constraint that effectively reduces the
search space to a narrow core region.

This preliminary assumption significantly boosts the efficiency and convergence of
RSM simulation load, since RSM commonly relies on efficient, three-level experimental
designs. To satisfy the requirement for steps suitable for RSM coded levels (-1, 0, 1), the
parameters were subjected to a logarithmic transformation, shown in Table 6, defined as
X = In(x). The optimal operating point is graphically presented on the response surface
in Figure 5, and the optimal absolute parameter values, which are theoretically expected to
yield the longest total travel distance, are calculated using the inverse exponential function

XZEX.
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Table 6. Experimental variables and their coded and actual levels used in the RSM design.
Variable Symbol Tragsforrflatlon Low Level (—1) Central Level (0) High Level (+1)
quation
Logarithmic Ratio of X, X1 = In(q1/q2) In(1) In(5) In(25)
Logarlthn;c Ratio of X, X = In(r1/r2) In(1) In(3) In(9)
e

2o * :__,g

@ Response Surface
® Experimental Data
¥ Optimal Point (Max)

Figure 5. A contour plot of the total distance vs. X1 and X2, with the optimal point.

4. Performance Comparison

Comparative simulations were performed for RBC, the ECMS, and MPC. The initial
conditions were standardized across all runs: a battery SOC of 90% and a full hydrogen tank.
The simulation ended up reaching a final battery SOC of 10% and an empty hydrogen tank.
With the total energy consumption being identical for all compared EMSs, the resulting total
traveled distance serves as a direct metric for the average energy efficiency of each strategy.
Under this unified energy constraint, a longer achievable distance directly corresponds to
lower overall energy consumption and higher system-level efficiency. This metric avoids
the need for arbitrary weighting between hydrogen and electrical energy and provides a
physically intuitive indicator of real-world vehicle usability for fuel cell hybrid LCVs.

Figure 6 illustrates the battery SoC among the three controllers. Under an identical
S0Cps, both the RBC strategy and ECMS exhibit instantaneous control, leading to the
superior tracking of SoC,.r. The ECMS maintains a higher average battery SOC, indicating
better battery performance utilization and higher overall efficiency, which translates to a
longer total distance traveled. MPC operates with a lower average battery SOC; however,
it utilizes a wider battery operating range. This wider range provides a necessary buffer for
the fuel cell system’s operation, thus maximizing overall energy efficiency and resulting in
the longest total distance traveled.

As the driving cycle is periodically repeated over the simulation horizon, the ESS
response exhibits repeated patterns across individual and multiple cycles. To improve the
clarity of the results and avoid excessive plot congestion that may hinder interpretation, a
representative segment of the simulation is extracted and presented in a zoomed-in view.
This approach facilitates a clearer and more detailed analysis of the dynamic interactions
between the fuel cell and the battery, which may not be readily observable in the full-scale
simulation results.

Figure 7 displays the operational performance of MPC. Since the controller accounts
for future states rather than merely seeking immediate local optimization, it effectively
smoothens FC power fluctuations and maintains operation within a high-efficiency regime.

https://doi.org/10.3390 /wevj17030163


https://doi.org/10.3390/wevj17030163

World Electr. Veh. ]. 2026, 17,163

14 of 25

90 [ T T T T T

80 F Mo, \ J

70

o1}
=}
T

Battery SoC [%]
P
o
T

%)
=)
T

20~

—— RBC: 423.56 km
101~ - ~EcMs: 438.41 km

MPC: 440.72 km
L 1 1 L I 1 1 1

0 50 100 150 200 250 300 350 400 450
Total distance [km]

Figure 6. The battery SoC vs. total distance for the three control strategies.
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Figure 7. FC power and SoC variation under MPC presented via zoomed-in view.

To prevent unnecessary fuel consumption and battery overcharging when the SoC
is sufficient, the FC is commanded to an idle state. Due to the inherent non-continuous
operating range of the fuel cell (where stable operation is only guaranteed between 20 and
70 kW), a safety check block in the VCU overrides the MPC signal when the demand falls
below the 20 kW threshold, forcing the FC into a 1.5 kW idle mode. It is observed that the
FC remains in idle as the SoC decreases from 80% to 60%, because MPC’s cost function
penalizes the significant power jump from 1.5 kW to 20 kW. To avoid frequent mode
switching and its associated high costs, the controller delays reactivation until it is strictly
necessary. Once the SoC drops to the 60% lower bound, MPC increases the power command
to prevent a violation of the state constraints. This causes the control signal to cross the
20 kW threshold, triggering a transition from idle to the active high-efficiency zone.

The transient spikes in Figure 7 during these transitions stem from a momentary
mismatch between MPC’s internal state and the VCU'’s safety override conditions. During
the idle phase, the discrepancy between MPC’s theoretical output and the FC’s actual
idle power can lead to minor cumulative errors in the controller’s internal logic. Upon
reactivation, these errors manifest as brief oscillations. These spikes persist for only ap-
proximately 80 s and can be further mitigated by power electronics or software filters in
practical applications, making them acceptable for the preliminary research stage.

This periodic switch between active and idle states allows for a comprehensive
evaluation of the system dynamics across both steady-state power generation and
non-generating phases.
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Figure 8 shows the FC power fluctuations both with RBC and the ECMS, with the
FC frequently switching between idle and active states. Although FC degradation is not
explicitly modeled, such controls are harmful to the FC lifespan [63,64]. In contrast, when
governed by the MPC strategy, the FC operates in a quasi-steady manner, with the output
power maintained at approximately 20 kW.
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Figure 8. FC power for the three control strategies presented via a zoomed-in view.

This rapid switch arises from two main factors. First, neither RBC nor the ECMS
explicitly constrains the upper SoC limit, which may result in sustained FC charging and
subsequent VCU intervention when overcharge conditions are approached. Second, to
maximize driving range and overall energy efficiency, a relatively high SoC reference is
adopted, further increasing the likelihood of VCU intervention under RBC and the ECMS.
In contrast, MPC exploits its predictive structure to regulate charging behavior proactively,
avoiding VCU intervention even at high SoC levels. Additionally, MPC operates over a
wider effective SoC range, allowing the FC to deliver near-constant power for extended
periods, thereby improving efficiency and reducing component degradation.

The characteristics of the battery, including its high-rate capability, position it as a more
effective solution than the FC for handling rapid power transients. Given that the current
study focuses only on power management and does not incorporate battery degradation or
life cycle analysis, the results consistently show the battery acting as a power buffer across
all three implemented control strategies. A key distinction observed in Figure 9 is that
when the FC is active, MPC maintains a more continuous charging profile for the battery.
Importantly, none of the three control methods exceed the battery’s rated operational limits.

80 T T T
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60
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Figure 9. Battery power with FC in active state for three control strategies.
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Owing to its superior high-rate capability, the battery is more suitable than the FC for
handling rapid power transients. Since this study addresses only the control strategies that
regulate FC power only, the battery operates as a power buffer across all three strategies. In
Figure 9, MPC does not impose a higher transition load on the battery compared with RBC
and the ECMS. Instead, by exploiting its predictive formulation, MPC enables FC charging
during low-demand periods, a behavior rarely observed under the other two strategies.
This indicates that MPC improves energy availability without increasing battery stress
while maintaining operation within rated limits.

Figure 10 illustrates that the battery power output under MPC is higher than that of the
other two algorithms while the fuel cell remains idle. These results confirm that the battery
consistently operates within its rated limits, ensuring that the MPC strategy maintains
vehicle performance. The battery load remains manageable compared to RBC and the
ECMS, validating that MPC ensures system reliability without imposing a disproportionate
burden on the ESS.

80 T T

60 [ T

40

20

Battery power [kW]
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Figure 10. Battery power with FC in idle state for three control strategies.

The efficiency distributions in Figure 11 highlight fundamental differences in the
operating philosophies of the three control strategies. RBC exhibits the widest FC power
span, extending up to 34 kW, as FC output is directly dictated by the instantaneous ESS
power demand. As a result, RBC frequently operates in higher-power regions where FC
efficiency deteriorates, particularly above 28 kW. This behavior explains its lower average
efficiency and underscores the limitations of rule-based approaches in decoupling FC
operation from load fluctuations.

The ECMS demonstrates a more concentrated operating pattern, with most operating
points clustered in the 20-24 kW range where FC efficiency is maximized. This reflects
the local optimization nature of the ECMS, which favors instantaneous efficiency gains
through the equivalence factor formulation. However, the residual spread in operating
points indicates that the ECMS remains sensitive to instantaneous demand variations and
discretization effects.

MPC achieves the most compact and efficient operating distribution, primarily con-
fined to the high-efficiency region between 20 and 26 kW. The close alignment of its mean
operating points with the optimal efficiency curve indicates that predictive optimization
effectively anticipates future power demands and exploits the battery as a buffering el-
ement. This enables MPC to maintain FC operation near its optimal trajectory while
minimizing efficiency degradation, highlighting its superior capability for coordinated
energy management in hybrid FC systems.
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Figure 11. FC efficiency vs. FC power for three control strategies with reference curve.

The operating points located above or below the reference value are mainly caused
by transient behavior of the FC. Since its voltage cannot change instantaneously, efficiency
decreases during transitions from high to low power, while sudden startups cause the
calculated efficiency to increase. Both RBC and the ECMS show a significant number of
such transient conditions, which are harmful to the FC’s lifetime. Moreover, the model
assumes stoichiometric conditions, where A = 1 is required to obtain these values. In
practical operation, the FC has its own hydrogen flow control during power transients, and
the real efficiency is lower than the calculated one.

MPC exhibits the smallest operating range and maintains a relatively smooth power
profile, with fewer rapid transitions that could negatively affect component durability.

5. Adaptivity and Robustness

Although Section 3 demonstrated the optimal performance of the three algorithms
under the WLTC City cycle, this success should be considered in light of the fact that
optimizing for a single condition is often insufficient [65]. This single-cycle optimization
approach shows a key limitation: when the vehicle operates under off-design conditions
that deviate from the prescribed cycle, its energy efficiency and performance can decline
markedly, leading to a noticeable gap relative to real-world user experience [66]. Inspired by
this challenge, the present study aims to systematically evaluate the robustness of different
EMS algorithms and their performance under off-design conditions by simulating a diverse
set of driving scenarios that more closely resemble real-world usage. While the real-world
driving scenario generation [28] is complex and time-consuming, a comparative testing
approach was adopted to efficiently verify the controller’s robustness and generalization
capability. Specifically, the Drive Cycle Source block within the Simulink environment was
utilized to create a test set comprising 50 representative, non-modal speed profiles.

To characterize the diversity of the off-design driving conditions, the main statistical
ranges of the selected 50 driving cycles are summarized here. The average vehicle speed
spans from 16.8 km/h to 82.7 km/h, while the maximum speed ranges from 40.9 km/h
to 131.3 km/h. The proportion of idle operation (vehicle speed equal to zero) varies
significantly, from 0% to 65.35%, reflecting different stop-and-go intensities. The individual
cycle lengths range from 1.01 km to 37.14 km. It should be noted that, in the robustness
analysis, each driving cycle is repeatedly executed until the available onboard energy is
fully depleted; therefore, the final performance comparison is based on the total achievable
driving distance rather than the length of a single driving cycle.
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All three EMS algorithms were simulated and compared under identical vehicle
models, constraints, and test conditions, with the goal of reflecting their true performance
differences when facing diverse and challenging driving conditions.

Figure 12 illustrates the performance of the three control algorithms across 50 driving
cycles. For the same total available energy, the achievable driving distance varies substan-
tially, from approximately 100 km to 700 km. By recording the remaining hydrogen and
battery SoC at the end of each cycle, it is possible to verify whether the EMS operated
effectively throughout the test.
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Figure 12. Total driving distance across 50 cycles for the three control strategies.

Due to ESS design constraints and LCV classification, high-speed and motorway drive
cycles impose power demands exceeding the FC capability to recharge the battery quickly.
This causes the battery to reach its lower operational limit (10% SoC) and terminate the
simulation in drive cycles covering less than 200 km. As these cycles exceed the designed
capabilities of LCVs, they were excluded from the analysis. The discussion thus focuses
exclusively on cycles exceeding 200 km, as these fully deplete the ESS and provide a
representative evaluation of the EMS behavior.

The improvement achieved by the MPC strategy is quantified by dividing the addi-
tional distance traveled, relative to either RBC or the ECMS, by the corresponding total
distance of RBC or the ECMS. A value of 0% therefore represents the MPC performance
relative to its own reference. Figure 13 shows that among all evaluated cycles, only one
exhibits slightly lower performance for MPC compared with the ECMS. On average, MPC
achieves an improvement of approximately 5%, indicating strong robustness and the ability
to maintain high energy efficiency even under different driving cycles.

In the region between 400 km and 500 km, a noticeable performance advantage is
observed. These cycles can be considered similar to the target WLTC City speed profile.

The frequency distribution presented in Figure 14 illustrates the range of benefits
offered by MPC and reveals critical characteristics regarding the shape of its performance
distribution. The MPC vs. RBC performance distribution exhibits a relatively wide, right-
skewed characteristic, with the primary concentration falling within the 4% to 6% im-
provement bracket yet featuring a wide spread extending to 8% to 10% and even higher
improvement margins (up to approximately 13% to 14%).
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Figure 14. Frequency distribution of relative improvement in performance achieved by MPC com-
pared to RBC and ECMS.

This relatively wide distribution shape suggests a degree of variability in the extent to
which MPC outperforms RBC across different speed profiles, though most cases achieve
positive gains with extremely rare negative outcomes, demonstrating its universal effec-
tiveness and significant energy-saving potential across various driving cycles. In contrast,
the MPC vs. ECMS performance distribution appears more centralized and displays a
distinct right-skewed characteristic, with its primary mode located in the 2% to 4% bracket
and a secondary mode in the 4% to 6% bracket, resulting in an overall tighter distribu-
tion. This centralized distribution shape indicates that because the ECMS is inherently an
optimization-based strategy, the marginal benefit derived from MPC is relatively stable
and moderate, exhibiting lower volatility.

Figure 15 illustrates the distribution of all possible ranking outcomes across the fifty
off-design driving cycles, in terms of total driving distance. The most frequent performance
ranking observed is MPC > ECMS > RBC, indicating that the total distance achieved by MPC
exceeds that of the ECMS, which in turn overtakes that of RBC. This trend also reflects the
relative robustness of the three algorithms: RBC relies on heuristic rules that are not tailored
to a specific driving cycle, while the ECMS and MPC incorporate adaptive elements.
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I RBC > MPC > ECMS: (4.0%)
[ ECMS > RBC > MPC: (2.0%)
[ ECMS > MPC > RBC: (2.0%)
[TIMPC > RBC > ECMS: (24.0%)
[ IMPC > ECMS > RBC: (68.0%)

Figure 15. The performance ranking distribution of the three control strategies.

Although the ECMS is typically characterized by limited robustness, the adaptive
ECMS designed in this study demonstrates substantially improved performance across
diverse cycles. MPC achieves the best overall results, primarily due to its predictive model
structure. In addition, the prediction matrices are continuously updated using information
from the vehicle CAN bus, which enhances model reliability and enables the controller to
maintain superior performance under varying off-design conditions.

6. Conclusions

This study presented a hardware-constrained, physics-consistent evaluation bench-
mark for FCEV energy management, comparing three strategies, RBC, an adaptive ECMS,
and MPC, on an industrial light commercial vehicle prototype. Rather than proposing
a new algorithm, the contribution lies in establishing a rigorous and replicable assess-
ment framework that explicitly enforces two VCU-level hardware constraints absent from
most existing comparisons: a discontinuous FC operating domain and a mandatory 10 s
minimum dwell-time. These constraints fundamentally shape controller behavior and
make direct benchmarking against prior published results inapplicable without a dedicated
evaluation platform.

Under identical initial energy conditions and across both the target WLTC City cycle
and 50 off-design driving scenarios, MPC consistently achieved the longest total driving
distance, with an average improvement of approximately 5% over RBC. Its predictive
structure enabled the proactive management of FC mode transitions, reducing power
fluctuations and improving ESS utilization. The adaptive ECMS also demonstrated strong
robustness beyond its calibration cycle, significantly outperforming conventional ECMS
implementations. RBC, while serving as a practical industrial baseline, showed limited
adaptability under off-design conditions.

The robustness evaluation methodology, unified energy constraints, total driving
distance as an unbiased metric, and systematic testing across diverse speed profiles consti-
tute a generalizable validation protocol applicable to future EMS comparisons beyond the
specific platform studied here.

To further enhance the proposed strategies, it is recognized that fuel cell lifespan is
significantly affected by temperature sensitivity and dynamic operating conditions. By
integrating an adaptive temperature compensation strategy based on the SoH [48], the
degradation caused by power fluctuations can be further reduced, improving the long-term
robustness of MPC.

Future work may integrate battery and FC degradation models and extend the con-
trol framework toward HIL testing and VCU integration, supporting the transition from
simulation toward operational validation.
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Abbreviations and Nomenclature List

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

DP Dynamic Programming

ECMS Equivalent Consumption Minimization Strategy
EMS Energy Management Strategy
ESS Energy Source System

FC Fuel Cell

FCEV Fuel Cell Electric Vehicle

HIL Hardware in Loop

LCV Light Commercial Vehicle
MPC Model Predictive Control

PCU Power Control Unit

PMP Pontryagin’s Minimal Principle
RBC Rule-Based Control

RL Reinforcement Learning

RSM Response Surface Methodology
SoC State of Charge

SoH State of Health

SoH; State of Hydrogen

VCU Vehicle Control Unit

VDS Vehicle Dynamic System

WLTC Worldwide Harmonized Light-Duty Test Cycle
ZOH Zero-Order Hold

The following variables are used in this manuscript:

Symbol  Meaning Unit

A Longitudinal resistive force coefficient N

B Longitudinal resistive force coefficient N/(km/h)
C Longitudinal resistive force coefficient N/(km/ h)?
Char Battery capacity Ah

F Faraday number C/mol

Fyr Longitudinal resistive force N

M Vehicle mass ton

Mpy, Molecular mass of hydrogen g/mol

N, Prediction horizon for MPC steps
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Pyt Battery power w
Pejec Electric motor power w
Prc Fuel cell stack power \W
Poiech Mechanical power W
Preg DC source required power W
QL Lower heating value of hydrogen M]/kg
Rint Battery internal resistance mQ)
Tem E-drive output torque N-m
Ttim Maximum tractive torque N-m
Vier Reference vehicle speed m/s
ay Longitudinal acceleration m/s?
cmd Longitudinal controller command -
hea Height of the center of gravity M
ipat Battery current A
irc Fuel cell current A

) Wheelbase mm
mp, Hydrogen mass flow rate g/s
n Number of fuel cells -

p Penalty factor for ECMS -

Tw Wheel radius M

s Equivalence factor for ECMS -
Vpat Battery terminal voltage v
UEC Fuel cell voltage v
Vnom Battery open circuit (nominal) voltage V

« Road slope angle rad
A Stoichiometric ratio for FC operation -
ipc—pc  DC-DC converter efficiency Y%
Hem E-drive efficiency %
NEC Fuel cell system total efficiency %
Hx Road-tire friction coefficient -
Wem E-drive rotational speed rpm
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