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Abstract

This work presents a model predictive control (MPC) approach for optimizing the power-
train system efficiency of a fuel cell electric heavy-duty vehicle. The MPC determines the 
power split between the high-voltage traction battery and the fuel cell system so that the 
power demand of the drive cycle is met, while a second objective extends the lifetime of 
the fuel cell stack by including stack degradation in the cost function. Based on driving 
profile information, the controller adjusts the fuel cell power trajectory within a specified 
prediction horizon such that a target state of charge of the traction battery is reached at the 
end of the time-discrete horizon, fuel consumption is minimized, and excessive degradation 
is avoided. The control variables are computed from discrete-time models of the fuel cell, 
the truck, and the battery. The resulting non-linear optimization problem is solved with 
the open-source software package acados, integrated into MATLAB Simulink to achieve 
real-time capability. The MPC is implemented and tested in a model-in-the-loop environ-
ment, and its real-time execution is verified on a dSPACE MicroAutoBox III rapid control 
prototyping unit. On the Vehicle Energy Consumption Calculation Tool (VECTO) Long 
Haul cycle, hydrogen consumption is reduced by 6.5%, while membrane thinning and the 
loss of electrochemically active surface area are reduced by 6.1% and 2.3%, respectively, 
compared with a rule-based strategy.

Keywords: energy management strategy; model predictive control; fuel cell system;
degradation; heavy-duty vehicle; hydrogen consumption; state of health; nonlinear
optimization; real-time capability; state of charge

1. Introduction and Motivation
In order to comply with the maximum global temperature increase of 2 K by 2050 set by 

the Paris Climate Agreement in 2015, the European Union (EU) has formulated greenhouse 
gas emission limits for the transportation sector [1]. According to 2016 data, heavy-duty 
commercial vehicles are responsible for 27% of CO2 emissions from road transport and 
around 5% of greenhouse gas emissions in the EU, according to a press release from the 
European Parliament [2]. This is due to the increase in freight transport since 1990, which has 
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increased CO2  emissions from heavy-duty vehicles by 25%. Electric powertrain architectures 
offer a future-proof solution for meeting greenhouse gas emissions regulations in all possible 
transport sectors [3]. The transition from fossil fuels to environmentally friendly energy 
sources introduces new challenges that must be addressed to meet consumer and regulatory 
demands.

In addition to electrified powertrains, so-called electric vehicles (EVs), fuel cell electric 
vehicles (FCEVs) in particular offer a promising solution in terms of zero local CO2  emis-
sions, higher energy density, and faster recharging compared to battery electric vehicles [3,4]. 
The reduction of greenhouse gas emissions can be achieved through the integration of a 
fuel cell and green hydrogen [5] within a powertrain application. In an all-electric FCEV, 
the fuel cell is the primary energy source [6]. With more than one energy source, an FCEV 
uses a combination of a fuel cell system and an energy storage system (ESS), preferably 
a high-voltage (HV) traction battery or supercapacitors (SC), to compensate for the slow 
dynamics of the fuel cell during load changes and to enable the regenerative recovery 
of braking energy [6,7]. It is evident that fuel cell systems represent a viable option for 
achieving CO2 -neutral mobility, particularly in the context of heavy-duty vehicles [8]. In 
order to operate a hybrid system with multiple energy sources in an efficient way, an active 
energy management strategy (EMS) is required. In the case of fuel cell operation, the power 
distribution must be optimized to operate at the most efficient point, taking into account 
system constraints and durability [3,4].

1.1. Energy Management Strategies
EMSs are operating strategies that attempt to efficiently meet various powertrain 

requirements, taking into account the optimal use of multiple energy sources. EMSs are 
used to improve the performance of hybrid vehicles in terms of both energy consumption 
and component lifetime [7].

EMSs can be classified into three groups: rule-based, optimization-based, and learning-
based EMSs. The proposed methods have their own advantages and limitations, which are 
discussed individually in the following section. Figure 1 provides an overview of the most 
frequently used optimization algorithms, classified according to their real-time capability 
and their potential for optimization over the prediction horizon.
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Figure 1. General comparison of studied EMSs [4].

To reduce the load change rate of the fuel cell system [9], a series of fuzzy control 
strategies were used. As a result, the load change rate is reduced and limited to the range of 
change capacity. Fuzzy-logic (FL) control is an extension of conventional rule-based (RB) 
control based on if-else conditions that attempt to recreate the human decision-making 
process [10]. Another type of RB-EMS is frequency decoupling, which splits the power 
demand in the frequency domain so that the high-frequency demand is met by the battery and 
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the low-frequency demand is met by the fuel cell [9,11]. A recent example is given in [12] for 
a fuel cell/battery/ultracapacitor system, in which the fuel cell power reference is derived from 
a proportional-integral (PI) controller acting on the state of charge (SoC) deviation and the 
transient share is separated by frequency decoupling. The adaptation in this approach acts on 
the gains of the converter controllers (adaptive and fractional-order PI control, internal model 
control) and is evaluated in terms of direct current (DC) bus voltage regulation, overshoot, 
and settling time on a laboratory-scale system, i.e., at the power electronics control level rather 
than at the level of drive cycle hydrogen consumption. This method has been extended by [13] 
with an optimization-based strategy to consider not only the dynamic requirements but also 
the energy efficiency in terms of fuel consumption and SoC management.

Rule-based strategies can be implemented with little effort, since they require neither 
a plant model nor training data, and their rules can operate on both directly measured 
and model-based signals. They have a low computation time due to the stationary control 
decisions based on the input values. However, the heuristic strategies require a high 
calibration effort in order to guarantee a performance close to optimality for each driving 
cycle. In addition, the rules are not easily scalable to different powertrain architectures or 
different component sizes [14].

Learning-based (LB) EMS uses data mining methods that utilize historical and real-
time information from large amounts of data to derive the optimal control law.

An intelligent energy management concept that employs training data to determine 
the best power control for a hybrid vehicle system with three or more energy sources and 
significant load fluctuations is presented in [15]. The machine learning algorithm covers a 
wide range of power requirements with restrictions in terms of system voltage and keeping 
the states of charge of the energy storage units within predefined thresholds. By optimally 
combining the energy sources, the power losses of the overall system were reduced by 28% 
up to 76% compared to a conventional rule-based power control [15].

Reinforcement learning (RL) is presented in [16], taking into account the lifetime of 
the fuel cell system. The RL algorithm is pre-initialized by energy allocation rules to speed 
up the optimization process. Simulation results show that the average H2  consumption 
difference between the proposed EMS and an EMS based on dynamic programming (DP) 
is 5.59% in the training and validation driving cycles. In addition, the proposed EMS 
reduces the average power difference of the fuel cell system, which should also reduce the 
performance degradation. Compared to a conventional RL-based EMS, which does not take 
into account the lifetime of the fuel cell system, the power fluctuations could be reduced 
by at least 13%. This is a significant advantage for improving the lifetime of the fuel cell 
system. A recent example of degradation-aware learning-based energy management is 
given in [17], where an enhanced soft actor-critic RL agent distributes the power demand 
among the stacks of a multi-stack fuel cell system depending on their individual state of 
health in order to avoid that the weakest stack limits the service life of the entire system.

Learning-based strategies (e.g., RL) require extensive historical data for the devel-
opment of control strategies and are correspondingly computationally intensive [7,18]. 
They provide a solution close to optimality and are particularly suitable for multicriteria 
optimization problems [18]. However, LB strategies based on deep neural networks, such 
as RL, operate as so-called black box models: the internal decision-making process of the 
trained network is non-transparent and cannot be formally verified or traced back to physi-
cal quantities by engineers [19]. This opacity conflicts with automotive functional safety 
standards such as ISO 26262, which require formal verification and requirement traceabil-
ity for safety-critical software in series production vehicle control units [20]. Currently, 
learning-based energy management strategies built on deep neural networks therefore have 
difficulty meeting the traceability and formal verification requirements of conventional 
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ISO 26262 functional safety, although the automotive industry is advancing safety standards, 
and implementation practices for functions based on artificial intelligence and interpretable 
RL approaches are being explored with regard to functional safety compliance.

Optimization-based (OB) algorithms regulate the control variables based on numerical 
computation results by minimizing a predefined cost function with feasible constraints [21]. 
According to [7], DP and Pontryagin’s Minimum Principle (PMP) are the most frequently 
used global optimization algorithms. In [22], the DP for a FCEV is used to optimize the 
fuel cell power to reduce hydrogen consumption and extend the lifetime of the fuel cell. 
An optimal power distribution strategy for different degradation stages of fuel cells was 
derived in [23] using DP. Compared to a rule-based strategy, the operating costs of the fuel 
cell were reduced by 14.17% and the average lifetime was increased by 8.48%.

In [24] a health-conscious two-stage predictive energy management strategy for fuel 
cell electric heavy-duty long-haul trucks is proposed to overcome the challenges of durability 
and efficiency. The multi-objective optimization problem integrates component degradation 
as an inherent part of the optimization process to reduce the degradation of the battery 
and the fuel cell, taking into account the performance deterioration due to the progressive 
degradation of the powertrain components. To do so in the first stage, the fuel cell power 
and SoC profiles are optimized for the entire route once at the beginning of the driving 
cycle. The optimized references are followed by an on-board controller, representing the 
second stage of the predictive EMS, which is based on DP as an online EMS developed in 
[25].

For a fuel cell (FC) vehicle, ref. [26] combined optimal control using the PMP with a 
Markov chain model. The Markov chain prediction model was used to predict the future 
energy demand during the driving cycle. Another study used PMP as a global optimization 
method for the power distribution between the fuel cell and energy storage system in order 
to minimize hydrogen consumption [27]. Using a developed degradation model, a factor 
for limiting the fuel cell’s power fluctuations with a weight coefficient was added to the PMP 
in [28] to increase the lifetime of the fuel cell. In comparison to an RB strategy, simulation 
results show a reduction of the fuel cell degradation by 56.4% in the China_city driving 
cycle, respectively, 57.8% in the Highway fuel economy test (HWFET) driving cycle. A 
similar strategy was used in [29] to limit fuel cell power fluctuations, extended by an SoC 
range limitation between 40% and 80%. As a result, dynamics of the fuel cell output could 
be reduced by 38.3% compared to a rule-based strategy.

OB-EMSs such as DP and PMP are able to find a global optimum for the given problem. 
The DP achieves the highest degree of optimality, but requires the highest computational 
effort and the longest computing time. The PMP approach can find a comparable opti-
mum with a significantly lower computational cost. However, both strategies are mostly 
implemented offline due to higher computation requirements. Therefore, local optimization 
algorithms are primarily the focus for online implementation, as shown in [18,30].

Local optimization algorithms such as the Equivalent Consumption Minimization 
Strategy (ECMS), as well as Model Predictive Control (MPC) and stochastic dynamic 
programming (SDP), can find a local optimum close to the global optimal solution and can 
be implemented as real-time applications on control units.

The Equivalent Consumption Minimization Strategy (ECMS) is an online adaptation of 
the PMP algorithm where the global optimization problem is converted into a local problem.

Fuel consumption is specified as the optimization target in [31]. The total costs are 
made up of the equivalent cost of hydrogen consumption and the equivalent cost of the 
battery’s electricity consumption. Since the driving profile is not known in advance, an 
equivalence factor correction function is used to adjust the SoC of the battery. Here, the 
actual equivalent factor is calculated by multiplying the SoC correction function by the 
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nominal equivalence factor. In [14], a two-stage ECMS is used to minimize the hydrogen 
consumption while protecting the proton exchange membrane fuel cell (PEMFC) at the 
same time. For this purpose in the first stage, a predictive controller is developed using 
the telemetry-equivalent consumption minimization strategy (T-ECMS) approach, which 
predicts the global optimality trend of the battery state of charge and the local control 
reference using telemetric driving information data. In the second step, a tracking controller 
is used that tracks the local control reference in the current control step to follow the 
optimal SoC reference, taking into account the PEMFC state constraints and other physical 
constraints. With the advancements in the availability of real-time information [21] presents 
a multi-layer predictive energy management with an ECMS in the lower layer combined 
with information such as live traffic data to reduce the fuel consumption. The proposed 
algorithm leads to a reduced fuel consumption in comparison to an RB strategy for a selected 
real-world use-case by 7.5%.

An ECMS can be easily implemented in real-time applications but have a lower adapt-
ability for a fixed equivalence factor (EF). Their optimality is strongly dependent on the 
choice of EF and does not guarantee global optimality [18]. Adaptive ECMS (A-ECMS) can 
be used for online EF adaptation, providing local optimal solutions in real-time [32]. The 
real-time adaptation increases the complexity and thus the computing effort of the ECMS. 
Adaptive control at the converter level, such as the adaptive PI schemes in [12], addresses 
the tracking of a given power split rather than its optimality and is therefore complementary 
to, but not a substitute for, an adaptive supervisory EMS.

Model Predictive Control (MPC), also called Receding Horizon Control (RHC), is a 
global optimization algorithm that is applied as an online method for a finite time interval 
into the future, called the prediction horizon.

An EMS based on a linear MPC has been developed in [33] to improve battery per-
formance and prevent fuel cell and battery degradation. Taking into account the different 
operating modes of the battery and the time constraints associated with the activation and 
deactivation of the fuel cell, an effort is made to maintain the discharge level of the battery 
at the optimal performance threshold and to minimize the hydrogen consumption. In 
order to reduce hydrogen consumption and improve the performance of the hybrid vehicle, 
Ref. [34] developed an MPC as a nonlinear constraint optimization problem to predict the 
optimal power of the fuel cell system in conjunction with prediction models for the future 
demand power for an FC vehicle. By using neural networks, improved results could be 
achieved for the optimization variables, in comparison to a Markov chain prediction model. 
However, neither strategy takes into account the aging of the fuel cell, except indirectly 
through operational constraints.

In the broader literature, fuel cell degradation is treated at different levels of detail 
depending on the application and the available information: (i) via operational constraints 
(e.g., limiting current/power gradients, avoiding start–stop events, and preventing operation 
in high-voltage or fuel-starvation regimes), (ii) via surrogate degradation metrics that can be 
embedded into an optimization objective (e.g., dynamic stress factors or voltage-decay-rate 
proxies), and (iii) via explicit state-of-health (SoH) states and deterioration-aware models 
that adapt the power split over the lifetime. In heavy-duty applications, experimental 
studies highlight the relevance of operating conditions for system efficiency and durability 
[35]. At the system-modeling level, map-based or efficiency-based representations are often 
used to enable integration into larger simulation frameworks, including other application 
domains such as aeronautics [36,37].

The different strategies are compared in terms of their optimality, computation time, 
degree of implementation, and real-time capability (see Figure 2).
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Figure 2. Comparison of the various operating strategies for FCEVs in terms of optimality, computing 
effort, real-time capability, computing time, and implementation effort (according to [38]).

Due to the ability to achieve a near-optimal solution to the DP with a high prediction 
horizon, as well as the consideration of system and control constraints, the chosen EMS 
for this work is the Model Predictive Control approach. To ensure real-time capability, the 
computational requirements of the MPC are solved using the advanced Acados solver [39,40].

1.2. Problem Definition
This work deals with the development of a model predictive control to optimize the 

energy efficiency of fuel cells, taking into account the lifetime of fuel cells. The described 
control strategy in [41,42] is used as a baseline strategy for the hybrid management as 
well as for the control of the fuel cell system. The contribution of this work with respect to 
existing literature is the formulation and real-time-capable implementation of a degradation-
aware nonlinear MPC for a fuel cell heavy-duty vehicle, which (i) embeds a dynamic-
operation degradation proxy directly into the optimal control problem (OCP) as an objective, 
(ii) jointly optimizes hydrogen consumption, system-efficiency-related terms, and fuel cell 
aging within a consistent constraint framework, (iii) is validated in a model-in-the-loop 
(MiL) environment on both a representative heavy-duty cycle (VECTO Long Haul) and 
a real driving cycle, with a comparison to both a global optimal DP benchmark as the 
upper bound of the achievable performance and a rule-based baseline without degradation 
awareness (Section 3.3), and (iv) can be implemented on automotive control units.

The paper is structured as follows: Section 2 describes the used simulation model 
for the FC heavy-duty vehicle (HDV), Section 3 delves into the development of the MPC. 
Section 4 provides a detailed analysis of the potential in hydrogen savings and the extension 
in lifetime of the fuel cell.

2. Simulation Model
In order to generate an accurate virtual representation of the real system, a detailed 

plant model in a MiL simulation is used, which is based on the modular fuel cell system 
simulation environment presented in [43]. The plant model can be divided into two main 
parts, one being the stack model and the other the system model, composed of the auxiliary 
components of the fuel cell system and the hybrid system.

Depending on the system structure, the components can differ greatly from one another, 
and therefore data maps are used to represent the different components. On the other hand, 
for the stack model [44], the approach is to use physical equations and a segmentation 
in the three spatial directions in order to achieve a high level of accuracy and account for 
local phenomena.
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A visualization of the segmentation in the in-plane and through-plane directions of a 
stack cell is shown in Figure 3. On each side of a section in the through-plane direction, a 
bipolar plate is present through which the reaction gases and the coolant are fed. Further 
inwards there is additionally a section that represents the gas diffusion layer (GDL), which 
can be supplemented by a micro-porous layer (MPL) in order to model different types of 
fuel cells. In the middle, the cathode catalyst layer (CCL), the anode catalyst layer (ACL), 
and the membrane compose the membrane electrode assembly (MEA). For improved 
accuracy, the membrane and each GDL/MPL can be segmented into further parts, so that 
local phenomena can be modeled more precisely. The different effects taking place in the 
stack model can be separated into three distinct sections: mass transport, thermal dynamics, 
and electrochemistry.

GDL CL PEM GDLCLBPP BPP

Seg 1
Anode Cathode

Seg N

Coolant

Figure 3. Segmentation of the cell in the in-plane and the through-plane direction.

The mass transportation is separated in the model in two distinctive parts. On the 
one hand, the movement of gases, such as oxygen, hydrogen, or nitrogen is considered. 
The transport mechanisms of water is modeled separately, as water molecules in the gas 
phase can change to the liquid condition depending on the conditions present in the system, 
and the two phases interact with each other. The motion of gas molecules can primarily 
be described by Knudsen diffusion, whereas liquid water is being transported through 
capillary pressure [45]. Moreover, the transport of water through the membrane is being 
considered. The distinction between sorption and desorption and the consideration of 
transient phenomena are particularly important in order to be able to better model the 
membrane behavior [46,47].

The thermal model considers the generated heat of the chemical reaction taking place 
at the cathode and the heat being generated through the transport of hydrogen ions being 
transported through the membrane and the electrons moving through the different cell com-
ponents. The heat transfer in between the two bipolar plates is taken over by heat conduction, 
whereas convection is the primal force of the transfer from the gas channel material to the 
coolant. All effects of heat generation and transport are regrouped with the heat capacities of 
the different materials by a system of differential equations, which are solved to determine the 
temperature at various positions and at different points in time [45].

The calculated variables are used as an input for the electrochemistry model. Here, 
different effects are grouped together to determine the correct cell voltage. The theoretical 
cell voltage follows from the Nernst equation as a function of the local temperature and 
the partial pressures of hydrogen and oxygen in the gas channels; subtracting a constant 
voltage loss yields the open-circuit voltage (OCV). The activation losses are described by the 
Butler–Volmer equation, the ohmic losses by the electrical resistances of the cell components 
and the protonic resistance of the membrane, which depends on the membrane thickness 
𝛿mem and the protonic conductivity, and the mass transport losses by the partial pressures 
of the reactants at the catalyst layers; activation and mass transport losses are evaluated 
separately for the anode and the cathode [48]. The underlying equations are standard and 
are not reproduced here; the modeling approach is described in detail in [44,45]. For the 
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evaluation of the energy management strategies, only the resulting cell voltage and the 
aging-related quantities of the stack model are relevant, which are introduced in Section 4.

The plant model described above serves as the virtual test bench of the MiL simulation, 
whereas the MPC uses a deliberately reduced prediction model, which is introduced in 
Section 3. Table 1 contrasts the two models, submodel by submodel. The reduction is 
dictated by the computing time available to the controller. The OCP is re-solved every 
300 ms on the rapid control prototyping (RCP) hardware (Section 4.1) and is transcribed by 
direct multiple shooting on 400 shooting intervals (Section 3.2.1), so that every additional 
differential state of the prediction model enters all shooting nodes of the horizon, enlarges 
the quadratic subproblems of every sequential quadratic programming (SQP) iteration, and 
thus directly increases the solution time at every sampling instant. The segmented water, 
mass transport, and thermal dynamics of the plant model, which resolve each segment of the 
cell with its own set of differential states, are therefore not admissible in the prediction model, 
and the same applies to a thermal state of the battery. The prediction model is consequently 
restricted to the four states that are required to evaluate the objectives and constraints of the 
OCP, namely the SoC, the consumed hydrogen mass, the fuel cell power, and the cell voltage 
decay; all remaining submodels are represented by algebraic relations, i.e., the polarization 
curve, the balance-of-plant (BoP) characteristic, and the battery open circuit voltage and 
internal resistance as functions of the SoC. This reduction is admissible because the water 
and thermal states of the stack are regulated by subordinate control loops of the fuel cell 
control unit (FCCU): the coolant circuit controls the stack temperature, and the air path and 
the hydrogen supply control the humidification and the stoichiometry to their set points. 
From the perspective of the energy management, the fuel cell system therefore appears 
as a power source operated close to its nominal conditions, whose stationary behavior is 
captured by the polarization curve and by the BoP characteristic, both derived from steady-
state operating points of the detailed plant model. The influence of the neglected water 
and thermal dynamics on the closed-loop result is nevertheless contained in the presented 
results, since the MPC is evaluated against the detailed plant model and not against its own 
prediction model.

Table 1. Comparison of the plant model used in the MiL simulation and the prediction model used 
inside the MPC.

Submodel Plant Model (MiL) MPC Prediction Model

Stack 
electrochemistry

Segmented physical model: Nernst voltage, 
activation, ohmic and mass transport losses 
evaluated with the local temperature and 
partial pressures [44,45]

0-D beginning-of-life polarization curve 
𝑈A,BoL = 𝑓 (𝐼St) derived from steady-state 
operating points of the plant model; hydrogen 
mass flow from Faraday’s law; no additional 
state

Water and mass 
transport

Gas transport (Knudsen diffusion), liquid 
water transport (capillary pressure) and water 
transport through the membrane 
(sorption/desorption)

Not modeled; nominal humidification implied 
by the polarization curve

Thermal 
behavior

Heat generation, conduction and convection to 
the coolant; temperature differential equations 
for each segment

Isothermal, no temperature state; electrical 
demand of the cooling system contained in the 
BoP characteristic

Balance of plant
Map-based component models of the 
auxiliaries (air path, coolant circuit, etc.), 
electrical demands summed up

Static characteristic 𝑃BoP = 𝑓 (𝐼St) from 
steady-state operating points of the plant model
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Table 1. Cont.

Submodel Plant Model (MiL) MPC Prediction Model

Fuel cell 
degradation

Physics-based aging model for the 
electrochemically active surface area (ECSA) 
and the membrane thickness [49], integrated in 
the stack model (Section 4)

Empirical voltage-decay proxy 𝑈decay driven by 
the dynamic-stress proxy 𝜎  (one state)

Battery
Electrical model with SoC- and 
temperature-dependent parameter maps 
coupled to a thermal model following [50,51]

Open circuit voltage and internal resistance as 
functions of the SoC, 𝑇bat = 25 ∘C constant; SoC 
as the only state

Electric drive 
and vehicle

Loss map of the electrical machine, constant 
efficiencies of inverter, gearbox and differential, 
longitudinal vehicle dynamics

Identical to the plant model

3. Methodology
The work follows the V-model for the development of control software, from the 

formulation of various requirements for the control model to system testing on an RCP 
control unit [52]. In the course of the development process, the FCCU with the MPC is 
implemented in the existing overall software, and the control functionalities are validated 
in a MiL environment before deploying it on the RCP control unit; the execution time 
measurements on the RCP unit are reported in Section 4.1.

The simulation environment consists of a control unit (CU) and a physical model, 
both implemented in MATLAB Simulink (R2021b) [53]. The control units of the individual 
components are coordinated by a higher-level control unit, the hybrid control unit (HCU). 
The input variables in the MPC are the driving profile information of the heavy-duty truck 
consisting of the velocity 𝑣, acceleration 𝑎 and gradient profile 𝛼, a target SoC SoCref and the 
feed-back system state variables 𝑥. The result of the optimization problem is transferred to 
the system model in the form of an optimized power trajectory of the fuel cell, of which only 
the first step 𝑢(0) = Δ𝑃FCS(0) is applied as the fuel cell power request 𝑃FCS before the OCP is 
re-solved with the updated state feedback. For a functioning control loop, the environment 
of the embedded system model must be simulated. For this purpose, the system model 
consisting of the battery, vehicle, and fuel cell is set up as a physical model within the MiL. 
An overview of the Optimal Control Problem (OCP) with the control constraints and the 
minimization objectives is shown in Figure 4.
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Figure 4. Optimal Control Problem (OCP) for minimization of hydrogen consumption and degrada-
tion of the fuel cell, with the signal flow between route information, controller and plant. The MPC re-
ceives the driving profile (𝑣, 𝑎, 𝛼) and the reference SoC, predicts the states 𝑥 = (SoC, 𝑚H2

, 𝑃FCS, 𝑈decay)
with the reduced prediction model subject to the constraints of Equation (39) and the objectives of 
Equation (42), and applies the first element 𝑢(0) = Δ𝑃FCS(0) of the optimal control sequence as the 
fuel cell power request 𝑃FCS to the plant. The states are fed back from the plant model as the initial 
condition 𝑥(0) at every sampling instant.
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3.1. Models of the FCEV
The symbols used in the following model description and in the formulation of the 

OCP are summarized in the Nomenclature at the end of the manuscript. In particular, 𝑃FCS
denotes the net power of the fuel cell system, whereas 𝑃FC denotes the gross power of the 
fuel cell stack.

3.1.1. PEMFC Model
The MPC model used for the description of fuel cell dynamics is a 0-D fuel cell model 

based on the polarization curve of the fuel cell. The characteristic curve is defined as the 
operating voltage over the operating current, with the voltage losses being deducted, and 
is set up in the form of an equation. The Nernst voltage 𝑈N, also known as the OCV, is 
lower than the thermodynamically determined theoretical voltage value. Through a series 
of irreversible processes, the cell voltage is further reduced, resulting in the cell voltage 𝑈A.

𝑈A = 𝑈N − Δ𝑈 (1)
Δ𝑈 = Δ𝑈Act + Δ𝑈Ohm + Δ𝑈Conc (2)

The voltage losses can be considered to consist of activation overvoltage in combination 
with electrochemical limitations at the electrode surfaces Δ𝑈Act, ohmic losses in both the 
ionic and electronic conductors Δ𝑈Ohm, and concentration overvoltages at the electrodes 
during the reaction process Δ𝑈Conc [54]. By simplifying the fuel cell model using the 
polarization curve, the cell voltage 𝑈A,BoL at the beginning of life (BoL) is approximated as 
a function of the stack current 𝐼St resulting from the power demand 𝑃fc of a single cell.

𝑈A,BoL = 𝑓 (𝐼St) (3)
𝐼St = 𝑓 (𝑃FC) (4)

The fuel cell efficiency 𝜂FC related to the lower calorific value is the ratio of the net 
electrical system output 𝑃el to converted chemical energy and includes the fuel mass flow 

.𝑚H2
 and the lower calorific value of hydrogen 𝐻u,H2

.

𝜂FC =
𝑃el

.𝑚H2
⋅ 𝐻u,H2

=
𝑈St ⋅ 𝐼St
.𝑚H2

⋅ 𝐻u,H2

(5)

The stoichiometric hydrogen consumption .𝑚H2
 can be calculated using Faraday’s law, 

where the molar mass of the hydrogen 𝑀H2
, the Faraday constant 𝐹 and the electrochemical 

value 𝑧 are used in the following equation:

.𝑚H2 =
𝑀H2 ⋅ 𝑃el

𝑧 ⋅ 𝑈A ⋅ 𝐹 (6)

The power of the auxiliary loads, consisting of the components described in Section 2, 
is determined as a function of the current fuel cell power. With an increase in the power 
demand on the fuel cell stack, there is a rise in the stack current, thereby determining the 
power of the BoP auxiliaries. The power output of the fuel cell system 𝑃FCS is therefore the 
stack power 𝑃FC minus the power of the auxiliary loads 𝑃BoP.

𝑃BoP = 𝑓 (𝐼St) (7)
𝑃FCS = 𝑃FC − 𝑃BoP (8)

In this work, the BoP power is modeled at the system level as a static surrogate of the 
detailed plant model: the individual auxiliary consumers (air path, coolant circuit, etc.) are 
represented by map-based component models in the MiL plant, and their electrical power 
demands are summed up to obtain a total auxiliary power. For the EMS/MPC formulation, 

https://doi.org/10.3390/en19215047

https://doi.org/10.3390/en19215047


Energies 2026, 19, 5047 11 of 37

this total is reduced to a one-dimensional characteristic 𝑃BoP = 𝑓 (𝐼St) (equivalently 𝑓 (𝑃FC)), 
obtained from steady-state operating points of the detailed system model and implemented 
as a lookup table with interpolation. This choice keeps the OCP formulation simple and 
computationally efficient while still capturing the dominant trend that higher stack currents 
require higher auxiliary power.

In order to keep the degradation mechanisms of the fuel cell as low as possible, this 
work aims at a constant operation of the fuel cell with respect to the power output. Dynamic 
operation of the fuel cell leads to a high mechanical degradation of the fuel cell membrane 
and should therefore be avoided. In [55], a limitation of the voltage drop rate of the fuel 
cell is used to develop a strategy to protect against degradation. The aim of the strategy 
is to define an adaptive dynamic limit on the output power by formulating a relationship 
between the change in output power over time and the voltage drop rate. The drop rate 
𝜕𝑢decay

𝜕𝑡  is calculated based on Lin et al. [55] and Stevens et al. [56] using the following 
equation for each node 𝑘 on the prediction horizon:

𝜕𝑢decay

𝜕𝑡 = −
225 × 𝜎[𝑃FC(𝑘) + … + 𝑃FC(𝑘 − 4)] + 10

3600 (9)

Experimental results in [55] show that the voltage drop rate under unit standard 
deviation 𝜎  of five consecutive power steps is 225 μ𝑉

ℎ  in dynamic operation and 10 μ𝑉
ℎ  in 

steady-state operation. The same approach was used to determine the drop rate in [56]. 
This is an empirical model for the effects of cyclic operation on the fuel cell degradation. 
According to [56], the degradation mechanisms caused by cyclic operation are mechanical 
wear of the membrane due to fluctuations in temperature and potential, and chemical 
degradation due to fluctuations in humidity and detachment of platinum particles at the 
cathode. The voltage drop rate calculates the decrease in the possible open circuit voltage 
using the standard deviation for five consecutive fuel cell power demands 𝑃FC[𝑘...𝑘−4]. The 
MPC calculates the state variables based on the optimal control trajectory for the predicted 
time horizon into the future. The change in fuel cell power over the past five time steps 
cannot be stored in the MPC calculation and therefore cannot be used to calculate a standard 
deviation, as shown by Lin et al. [55] and Stevens et al. [56]. Alternatively, the change 
in fuel cell power between two consecutive time steps can be used as a dynamic-stress 
proxy that takes the place of the standard deviation in Equation (9). This proxy is not 
mathematically identical to the five-sample standard deviation; the consequences of this 
substitution for the empirical coefficient are discussed at the end of this section. Within 
the MPC, the proxy is defined as the normalized change in power from one time step to 
the next.

𝜎MPC =
|
𝑃FC(𝑘 + 1) − 𝑃FC(𝑘)

𝑃FC,max − 𝑃FC,min
|

2 =
|Δ𝑃FC|

2 ⋅ (𝑃FC,max − 𝑃FC,min) (10)

Since the degradation is caused by the magnitude of the load change and not by its 
direction, Equation (10) is formed with the absolute value, as in the implementation, so 
that 𝜎MPC ≥ 0 and the decay rate of Equation (9) is negative for every power trajectory. The 
dynamic-stress proxy is zero in steady-state operation and reaches its maximum value of 
0.5 for the largest admissible power change from 𝑃FC,min to 𝑃FC,max within one time step. The 
factor 1/2 in Equation (10) matches the value range of the proxy to that of the five-sample 
standard deviation of power values normalized to the interval [0, 1], whose upper bound 
is approximately 0.5 as well. This means that the voltage drop can be estimated with the 
proxy and considered as an additional term within the cost function with respect to the 
degradation of the fuel cell system.
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The actual cell voltage 𝑈A,act can be calculated from the continuous decrease in cell 
voltage over time using the following equation: 

𝑈A,act = 𝑈A,BoL + 𝑈decay(𝑡) (11)

𝑈decay(𝑡) = ∫
𝑡

𝑡BoL

𝜕𝑢decay

𝜕𝑡 ⋅ 𝑑𝑡 (12)

The calculation of the decay rate can be used as a parameter to calculate the state of 
health (SoH) of the fuel cell. The SoH can be determined in the form of the following 
equation according to [56]: 

SoH = 1 −
𝑈A,BoL − 𝑈A

𝑈A,BoL − 𝑈A,EoL
(13)

Here, 𝑈A denotes the current cell voltage and 𝑈A,EoL the cell voltage at end of life (EoL). 
Following [57], the EoL is reached as soon as the cell voltage at the rated operating point 
has dropped by 10% with respect to its value at the BoL: 

𝑈A,EoL = 0.9 ⋅ 𝑈A,BoL (14)

Substituting Equations (11) and (14) into Equation (13), the numerator becomes 
𝑈A,BoL − 𝑈A,act = −𝑈decay and the denominator 𝑈A,BoL − 𝑈A,EoL = 0.1 ⋅ 𝑈A,BoL, so that the 
SoH can be expressed directly in terms of the accumulated voltage decay.

SoH = 1 +
𝑈decay

0.1 ⋅ 𝑈A,BoL
(15)

Since 𝑈decay ≤ 0 by definition of the negative decay rate, the SoH decreases monotoni-
cally from 1 at BoL to 0 at EoL. The SoH is not evaluated in Section 4; the aging assessment 
there is based directly on the membrane thickness and ECSA losses.

Transfer of the Empirical Decay Coefficient to the Proxy
The coefficient of 225 μV/h in Equation (9) was identified in [55] for the five-sample 

standard deviation and is applied to the proxy 𝜎MPC without recalibration. The two quanti-
ties differ: a single power change enters the standard deviation in all four windows that 
contain it, but the proxy only once. The dynamic share of 𝑈decay computed with the proxy is 
therefore smaller than with the original relationship, and 𝑈decay is to be read as a controller-
internal measure of dynamic stress in the unit of a voltage, not as a calibrated prediction of 
the voltage decay.

This does not affect the results in Section 4. The coefficient enters the OCP only through 
the state equation of 𝑈decay; power changes are penalized directly by 𝜎  in the cost vector of 
Equation (43), with a weight that is a calibration parameter of the vehicle configuration 
(Section 3.2.2). Rescaling the coefficient therefore leaves the penalty on power changes 
unchanged. Moreover, 𝑈decay accumulates to only 13–14 μV over a complete drive cycle , 
most of it from the steady-state term of 10 μV/h. This is three orders of magnitude below 
the EoL threshold of 0.1 ⋅ 𝑈A,BoL in Equation (14). Finally, the aging assessment in Section 4 
is based on the membrane thickness and ECSA losses of the physics-based aging model of 
the plant, which does not contain the coefficient. A re-identification of the coefficient for 
the proxy is required only if 𝑈decay is to be used as a quantitative lifetime estimate, which is 
left for future work.

3.1.2. Vehicle Model
The driving resistance and the resulting power requirement of the vehicle are deter-

mined through longitudinal dynamics with the velocity, acceleration, and gradient profile of 
the driving cycles. The total driving resistance 𝐹𝑡 is composed of various partial resistances:

𝐹𝑡(𝑡) = 𝐹air(𝑡) + 𝐹r(𝑡) + 𝐹g(𝑡) + 𝐹a(𝑡) (16)
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𝐹air(𝑡) is the aerodynamic resistance, which is based on the air friction on the vehicle 
surface and is given by

𝐹𝑎𝑖𝑟(𝑡) =
1
2 ⋅ 𝜌air ⋅ 𝐴proj ⋅ 𝑐w ⋅ 𝑣(𝑡)2

act (17)

where 𝜌air is the air density, 𝐴proj the projection area of the vehicle, 𝑐w the aerodynamic drag 
coefficient, and 𝑣act the current velocity.

The rolling resistance 𝐹r(𝑡) is composed of the acceleration due to gravity 𝑔, the road 
slope angle 𝛼, the vehicle mass 𝑚v and a constant rolling resistance coefficient 𝑓r. It is 
calculated as follows:

𝐹r(𝑡) = 𝑓r ⋅ 𝑚v ⋅ 𝑔 ⋅ cos(𝛼) (18)

𝐹g(𝑡) represents the grade force due to rthe oad slope, which is calculated as follows:

𝐹g(𝑡) = 𝑚v ⋅ 𝑔 ⋅ sin(𝛼) (19)

The resistance due to acceleration 𝐹a(𝑡) is calculated from the total mass 𝑚v multiplied 
by the acceleration 𝑎v:

𝐹a(𝑡) = 𝑚v ⋅ 𝑎v(𝑡) (20)

Multiplying the total drag force on the wheel 𝐹t with the current vehicle velocity 𝑣act
results in the required power 𝑃t at the wheel:

𝑃t(𝑡) = 𝐹t(𝑡) ⋅ 𝑣act (21)

The base vehicle and dimensioning are based on [42]. The specifications of the truck 
are given in Table 2:

Table 2. Vehicle specification.

Parameter Symbol Unit Value 

Vehicle weight 𝑚v t 30 

Tire specification — — 295/80
R22.5

Front surface 𝐴proj m2 9.7 
Drag coefficient 𝑐w — 0.53 
Rolling coefficient 𝑓r — 0.00467 
Max. velocity 𝑣max km/h 90 

3.1.3. Electric Motor Model
The power of the electrical machine (EM) 𝑃em can thus be determined via the efficiency 

chain, according to the following equation: 

𝑃em(𝑡) =
{


𝑃t
𝜂dif⋅𝜂gb⋅𝜂inv

+ 𝑃emloss
, 𝑃t ≥ 0

𝑃t ⋅ 𝜂dif ⋅ 𝜂gb ⋅ 𝜂inv + 𝑃emloss
, 𝑃t < 0

(22)

where 𝜂dif is the efficiency of the differential, 𝜂gb is the efficiency of the gearbox and 𝜂inv is 
the efficiency of the inverter.

The power loss of the electrical machine 𝑃emloss
 is determined via a characteristic map as 

a function of the rotational speed 𝑛em and the torque 𝑇em. Using a third-degree polynomial 
function, the power loss can be approximated according to the following equation: 

𝑃emloss
= 𝑎0 + 𝑎1 ⋅ 𝑛em + 𝑎2 ⋅ |𝑇em| + 𝑎3 ⋅ 𝑛em ⋅ |𝑇em|

+𝑎4 ⋅ |𝑇em|2 + 𝑎5 ⋅ 𝑛em ⋅ |𝑇em|2 + 𝑎6 ⋅ |𝑇em|3
(23)
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The maximum drive power 𝑃propmax
, which is composed of the power of the energy 

sources and the power for the auxiliary consumers, can be defined as follows:

𝑃propmax
= 𝜂inv ⋅ (𝑃batmax

+ (𝑃FC,max − 𝑃BoP) ⋅ 𝜂dcdc,Fc) (24)

Here, 𝑃batmax
 and 𝑃FC,max denote the maximum discharge power of the battery and the 

maximum power of the fuel cell stack, and 𝜂dcdc,Fc is the efficiency of the DC/DC converter 
that couples the fuel cell system to the HV bus.

3.1.4. Battery Model
For simplification, the focus is exclusively on the electrical battery model, as the ther-

mal battery model is considerably more complex and challenging to represent due to the 
thermally dependent electrochemical processes [51,58]. In the electrical battery model, the 
voltage and the resulting current of a battery cell are calculated. The open circuit voltage 
of a battery cell 𝑢OCV is determined based on the battery temperature 𝑇bat and the 𝑆𝑜𝐶
characteristic field and described in the form of a first-degree interpolated function for the 
purpose of simplification.

𝑢OCV = 3.262 + 0.892 ⋅ 𝑆𝑜𝐶 − 9.044 ⋅ 10−18 ⋅ 𝑇bat (25)

The battery temperature 𝑇bat is considered constant and is set to 25 ∘C. In order to simplify 
the model, the thermal and transient temperature effects are neglected, since the battery 
model is now purely electric [50]. The only remaining state variable for the battery voltage 
is therefore the SoC. The high-voltage lithium-ion battery unit has an 186s3p configuration 
with a maximum capacity of 140 Ah and 98.84 kWh of energy. According to the specification, 
there are 186 cells connected in series 𝑛bat,ser and 3 parallel groups of cells 𝑛bat,par. This results 
in the total battery voltage with open terminals 𝑈OCV and the total capacity 𝐶bat according 
to the following equations, with 𝐶cell representing the capacity of a single battery cell: 

𝑈OCV = 𝑢OCV ⋅ 𝑛bat,ser (26)
𝐶bat = 𝐶cell ⋅ 𝑛bat,par (27)

Following the subtraction of the internal resistance losses, the current battery voltage is 
determined. The loss voltage is contingent on the resulting current. In the following, 𝑈bat,act
denotes the terminal voltage of the battery pack, 𝐼bat,act the actual pack current, which is 
positive for discharging and negative for charging, and 𝑅int the internal resistance of the 
pack. The latter is composed of the cell resistances 𝑅int,dis for discharging and 𝑅int,chr for 
charging according to Equation (29), and 𝐼bat,act itself follows from the battery power via 
Equation (32).

𝑈bat,act = 𝑈OCV − 𝑅int ⋅ 𝐼bat,act (28)
𝑅int =

{


𝑅int,dis ⋅ 𝑛bat,ser
𝑛bat,par

, 𝐼bat,act ≥ 0

𝑅int,chr ⋅ 𝑛bat,ser
𝑛bat,par

, 𝐼bat,act < 0
(29)

The battery model has been reduced to a static equivalent circuit diagram, as illustrated 
in Figure 5. 

𝑈OCV

𝑅int

𝑈bat,act

+ 

−

Figure 5. Electrical equivalent circuit diagram of the traction battery.
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According to Hiseh et al. [59] and Geng et al. [14], the lithium-ion battery can be 
described by the internal electrical resistance model, using the following equation as a 
function of the voltage at the open terminals 𝑈OCV, the internal resistance 𝑅int, the power 
𝑃bat and the capacity of the battery 𝐶bat.

𝜕SoC
𝜕𝑡 = −

𝑈OCV − √𝑈2
OCV − 4 ⋅ 𝑃bat ⋅ 𝑅int

2 ⋅ 𝑅int ⋅ 𝐶bat
(30)

From the relationship

SoC = SoC0 −
1

𝐶bat
∫ 𝐼bat,act 𝑑𝑡 (31)

with the initial state of charge SoC0 gives the actual current of the battery:

𝐼bat,act =
𝑈OCV − √𝑈2

OCV − 4 ⋅ 𝑃bat ⋅ 𝑅int

2 ⋅ 𝑅int
(32)

The current battery power 𝑃bat,act is composed of the required power of the electric 
motor 𝑃em, the supply power of the components of the fuel cell 𝑃BoP and the electrical power 
supplied to the fuel cell 𝑃FC.

𝑃bat,act = 𝑃em − (𝑃FC − 𝑃BoP) ⋅ 𝜂dcdc,Fc (33)

The maximum charge power 𝑃bat,min and discharge power 𝑃bat,max of the battery de-
pends on the battery temperature 𝑇bat and the SoC. The map-based value can be approxi-
mated by a polynomial function for a battery temperature of 25 ∘C:

𝑃bat,max = 𝑓 (SoC) (34)
𝑃bat,min = 𝑓 (SoC) (35)

The parameters of the components used in this study are given in Table 3.

Table 3. Specification of the powertrain components.

Parameter Symbol Unit Value 

Electric machine peak power 𝑃emmax
kW 500 

Max. motor speed 𝑛emmax
rpm 3400 

Battery capacity 𝐶bat kWh 98.84 
Fuel cell System peak power 𝑃FCS,max kW 303.6 

3.2. MPC Energy Management Strategy
3.2.1. ACADOS Solver

acados (v0.4.5) [60] is an open source software package that provides a collection of 
solvers for optimization problems. acados is based on a powerful linear algebra library 
Blasfeo with an interface to MATLAB and Python and is designed for fast optimization in 
embedded applications [40]. It uses the SQP method to solve non-linear optimization 
problems (NOP). The Lagrange-Newton method for constrained problems with equation 
constraints is extended with inequality constraints and attempts to solve the optimization 
problem by iteratively solving quadratic approximations in the form of a linear Taylor 
approximation [61]. For this purpose, the Karush-Kuhn-Tucker (KKT) condition is used 
as an extension of the Lagrange method to solve the nonlinear optimization problem with 
inequality constraints and equation constraints.
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3.2.2. Problem Formulation
To simplify the control problem, the change in fuel cell power is defined as the target 

variable. This has the advantages of avoiding excessive oscillations and of allowing the 
power gradient to be defined as a term within the cost function. The power of the battery is 
therefore equal to the difference between the power of the fuel cell and the power required 
by the powertrain and its consumers. The system input vector can be defined as follows:

𝑢 = (Δ𝑃FCS) (36)

The state variables 𝑥 consist of the SoC, the consumed hydrogen 𝑚H2
, the current 

fuel cell power output 𝑃FCS and the cell voltage loss of the fuel cell 𝑈decay of the dynamic 
system model:

𝑥 =
(


SoC
𝑚H2

𝑃FCS
𝑈decay

)


(37)

The dynamic behavior of the system can be expressed as follows:

.𝑥 =

(


− 𝐼bat,act

𝐶bat⋅3600
𝑃FC⋅𝑀H2

2⋅𝐹⋅𝑈𝐴,𝑎𝑐𝑡

Δ𝑃FCS
− 0.000225

3600 ⋅ 𝜎 − 0.000010
3600

)


(38)

The fourth row is the decay rate of Equation (9) in V s−1, evaluated with the dynamic-
stress proxy 𝜎  from Equation (10). As discussed in Section 3.1.1, the empirical coefficients 
are used as identified in [55] and are not recalibrated for the proxy; within the OCP, 𝑈decay
acts as a bookkeeping state, while the penalty on dynamic operation is applied directly to 𝜎
in the cost function.

System constraints help to take into account boundary conditions resulting from safety 
aspects or physical limitations of control and state variables. Hard constraints are defined 
for the state and control variables in the form of inequalities whose limits must not be 
exceeded. The following constraints are defined for the state and control variables:

SoCmin ≤ SoC ≤ SoCmax

0 ≤ 𝑚H2 ≤ 𝑚H2 ,max

𝑃FCS,min ≤ 𝑃FCS ≤ 𝑃FCS,max

𝑈decay,min ≤ 𝑈decay ≤ 𝑈decay,max

Δ𝑃FCS,min ≤ Δ𝑃FCS ≤ Δ𝑃FCS,max

(39)

The SoC of the battery is limited to protect against overcharging or deep discharging 
and to protect against aging or performance degradation. The total hydrogen consumption is 
limited by the size of the tank. In addition to the physical limitation, hydrogen consumption 
is factored into the cost function and is therefore an optimization objective that should be 
minimized in the multivariable cost function with respect to minimum fuel consumption. 
Both the fuel cell and the battery have physical limits that must not be exceeded. A minimum 
power is defined as the lower limit for the fuel cell. This is to prevent the fuel cell from 
switching on and off and to prevent degradation. In the present configuration, the fuel 
cell system power is bounded to 𝑃FCS,min = 25 kW and 𝑃FCS,max = 303.6 kW and the battery 
SoC to 20 % ≤ SoC ≤ 80 %. The bounds Δ𝑃FCS,min and Δ𝑃FCS,max on the control input limit 
the power gradient of the fuel cell system. Since 𝑢 = Δ𝑃FCS enters the system dynamics 
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as the time derivative of 𝑃FCS, these bounds are ramp-rate limits in kW s−1. They are set 
to Δ𝑃FCS,max = −Δ𝑃FCS,min = 100 kW s−1, corresponding to approximately one third of the 
rated system power per second. This value is derived from the dynamic response capability 
of the fuel cell system as represented in the plant model, in which the air path and the 
coolant circuit are modeled as dynamic components under the subordinate control of the 
FCCU (Section 2): within this limit, the power trajectory requested by the MPC can be 
followed by the air supply and the thermal management of the fuel cell system without 
cathode starvation or coolant temperature overshoot. The ramp-rate limit therefore reflects 
the load-change capability of the physical system rather than a tuning parameter, and 
it ensures that the fuel cell power request of the MPC is realizable by the subordinate 
FCCU without additional clipping. It is a hard constraint and must be distinguished from 
the dynamic-stress proxy 𝜎  in the cost function (see Equation (10)), which additionally 
penalizes power changes within the admissible range. A soft limit is defined for the cell 
voltage of a fuel cell:

𝑈A,act ≤ 𝑈A,max + 𝜖1 (40)
𝑈A,act ≥ 𝑈A,min − 𝜖2 (41)

The parameters 𝜖1, 𝜖2 allow the limits 𝑈A,min, 𝑈A,max to be exceeded and are called slack 
variables. The slack variables appear within a term in the cost function and are penalized if 
the limit is exceeded. The purpose of limiting the cell voltage is to avoid excessively high 
and low voltages in the cell, which increase cell degradation. The admissible band is set to 
𝑈A,min = 0.55 V and 𝑈A,max = 0.85 V, and the slack variables are penalized quadratically.

The control and state variables to be optimized are combined as cost terms within the 
cost function, which is calculated as follows:

min 𝐽(𝑥(𝑘), 𝑢(𝑘)) =
𝑁p−1

∑
𝑘=0

(𝛽(𝑘)T ⋅ 𝑄 ⋅ 𝛽(𝑘) ⋅ 𝑌)

+
𝑁p−1

∑
𝑘=0

(
1
2 ⋅ 𝜖T ⋅ 𝐺 ⋅ 𝜖)

+ (𝐴 ⋅ (SoC(𝑁p) − SoCref(𝑁p))2 ⋅ 𝑊)

(42)

with

𝛽(𝑘) =
(


.𝑚H2
(𝑘)

𝜎(𝑘)
1 − 𝜂ec,Fc(𝑘)

𝑢(𝑘)

)


(43)

The cost function can be roughly divided into three terms. The first term is the vector 
𝛽(𝑘) describing the objectives to be minimized within the cost function at each time step 
within the horizon 𝐻 for the nodes 𝑘 = 0 … 𝑁p−1. Its four elements are the hydrogen 
mass flow .𝑚H2  from Equation (6), the dynamic-stress proxy 𝜎  from Equation (10), the 
electrochemical efficiency deficit 1 − 𝜂ec,Fc and the control input 𝑢. The electrochemical 
efficiency 𝜂ec,Fc = 𝑈A,act/𝑈rev is the ratio of the actual cell voltage from Equation (11) to the 
reversible cell voltage 𝑈rev = 1.229 V; in contrast to the system efficiency 𝜂Fc in Equation (5), 
it depends only on the predicted cell voltage and thus penalizes operation at low cell voltage, 
i.e., at high current density, directly within the prediction model. The second term is the 
penalty for exceeding the cell voltage limits of a fuel cell, and the third term is the deviation 
of the SoC from a reference SoC value at the end of the horizon 𝑘 = 𝑁p as the terminal 
cost. Since only the SoC is given as a reference, this term describes the deviation of the 
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SoC from the reference SoC. The matrices 𝑄, 𝑌 and the variables 𝐴, 𝑊 are responsible for 
factorizing and weighting of the respective terms within the cost function. The weights, 
together with the SoC operating band, are calibration parameters: they encode the trade-
off between hydrogen consumption, fuel cell degradation, and charge sustaining and are 
therefore specific to the vehicle configuration and the operator’s preference. In contrast 
to the physical constraints in Equation (39), their numerical values are not transferable to 
another system and are not reported as such. All strategies in Section 4 were tuned for 
the same vehicle configuration and the same SoC target of SoCref = 60 %. The calibration 
parameters of all strategies, i.e., the weights of the MPC cost function, the corresponding 
parameters of the DP, and the gain of the rule-based strategy, were tuned on the VECTO 
Long Haul cycle only. The Aachen-Eifel real driving cycle serves as a transfer and validation 
case: it was simulated with the identical parameter sets, without any recalibration, so that 
the results on this cycle show whether the calibration obtained on VECTO transfers to a 
real driving profile that was not used for tuning.

Solution Procedure
The OCP defined by Equations (39) and (43) is solved at every sampling instant 

of the MPC by the SQP algorithm described in Section 3.2.1. The solution procedure is 
summarized as follows. (i) Discretization: the continuous-time OCP is transcribed by direct 
multiple shooting on 𝑁p equidistant shooting intervals of 1 s over the prediction horizon 𝐻, 
so that 𝑁p = 𝐻/1 s; the horizon length is selected in Section 4.1. The system dynamics are 
integrated on each interval with an explicit fourth-order Runge–Kutta scheme (ERK, one 
integration step per interval). The driving profile information (acceleration, velocity, and 
gradient) enters as a parameter vector 𝑝(𝑘) = (𝑎veh, 𝑣veh, 𝛼) at each shooting node. (ii) Cost 
and constraints: the cost function is implemented as an external quadratic cost with the 
elements of 𝛽(𝑘) as residuals, the cell voltage limits as soft nonlinear path constraints 
with quadratically penalized slack variables, and the state and input bounds as hard box 
constraints. (iii) SQP iteration: starting from the solution of the previous sampling instant 
(warm start), at most ten full-step SQP iterations are performed per sampling instant, using 
a Gauss–Newton Hessian approximation. Each quadratic subproblem is solved with the 
interior-point quadratic programming (QP) solver HPIPM [40]. The iteration is terminated 
when the KKT residuals of stationarity, equality, inequality, and complementarity fall below 
10−6 or when the iteration limit is reached; in the latter case the current iterate is applied, 
and the computing time analysis in Section 4 confirmed that the iteration limit was not 
active with the selected horizon. (iv) Application: only the first element 𝑢(0) = Δ𝑃FCS(0) of 
the optimal control sequence is applied; the resulting fuel cell power setpoint is transmitted 
to the FCCU as the power request of the fuel cell system. (v) Receding horizon: at the next 
sampling instant, the current states SoC, 𝑚H2

, 𝑃FCS and 𝑈decay are fed back from the plant as 
the initial condition 𝑥(0), the parameter trajectory is shifted along the driving profile, and 
steps (iii)–(iv) are repeated. The solver is generated as C code and embedded in Simulink 
(R2021b) [53] as an S-function, so that the same code base is used in the MiL environment 
and can be compiled for the target control unit.

3.2.3. Drive Cycles
The VECTO Long Haul cycle is a driving cycle for determining the 𝐶𝑂2 emissions and 

the fuel consumption of heavy-duty commercial vehicles. It is derived from the European 
Commission’s Vehicle Energy Consumption Calculation Tool (VECTO) [62]. The cycle 
represents a typical truck driving profile with constant speed sections and few start-stop 
operations over a distance of approximately 100 km with uphill and downhill gradients 
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at a maximum speed of up to 87.5 km/h. Figure 6 shows the driving profile information 
consisting of acceleration, velocity and gradient profile over the cycle time.
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Figure 6. VECTO Long Haul drive cycle velocity and slope profile (distance approx. 100 km, average 
speed 78 km/h, maximum speed 87.5 km/h).

Another cycle used to validate the MPC is a real-world driving cycle on rural roads from 
the city of Aachen through the Eifel region, referred to as the Aachen-Eifel real driving cycle 
in the following. The Eifel is an area in North Rhine-Westphalia, Germany, which provides 
an interesting cycle for comparing the MPC with the DP due to its dynamic elevation and 
velocity profile. The velocity, and gradient profile over the cycle time is shown in Figure 7.
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Figure 7. Aachen-Eifel real driving cycle velocity and slope profile (distance approx. 87 km, average 
speed 45 km/h, maximum speed 80 km/h).

3.3. Rule-Based Baseline Strategy
The rule-based (RB) strategy used as the baseline in Section 4 splits the electrical 

load demand 𝑃em between the fuel cell system and the HV battery by a fixed proportional 
control law. The fuel cell power setpoint follows the load demand, corrected by a term 
proportional to the SoC error with the gain 𝐾SoC, and is saturated to the same admissible 
range [𝑃FCS,min, 𝑃FCS,max] as in the MPC (Equation (39)); the battery covers the remaining 
difference within its power limits: 
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𝑃FCS = min( max (𝑃em + 𝐾SoC (SoCref − SoC), 𝑃FCS,min), 𝑃FCS,max), 𝑃bat = 𝑃em − 𝑃FCS. (44)

If the SoC is below its reference, the fuel cell is driven to a higher power and charges the 
battery; if it is above, the fuel cell power is reduced accordingly. The gain 𝐾SoC is a calibration 
parameter that has to be tuned specifically for the vehicle configuration and the expected 
load profile. Once set, it is fixed: the RB strategy cannot adapt its power split to the actual 
driving situation, and a gain that provides acceptable charge sustaining on one profile may 
cause the SoC to overshoot its target or the fuel cell to operate unnecessarily dynamically 
on another. In this work, 𝐾SoC is kept identical for both drive cycles. In contrast to the MPC, 
no trade-off between hydrogen consumption, battery usage, and fuel cell degradation is 
performed, and the degradation of the fuel cell is not considered at all. The RB strategy 
therefore serves as the reference for a control law without degradation awareness, whereas 
the DP provides the upper bound of the achievable performance with full knowledge of 
the driving profile.

4. Results
The fuel cell degradation reported in this section is calculated by an ECSA aging model 

integrated into the stack model described in Section 2, following established literature on 
ECSA aging [49,63–65]. Within the MPC cost function, a cyclic-operation-induced voltage 
decay is represented by the state 𝑈decay, obtained by integrating the empirically parameter-
ized decay rate (see Equation (12)) with the dynamic-stress proxy 𝜎  (see Equation (10)), 
so that the effect of power fluctuations on the voltage loss is directly penalized during opti-
mization. The resulting end-of-cycle degradation is evaluated through two complementary 
indicators based on the aging model from Thiele et al. [49]: the relative membrane thickness 
change (Δ𝛿mem) and the relative electrochemically active surface area loss (Δ𝐴ECSA). The 
results are deliberately reported as relative values only. The parameters of the aging model 
are taken from the literature and have not been validated against measurements of the stack 
considered here, so the absolute magnitudes of the degradation over a single drive cycle are 
not considered robust. Since all three strategies are evaluated with the identical plant and 
aging model on the identical driving profile, the relative comparison isolates the influence 
of the energy management strategy, which is the objective of this study. While the absolute 
changes over a single drive cycle are small, the comparison highlights a consistent trend: 
the highly dynamic RB strategy leads to the largest degradation in both indicators and on 
both cycles, whereas the MPC attains the lowest membrane thickness loss and stays close 
to the globally optimal DP in terms of ECSA loss on the VECTO cycle, which is consistent 
with the objective of smoothing the fuel cell power trajectory.

The relation between the macroscopic proxy in the controller and the microscopic 
degradation indicators of the plant deserves clarification. The MPC does not contain any 
mechanistic degradation model: 𝜎  and 𝑈decay quantify the dynamic stress of the fuel cell 
power trajectory and penalize it in the cost function, without any statement about individual 
degradation mechanisms. The membrane thickness and ECSA results reported in this 
section are, in contrast, computed by the physics-based aging model of the segmented stack 
model in the plant [49], which evaluates the local operating conditions of each segment 
and is entirely independent of the controller proxy. The plant model thus provides an 
independent evaluation of the proxy: the degradation indicators are obtained from a 
mechanistic model in which 𝜎  does not appear, so that any reduction of membrane thinning 
or ECSA loss achieved by the controller results from the effect of the penalized power 
dynamics on the local operating conditions of the stack, not from the proxy itself. The 
physical link between the two levels is well documented, as load cycling is identified as one 
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of the dominant lifetime-limiting factors of automotive PEMFC stacks and is associated with 
mechanical fatigue of the membrane through fluctuations of temperature, humidity, and 
potential as well as with the detachment and dissolution of platinum particles at the cathode 
[56,66,67]. Consistently, the most dynamic RB strategy exhibits the highest degradation 
in both indicators on both cycles. The mapping is, however, not complete. The differences 
between the MPC and the DP are dominated by the operating voltage level rather than by 
its fluctuation (see the discussion of the degradation results in Section 4.4), and voltage-
level-dependent pathways such as peroxide-induced membrane degradation and platinum 
dissolution at high potentials are not represented by 𝜎 . The proxy therefore captures 
the dynamic-operation-induced share of the degradation, which is the share the energy 
management strategy can influence, whereas the comparison of the indicators between the 
strategies is always made with the mechanistic plant model.

4.1. Computing Time Analysis
In order to evaluate how the length of the prediction horizon 𝐻 affects the computation 

time and the optimality of the results, a variation of the horizon lengths is performed and 
analyzed. Previously, the change in execution time 𝑡CPU was investigated by varying the 
maximum iteration steps, with the result that the optimum solution was achieved within 
the defined maximum SQP iteration steps in each computation step, so this consideration 
is ignored. For this purpose, a cycle similar to the VECTO Long Haul cycle is evaluated 
within the MiL for a horizon range of 50–1000 s. The considered execution time 𝑡CPU is the 
total execution time of the S-function of the OCP in Simulink per sample time (Windows 10 
desktop PC with an Intel Xeon W-2123 (Intel Corporation, Santa Clara, CA, USA) at a clock 
speed of 3.6 GHz and 64 GB RAM). The maximum computation value occurring within the 
entire cycle is used as the reference value for the analysis, as this value is more meaningful 
in terms of execution on an electronic control unit. The choice of prediction horizon has a 
direct influence on the execution time of the MPC. As the horizon increases, the optimum 
performance trajectory for each grid point is calculated for that period into the future. To 
quantify this influence, the cycle was run with the horizon lengths:

𝐻 ∈ {50 s, 100 s, 200 s, 300 s, 400 s, 500 s, 600 s, 800 s, 1000 s} (45)

Figure 8 shows the progression of the target variables as a function of the horizon 
length of the MPC. It can be seen that the maximum execution time increases as the horizon 
length increases. The maximum execution time at 500 s and 600 s falls out of the pattern 
and is less than the execution time at 400 s. From a horizon length of 800 s, the maximum 
permissible execution time of 300 ms is exceeded. This limit corresponds to the task rate at 
which the MPC S-function is scheduled within the FCCU software, i.e., the OCP is re-solved 
every 300 ms, while the plant and the remaining controller functions run in a 10 ms base 
task; the two rates are coupled by rate transition blocks. If executed on a controller, the 
MPC would run into task overruns, which must be avoided. The average execution time 
increases only slightly with increasing horizon length, but the cell voltage loss decreases 
significantly with increasing horizon length. At horizon lengths below 200 s the gradient 
of the cell voltage loss is significantly higher, thus, with regard to the cell voltage loss, a 
horizon length of at least 200 s should be chosen. It can be seen that a horizon length of 
400 s reflects a good compromise between the lowest possible maximum execution time, 
low fuel consumption, low deviation from the target SoC and cell voltage loss. As a result 
of this parameter analysis, a prediction horizon of 400 s is selected for further investigation.
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Figure 8. Effect of varying the prediction horizon length 𝐻 on the deviation from the target SoC, fuel 
consumption, cell voltage loss, and the maximum execution time of the MPC.

Execution on Rapid Control Prototyping Hardware
The execution times discussed above were measured on the desktop PC of the MiL 

environment. To verify the real-time capability on embedded hardware, the complete 
Simulink model, consisting of the control model including the FCCU with the MPC and the 
plant model, was additionally compiled for and executed on a MicroAutoBox III RCP unit 
(dSPACE GmbH, Paderborn, Germany) (DS1403 platform, Texas Instruments AM5K2E04 
with four ARM Cortex-A15 cores at 1.4 GHz and 2 GB RAM) [68]. For this purpose, the 
acados libraries were cross-compiled for the target with the dSPACE CMake toolchain and 
linked to the generated S-function as custom code. The application runs in two task rates, 
the 10 ms base task of the plant and controller models and the 300 ms MPC task. On the 
VECTO Long Haul cycle with the selected prediction horizon of 400 s and the solver settings 
of Section 3.2.1, the base task required 16.7 μs on average and 45.5 μs at maximum. The 
MPC task required 158.2 ms on average, with increasing computing time towards the end 
of the cycle, where the upper bound of the fuel cell power is ramped down towards 𝑃FCS,min
for the shooting nodes beyond the end of the cycle in order to prepare the shutdown of 
the fuel cell system. The tightened bounds increase the number of SQP iterations required 
for convergence, and the 300 ms task was exceeded in this phase when the iteration limit 
became active. The fuel cell power and SoC trajectories obtained on the RCP unit coincide 
with those of the MiL simulation.

The RCP measurements therefore confirm that the MPC with the selected horizon 
is executable within the 300 ms task on embedded hardware for the entire. Measures to 
reduce the execution time towards the end of the cycle without shortening the prediction 
horizon are relaxing the KKT tolerance, reducing the maximum number of SQP iterations 
towards a real-time iteration scheme, executing the MPC on a dedicated core of the RCP 
unit, and removing the end-of-cycle power limitation. These measures and the subsequent 
hardware-in-the-loop validation with the FCCU on the MicroAutoBox III and the plant 
model on a dSPACE SCALEXIO system [69] are the subject of ongoing work.
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4.2. MPC vs. DP
4.2.1. VECTO Long Haul Cycle

In the following, the model predictive control approach is compared to a DP with 
respect to its optimality. The DP is designed to compute an optimal SoC trajectory, taking 
into account the minimum fuel consumption and the rate of change in fuel cell system 
power. The same boundary conditions and performance constraints are applied to both the 
MPC and the DP in order to compare the results. Due to the deviation of the mathematical 
system model in the MPC and DP from the simulation model in the MiL environment, a 
balanced state of charge at the end of the driving cycle cannot be guaranteed. In order 
to be able to guarantee the comparability of the consumption results, nevertheless, the 
charge deviations in fuel consumption must be taken into account. A correction is therefore 
applied in both directions, so that all strategies are evaluated at an identical, balanced charge 
level at the end of the cycle. In the case of a positive charge deviation (SoCend < SoCstart), 
the energy missing in the battery is converted into an additional fuel mass to be applied, 
taking into account the overall efficiency, so that no artificial fuel consumption advantage is 
created. Conversely, in the case of a negative charge deviation (SoCend > SoCstart), which 
can occur, for example, due to extended recuperation during downhill driving, the surplus 
energy remaining in the battery is credited as an equivalent fuel mass and deducted from 
the consumption. Both cases are covered by the same correction rule formulated in [70] 
according to equation

𝑚H2,cor = 𝑚H2,end +
(SoCstart − SoCend) ⋅ (−𝐶batt)

𝜂Fc ⋅ 𝜂inv ⋅ 𝜂bat
⋅

1
𝐻u,H2

(46)

which adjusts the fuel mass 𝑚H2,end determined from the simulation as a function of the 
charge difference. For the fuel cell system efficiency 𝜂Fc an average efficiency from the drive 
cycle is used. The overall efficiency is the efficiency of the electrical path and includes the 
fuel cell, the inverter, and the battery.

The fuel cell system power and state of charge (SoC) trajectories of DP and MPC in 
the MiL environment using the gradient and speed profile for the VECTO Long Haul cycle 
are compared in Figure 9. The DP controller maintains a nearly constant fuel cell power of 
about 95 kW, which is close to one-third of the fuel cell’s maximum power and therefore in 
the range of the best efficiency point for fuel cell system operation. The power trajectory of 
the MPC, on the other hand, is considerably more dynamic and varies between a minimum 
of about 25 kW and a maximum of about 217 kW. These differences in power trajectories 
also affect the SoC trajectories. The DP allows a wider range of SoC to be covered compared 
to the MPC due to its knowledge of the entire driving profile.

Within the prediction horizon 𝐻 = 400 s, the MPC searches for the optimal fuel cell 
power from which the SoC trajectory is derived. It tries to achieve the target SoC at the end 
of the horizon, which is reflected in the maximum deviation of the SoC within the prediction 
horizon. The SoC of the DP reaches its minimum at 𝑡 = 1770 s and drops to a value of about 
41%. The DP thus uses 34% of the allowed SoC operating range (i.e., the permissible SoC 
band between SoCmin and SoCmax). The SoC of the MPC reaches its minimum of 51% at 
𝑡 = 1692 s and its global maximum of 66.8% at 𝑡 = 2094 s, thus using 26% of the allowed 
SoC range. From the results obtained, a SoC deviation from the desired target SoC can be 
determined for both the MPC and the DP. The MPC misses the target SoC by −1.06% and 
has a state of charge of 59.4% at the end of the cycle, while the DP ends at a state-of-charge 
of 60.6%, i.e., 0.93% above the target SoC. After correcting the fuel consumption for the 
state of charge deviation at the end of the cycle, the fuel consumption for the MPC is 7.18 kg. 
With a fuel consumption of 6.97 kg, the globally optimal DP control therefore consumes 
2.9% less hydrogen than the MPC control.
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Figure 9. Comparison of the FC system power trajectory and the SoC trajectories between the DP, 
MPC, and RB control (prediction horizon 400 s) in the MiL environment with the gradient and speed 
profile of the VECTO Long Haul cycle. While the DP tries to maintain the target SoC only at the end 
of the cycle, the MPC tries to achieve the target SoC at the end of each horizon.

4.2.2. Aachen-Eifel Real Driving Cycle
Figure 10 shows a comparison between the FC system power trajectories and the SoC 

trajectories of DP and MPC in a MiL environment using the gradient and speed profile of 
the Aachen-Eifel real driving cycle over time. The main difference between global and local 
optimal control is evident in the SoC power trajectories. The DP control, which benefits 
from global information about the driving profile, mostly performs in the range of optimal 
efficiency and minimum fuel consumption, similar to the VECTO Long Haul cycle. However, 
the DP control mostly operates in a narrow band between about 55 kW and 65 kW, with 
isolated peaks up to 95 kW due to the influence of the gradient and speed profile.

Unlike the MPC, the DP detects the high-speed section at the end of the cycle and 
charges the battery more initially, reaching a maximum SoC of 75.4% at 𝑡 = 1755 s before 
drawing it down to a minimum of 29.1% at 𝑡 = 4006 s. As a result, the DP regulates a more 
constant fuel cell power output throughout the cycle to maintain low hydrogen consumption 
and high efficiency. On the other hand, the MPC reaches a global maximum SoC of 73.1% 
at 𝑡 = 4385 s. Due to its limited knowledge of the driving cycle information according 
to the defined finite time horizon, the power output of the MPC differs from the power 
output of the DP, resulting in a more dynamic trajectory and a maximum power of 244 kW at 
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𝑡 = 3865 s. The DP uses a substantially larger part of the allowed SoC range (77%) compared 
to the MPC (43%). The final SoC of the DP control is 59.9%, which is 0.2% below the target 
SoC, and the final SoC of the MPC control is 63.6%, which is 6.1% above the target SoC. 
With respect to the total hydrogen consumption, the advantage of the global optimality of 
the DP is clearly visible. After correcting the charge deviation for the MPC and DP control 
to the target SoC, the total hydrogen consumption of the MPC is 7.65 kg, which is 10.7% 
higher than the DP’s consumption of 6.91 kg. The corrected hydrogen consumption of the 
DP, MPC, and RB strategies for both drive cycles is summarized in Figure 11a,b.
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Figure 10. Comparison of the FC system power trajectory and the SoC trajectories between the DP, 
MPC, and RB control in the MiL environment with the gradient and speed profile of the Aachen-Eifel 
real driving cycle. The green dashed line indicates the target SoC of 60%.

The magnitude of this correction according to Equation (46) deserves to be quantified. 
With a terminal SoC of 63.6%, the surplus charge of 3.6 percentage points corresponds to 
3.6 kWh of battery energy, which is credited to the MPC as 0.24 kg of hydrogen using the 
cycle-average fuel cell system efficiency of 45.8%; the uncorrected consumption of 7.90 kg 
is thus reduced by 3.1% to the reported 7.65 kg. For comparison, the correction amounts 
to 0.01 kg (0.1%) for the DP with its terminal SoC of 59.9% and to 0.63 kg (6.8%) for the 
RB strategy, which ends the cycle at 68.1%. The correction does not affect the conclusions 
drawn from the comparison: it is applied symmetrically to all strategies, the ranking DP–
MPC–RB is identical for the uncorrected and the corrected values on both cycles, and in the 
comparison with the DP it acts in favor of the MPC, which would otherwise consume 14.3% 

https://doi.org/10.3390/en19215047

https://doi.org/10.3390/en19215047


Energies 2026, 19, 5047 26 of 37

instead of 10.7% more hydrogen than the DP. Its sensitivity to the assumed conversion 
efficiency is small; evaluating the credit with the average efficiency of the DP (50.0%) instead 
of that of the MPC changes the corrected consumption by 0.02 kg or 0.3%.

DP MPC RB
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2
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8

10

12

(a) VECTO Long Haul cycle. (b) Aachen-Eifel real driving cycle.

Figure 11. Comparison of the corrected hydrogen consumption between the DP, MPC and RB strategies 
for the (a) VECTO Long Haul cycle and the (b) Aachen-Eifel real driving cycle.

The terminal deviation itself does not primarily indicate a mismatch between the 
prediction model and the plant: the same controller with the same models reaches the 
target SoC within 0.6 percentage points on the VECTO Long Haul cycle (59.4%), and since 
the states are fed back from the plant at every sampling instant, a model mismatch results 
in a bias within one horizon rather than in an error that accumulates over the cycle. On the 
Aachen-Eifel cycle, the deviation originates from the shape of the trajectory in Figure 10. 
During the uphill section between about 3400 s and 4000 s, the MPC raises the fuel cell power 
to 244 kW to cover the demand and to restore the SoC within its 400 s horizon. This power is 
reduced only gradually, because power changes are penalized by the dynamic-stress proxy, 
while the following downhill section adds recuperated energy, so that the SoC overshoots 
to 73.1% at 𝑡 = 4385 s. During the remaining approximately 2600 s, the load demand is 
low and the fuel cell operates predominantly at its lower bound 𝑃FCS,min = 25 kW from 
Equation (39), which is imposed to avoid shutdown and start-stop operation. The surplus 
can therefore only be reduced at the rate at which the load exceeds 𝑃FCS,min, from 13.1 to 
3.6 percentage points by the end of the cycle; the RB strategy, which is subject to the same 
bound, ends the cycle at 68.1% for the same reason. Two properties of the formulation 
are responsible. The terminal cost in Equation (42) penalizes the SoC deviation at the 
end of each finite horizon as a soft term and contains no cycle-wide terminal constraint, 
which would require knowledge of the remaining route that is available to the DP but 
not to the MPC, and the lower power bound restricts the discharge rate at low load. The 
offline correction thus serves to compare the consumption of the strategies at an identical 
charge level; it does not, and is not intended to, improve the closed-loop charge sustaining. 
Measures for tighter charge sustaining without extending the horizon are an integral SoC 
feedback term, an adaptive terminal weight, or, where route information is available, a 
route-based SoC reference trajectory in place of the constant SoCref (see Section 5).

Although the MPC does not reach the global optimum of the DP, it provides the power 
split in real time. In the next step the MPC is compared to a rule-based strategy.
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4.3. MPC vs. Rule-Based Strategy
4.3.1. VECTO Long Haul Cycle

In this section, the MPC is compared to a rule-based (RB) strategy with respect to fuel 
consumption and end-of-cycle fuel cell stack degradation for the VECTO Long Haul drive 
cycle. The RB strategy corrects the fuel cell power demand based on the deviation of actual 
and reference SoC, taking into account the minimum and maximum defined fuel cell power 
limitations, see Section 3.3. The results of the desired fuel cell power and the SoC trajectory 
can be seen in Figure 9. Due to the penalization of the SoC deviation in the RB strategy, 
the power trajectory of the fuel cell is very dynamic, with high power peak demands to 
minimize the deviation at all times. The power output varies between a minimum of about 
25 kW and a maximum of 254.6 kW at 𝑡 = 1739 s. This can also be seen in the trajectory of 
the SoC with a global minimum SoC of 54.7% at 𝑡 = 1692 s and a maximum SoC of 66.3% 
due to recuperation at about 𝑡 = 2093 s. Due to the non-predictive characteristic of the RB 
strategy and the braking process at the end of the cycle, a final SoC above the target SoC of 
60% is achieved. The final SoC of the RB strategy is 63.9%, which is 6.4% above the target 
SoC. After correcting the fuel consumption for the state of charge deviation at the end of 
the cycle, the total hydrogen consumption of the RB strategy is 7.67 kg, which is 6.9% higher 
than the MPC’s consumption of 7.18 kg.

The end-of-cycle fuel cell degradation is evaluated via the relative membrane thickness 
change (Δ𝛿mem) and the relative electrochemically active surface area loss (Δ𝐴ECSA), based 
on the aging model from Thiele et al. [49] and normalized to the DP strategy in Figure 12a. 
For the VECTO cycle, the dynamic RB strategy exhibits the highest degradation, with a 
membrane thickness loss 4.2% and an ECSA loss 4.2% above the DP level. The MPC, by 
contrast, remains close to the globally optimal DP, with a membrane thickness loss 2.1% 
below and an ECSA loss only 1.8% above the DP level, reflecting its smoother fuel cell power 
trajectory. The corresponding comparison for the Aachen-Eifel real driving cycle is shown 
in Figure 12b.

DP MPC RB DP MPC RB

(a) VECTO Long Haul cycle. (b) Aachen-Eifel real driving cycle. 

Figure 12. Comparison of the relative membrane thickness (Δ𝛿mem) and the relative electrochemically 
active surface area (Δ𝐴ECSA) at the end of the cycle between the DP, MPC, and RB strategies for the 
(a) VECTO Long Haul cycle and the (b) Aachen-Eifel real driving cycle.
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4.3.2. Aachen-Eifel Real Driving Cycle
In this section, the MPC is compared to a rule-based (RB) strategy with respect to 

fuel consumption and end-of-cycle fuel cell stack degradation for the Aachen-Eifel real 
driving cycle. The results of the desired fuel cell power and the SoC trajectory can be seen 
in Figure 10. Due to the more dynamic elevation and velocity profile, this is also reflected in 
the power output of the RB strategy, with more fuel cell power peaks to minimize the SoC 
deviation at all times. This can also be seen in the trajectory of the SoC with a maximum 
charge deviation down to an SoC of 48.6%. The SoC reaches a maximum value of about 
74.4% at 𝑡 = 5338 s. The final SoC of the RB strategy is 68.1%, which is 13.5% above the 
target SoC. After correcting the charge deviation for the RB strategy to the target SoC, the 
total hydrogen consumption is 8.75 kg, which is 14.3% higher than the MPC’s consumption 
of 7.65 kg. The same trend is observed for the Aachen-Eifel real driving cycle in Figure 12b. 
The RB strategy again shows the highest degradation, with a membrane thickness loss 
3.5% and an ECSA loss 4.1% above the DP level. The MPC attains the lowest membrane 
thickness loss of all three strategies, 9.1% below the DP level, but reaches an ECSA loss of 
4.1% above the DP level. Owing to its smoother power trajectory, the MPC therefore avoids 
the additional membrane degradation caused by the highly dynamic operation of the RB 
strategy, whereas in terms of ECSA loss the MPC and the RB strategy are practically on the 
same level on this cycle.

4.4. Discussion
As shown in Figure 12, the DP achieves the lowest ECSA loss of the three strategies, 

whereas the MPC exhibits the lowest membrane thickness loss. This can be explained by the 
fact that the DP predominantly operates at a highly efficient, low-current operating point 
and therefore at a comparatively high cell voltage, whereas the MPC, due to its limited 
prediction horizon, more frequently commands higher load points, i.e., lower cell voltages, 
in order to reach the target SoC at the end of each horizon. Since the formation rate of 
hydrogen peroxide and the resulting chemical, voltage-dependent membrane degradation 
(e.g., via the associated fluoride release rate) is known to increase with cell voltage [71], 
higher operating voltages tend to accelerate membrane degradation. This voltage-dependent 
chemical degradation pathway is not implemented in the fuel cell model used within the 
hybrid energy management system in order to limit modeling complexity (see [72] for a 
broader discussion of prescriptive lifetime management approaches for PEMFC systems). 
This explains why the DP, despite its higher operating efficiency, does not also achieve the 
lowest membrane thickness loss. It should be noted that, as a first step, the aging models 
used in this work have only been checked for plausibility and have not yet been validated 
against real measurement data.

To assess the transferability of these findings to a different driving profile, all three 
hybrid strategies were additionally evaluated on the more dynamic Aachen-Eifel real driving 
cycle (cf. Figures 11b and 12b). The qualitative trends observed for the VECTO Long Haul 
cycle are confirmed: the DP and the MPC end the cycle close to the target SoC, whereas the 
non-predictive RB strategy overshoots it by 13.5%, and the ranking of the aging indicators 
follows the same pattern as for the VECTO cycle. However, the results also reveal that the 
advantage of the DP over the MPC becomes more pronounced under the more dynamic 
load profile of the Aachen-Eifel cycle, whereas the MPC achieves a closer approximation of 
the DP’s global optimum on the comparatively steadier VECTO Long Haul cycle.

Regarding applicability to a degraded stack, the methodology remains applicable as 
long as the MPC prediction model is updated to the actual stack condition. In practice, 
this can be achieved by (i) initializing the degradation-related state 𝑈decay (and/or SoH) 
to the current value and (ii) updating the polarization-curve-based voltage model (and, 
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if necessary, the efficiency/BoP maps) to reflect the degraded performance. The OCP 
structure, constraints, and real-time implementation remain unchanged; only the model 
parameters and initial conditions need to be adapted. With respect to different powertrain 
designs, the proposed control strategy is flexible because the OCP formulation is based 
on generic power and energy balances, component maps, and constraints. A change in 
component sizing (e.g., stack rated power, battery capacity, DC/DC limits, or auxiliary 
sizing) primarily affects the steady-state maps (fuel cell efficiency, BoP power) and the 
admissible operating region (power and SoC constraints), while the MPC structure and real-
time implementation remain unchanged. This also makes the approach suitable as a control 
layer in co-optimization environments: additional objectives (e.g., thermal limits, operating 
cost, or mission-level constraints) and updated component models can be integrated by 
extending the stage cost and constraints without changing the underlying solver workflow. 
Finally, the general MPC/OCP framework is not restricted to heavy-duty road transport and 
can be adapted to other application domains (e.g., aviation) by replacing the vehicle/mission 
model, updating constraints and safety requirements, and using domain-specific fuel cell 
system models.

By smoothing the fuel cell power trajectory, the MPC deliberately shifts the load 
dynamics to the HV battery. This raises the question of battery degradation under frequent 
charge–discharge cycling and high C-rates, which is driven by mechanisms such as the 
growth of the solid electrolyte interphase (SEI), lithium plating and particle cracking [73]. 
In energy management studies, battery aging is commonly represented by semi-empirical 
Ah-throughput models that scale the capacity loss with C-rate and temperature [74,75]. 
Hu et al. [76] extended an MPC for a fuel cell hybrid bus by both fuel cell and battery 
degradation costs and found the battery degradation cost to be the smallest of the three cost 
terms, well below the hydrogen and fuel cell degradation costs, although it increased on 
hilly routes with frequent battery use. The present work focuses on the fuel cell system and 
therefore does not include a battery aging model; the results quantify the fuel-cell-related 
potential of the MPC and do not claim optimality with respect to the total cost of ownership. 
Since the stage cost of the OCP is generic, a battery state-of-health term based on such 
an Ah-throughput model can be added without changing the solver workflow, and the 
resulting trade-off between fuel cell and battery aging is a natural extension of this work.

A further simplification concerns the nature of the voltage loss represented by 𝑈decay. 
Measured voltage losses of PEMFC stacks comprise an irreversible part and a reversible part 
that recovers during shutdown, start-stop, low-load, and open-circuit phases, and recent 
lifetime prediction approaches separate both contributions [77]. The degradation proxy of 
this work does not make this distinction. This is justified by the considered horizon: each 
of the two drive cycles covers a single continuous trip of 1.3–1.9 h in which the fuel cell 
system is kept running above 𝑃FCS,min (see Equation (39)) and no shutdown, start-stop, or 
open-circuit events occur, i.e., the operating conditions to which the recovery of reversible 
losses is coupled are absent by design. Within this horizon, the proxy therefore penalizes 
dynamic operation as a driver of the irreversible mechanical and chemical degradation 
pathways that are evaluated in Figure 12, and no reversible share is penalized in excess.

Finally, the stack temperature is not a state of the controller model, although the 
durability of PEMFC stacks is known to be temperature-sensitive and adaptive, temperature-
dependent SoH characteristics have been proposed to exploit this sensitivity [78]. This 
reflects the control hierarchy of the vehicle rather than a neglect of thermal effects. The MPC 
presented here is a supervisory energy management at the vehicle level: it decides on the 
power split between the fuel cell system and the battery. The thermal management of the 
stack is the task of the subordinate control loops of the FCCU at the fuel cell system level, 
which regulate the stack temperature to its set point via the coolant circuit (Section 2). At 

https://doi.org/10.3390/en19215047

https://doi.org/10.3390/en19215047


Energies 2026, 19, 5047 30 of 37

the vehicle level, the stack temperature is therefore a controlled quantity and not a degree 
of freedom of the power split, and the isothermal controller model is consistent with this 
separation. The thermal behavior is nevertheless contained in the plant model, whose 
segmented thermal model resolves the actual stack temperature and its effect on the local 
operating conditions, so that the evaluation of the strategies is not isothermal.

5. Conclusions
In this work, a degradation-aware nonlinear MPC was developed that computes the fuel 

cell power trajectory of a heavy-duty fuel cell truck by solving an OCP with the open-source 
software package acados in MATLAB Simulink, with the hydrogen consumption, a dynamic-
stress proxy of the fuel cell power, the electrochemical efficiency, and the terminal SoC 
deviation as cost terms. Based on a parameter analysis of the prediction horizon, a horizon 
of 400 s was identified as the compromise between execution time, hydrogen consumption, 
deviation from the target SoC and cell voltage loss. The MPC was implemented in a model-in-
the-loop environment and evaluated on the VECTO Long Haul cycle and the Aachen-Eifel 
real driving cycle against a globally optimal DP as the upper bound of the achievable 
performance and against a rule-based strategy that does not account for degradation.

On the VECTO Long Haul cycle, the DP consumes 2.9% less hydrogen than the MPC; on 
the more dynamic Aachen-Eifel real driving cycle, the MPC consumes 10.7% more hydrogen 
than the DP. The advantage of the global optimum thus becomes more pronounced under 
dynamic load profiles, whereas the MPC closely approaches the DP on the steadier long-haul 
profile. Compared with the MPC, the RB strategy consumes 6.9% (VECTO Long Haul) and 
14.3% (Aachen-Eifel) more hydrogen. The MPC ends the cycles at −1.06% (VECTO Long 
Haul) and +6.1% (Aachen-Eifel) of the target SoC, whereas the non-predictive RB strategy 
overshoots the target by 6.4% and 13.5%, respectively. By penalizing the power gradient in 
the cost function, the MPC avoids large power fluctuations of the fuel cell system and thereby 
reduces the end-of-cycle degradation relative to the RB strategy: on the VECTO Long Haul 
cycle, the membrane thickness loss and the ECSA loss of the MPC are 6.1% and 2.3% lower 
than those of the RB strategy; on the Aachen-Eifel real driving cycle, the membrane thickness 
loss is 12.2% lower, whereas the ECSA loss of both strategies is practically identical. The 
DP attains the lowest ECSA loss of the three strategies, whereas the MPC attains the lowest 
membrane thickness loss, because the DP operates predominantly at high cell voltage, 
where the voltage-dependent chemical membrane degradation is accelerated. The real-time 
capability of the approach was verified on a dSPACE MicroAutoBox III: with the selected 
horizon of 400 s, the MPC task requires 158.2 ms on average within its 300 ms task; the 
execution time increases only in the terminal phase of the cycle with tightened power 
bounds, and the closed-loop trajectories coincide with those of the MiL simulation.

The degradation term of the MPC is based on a dynamic-stress proxy of the fuel cell 
power trajectory, which drives an empirically parameterized cell voltage decay within the 
controller, whereas the ageing assessment of the strategies relies on the membrane thickness 
and ECSA losses of the physics-based aging model of the plant. The degradation results are 
therefore to be read as a relative comparison of the strategies on an identical plant and aging 
model, whose parameters are taken from the literature and have not yet been validated 
against measurements of the stack considered; the empirical decay coefficient of the proxy 
is used without recalibration, which affects the controller-internal voltage decay but neither 
the optimization result nor the reported degradation indicators.

For real driving, where the speed profile cannot be followed exactly, telemetry data 
and a predictive driving profile model, e.g., a Markov chain model, would have to provide 
the profile information to the MPC. For multi-day missions with parking and start-stop 
phases, the degradation proxy should further be extended to distinguish reversible from 
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irreversible voltage losses, so that the recovery of reversible losses is not penalized by the 
controller. Beyond the vehicle-level power split considered here, a coordination with the 
control at the fuel cell system level, e.g., by a temperature-dependent weighting of the 
degradation term or by passing the thermal state of the stack to the MPC, is a further step 
towards a durability-oriented control of the complete fuel cell powertrain. For tighter charge 
sustaining on routes with pronounced elevation changes, where the terminal SoC of the 
MPC deviated by 3.6 percentage points from its target on the Aachen-Eifel cycle, an integral 
SoC feedback term, an adaptive terminal weight, or a route-based SoC reference trajectory 
can be added to the OCP without changing the solver workflow.
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Nomenclature
 The following symbols are used in this manuscript. Subscripts min, max, ref, act, and 0 denote 
minimum, maximum, reference, actual, and initial values, respectively; the subscripts BoL and EoL 
refer to the beginning and the end of life of the fuel cell stack.

𝑎v vehicle acceleration m s−2

𝑎0 … 𝑎6 coefficients of the electrical machine loss map –
𝐴 weighting of the terminal cost (Equation (42)) –
𝐴proj projected frontal area of the vehicle m2

𝑐w aerodynamic drag coefficient –
𝐶bat, 𝐶cell capacity of the battery pack and of a single cell Ah
𝐶batt energy content of the battery (H2 correction) kWh
𝑓r rolling resistance coefficient –
𝐹 Faraday constant C mol−1

𝐹air, 𝐹r, 𝐹g, 𝐹a, 𝐹t
aerodynamic, rolling, grade, acceleration and total driv-
ing resistance N

𝑔 gravitational acceleration m s−2

𝐺 weighting matrix of the slack variables –
𝐻 prediction horizon s
𝐻u,H2

lower heating value of hydrogen J kg−1

𝐼St stack current A
𝐼bat,act battery pack current (positive when discharging) A
𝐽 cost function of the OCP –
𝑘 discrete time index within the horizon –
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𝑚v vehicle mass kg
𝑚H2

, .𝑚H2
consumed hydrogen mass and hydrogen mass flow kg, kg s−1

𝑀H2
molar mass of hydrogen kg mol−1

𝑛em rotational speed of the electrical machine min−1

𝑛bat,ser, 𝑛bat,par number of battery cells in series and parallel –
𝑁p number of shooting nodes in the prediction horizon –
𝑃FC gross power of the fuel cell stack W
𝑃FCS net power of the fuel cell system W

Δ𝑃FCS
rate of change of the fuel cell system power (control input 
𝑢) W s−1

𝑃BoP power of the balance-of-plant auxiliaries W
𝑃bat, 𝑃bat,act battery power W
𝑃em, 𝑃emloss

power and power loss of the electrical machine W
𝑃t, 𝑃prop traction power at the wheel and propulsion power W
𝑃el net electrical output power of the fuel cell system W

𝑄, 𝑌, 𝑊 weighting and scaling of the stage cost and of the termi-
nal cost –

𝑅int, 𝑅int,dis, 𝑅int,chr
internal resistance of the pack, of a cell when discharging 
and when charging Ω

SoC state of charge of the battery –
SoH state of health of the fuel cell stack –
𝑡, 𝑡CPU time and execution time of the OCP solver s
𝑇bat battery temperature ∘C
𝑇em torque of the electrical machine N m
𝑢 control input of the OCP W s−1

𝑢decay, 𝑈decay cell voltage decay rate and accumulated cell voltage decay V s−1, V
𝑢OCV, 𝑈OCV open circuit voltage of a battery cell and of the pack V

𝑈A, 𝑈A,act, 𝑈A,BoL, 𝑈A,EoL
cell voltage (working voltage) and its actual, beginning-of-
life and end-of-life values V

𝑈N, 𝑈rev Nernst voltage and reversible cell voltage V
Δ𝑈, Δ𝑈Act, Δ𝑈Ohm, 
Δ𝑈Conc

total, activation, ohmic and concentration voltage losses V

𝑈St stack voltage V
𝑈bat,act terminal voltage of the battery pack V
𝑣, 𝑣act vehicle velocity m s−1

𝑥 state vector of the OCP –
𝑧 number of electrons transferred per reaction –
𝛼 road slope angle rad
𝛽(𝑘) vector of stage cost terms –
𝛿mem, Δ𝛿mem membrane thickness and its relative change m, %
Δ𝐴ECSA relative loss of electrochemically active surface area %
𝜖1, 𝜖2 slack variables of the cell voltage constraints V

𝜂Fc, 𝜂ec,Fc
system efficiency and electrochemical efficiency of the 
fuel cell –

𝜂inv, 𝜂gb, 𝜂dif, 𝜂dcdc,Fc, 𝜂bat
efficiencies of inverter, gearbox, differential, fuel cell DC/DC 
converter, and battery –

𝜌air air density kg m−3

𝜎 , 𝜎MPC dynamic-stress proxy of the fuel cell power –

Abbreviations
 The following abbreviations are used in this manuscript:

ACL Anode Catalyst Layer
A-ECMS Adaptive Equivalent Consumption Minimization Strategy
BoL Beginning of Life
BoP Balance of Plant
CCL Cathode Catalyst Layer
CU Control Unit
DC Direct Current
DP Dynamic Programming
ECMS Equivalent Consumption Minimization Strategy
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ECSA Electrochemically Active Surface Area
EF Equivalence Factor
EM Electrical Machine
EMS Energy Management Strategy
EoL End of Life
ERK Explicit Runge–Kutta
ESS Energy Storage System
EV Electric Vehicle
FC Fuel Cell
FCCU Fuel Cell Control Unit
FCEV Fuel Cell Electric Vehicle
FL Fuzzy Logic
GDL Gas Diffusion Layer
HCU Hybrid Control Unit
HDV Heavy-Duty Vehicle
HPIPM High-Performance Interior-Point Method
HV High-Voltage
HWFET Highway Fuel Economy Test
KKT Karush-Kuhn-Tucker
LB Learning-Based
MEA Membrane Electrode Assembly
MiL Model-in-the-Loop
MPC Model Predictive Control
MPL Micro-Porous Layer
NOP Nonlinear Optimization Problem
OB Optimization-Based
OCP Optimal Control Problem
OCV Open Circuit Voltage
PEMFC Proton Exchange Membrane Fuel Cell
PI Proportional-Integral
PMP Pontryagin’s Minimum Principle
QP Quadratic Programming
RB Rule-Based
RCP Rapid Control Prototyping
RHC Receding Horizon Control
RL Reinforcement Learning
SC Supercapacitor
SDP Stochastic Dynamic Programming
SEI Solid Electrolyte Interphase
SoC State of Charge
SoH State of Health
SQP Sequential Quadratic Programming
VECTO Vehicle Energy Consumption Calculation Tool
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