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Health-Aware Equivalent Consumption Minimization Strategy for Fuel Cell Hybrid
Electric Vehicles
JIAYAO CHEN
ARVID LARSSON
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Fuel cell hybrid electric vehicles (FCHEVs) are gaining increasing attention as the
transition toward sustainable mobility accelerates. One of the key challenges in the
application of FCHEVs is to achieve an optimal power split between the fuel cell
and the battery. Traditional energy management strategies mainly focus on mini-
mizing energy consumption. However, from a life-cycle perspective, the degradation
of system components also has a significant impact on overall efficiency.

This thesis proposes a health-aware equivalent consumption minimization strategy
that considers both fuel consumption and component degradation. The degradation
related costs are incorporated into the traditional cost function, which otherwise ac-
counts only for hydrogen consumption. An analytical solution is then developed to
obtain the optimal solution for the control problem. To reduce the computational
complexity and make the cost function differentiable, Taylor expansion is employed
and the cost function is reformulated as a piecewise quadratic function.

The proposed method is implemented and evaluated within Volvo’s Global Simu-
lation Platform, enabling system-level validation under representative driving con-
ditions. The simulation results show that the proposed method can significantly
mitigate fuel cell degradation, with an acceptable increase in battery degradation
and fuel consumption. Meanwhile, the charge sustaining performance and drivabil-
ity are largely preserved.

Keywords: fuel cell hybrid electric vehicles, equivalent consumption minimization
strategy, degradation, health-aware.
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1
Introduction

The demand for converting and generating energy is a human necessity. Fossil fuels
are a common source for fulfilling this demand. One of the biggest challenges asso-
ciated with fossil fuels is climate change caused by their combustion. Furthermore,
fossil fuel resources are finite and non-renewable, whereas global energy demand con-
tinues to increase with the development of modern society. These issues highlight
the need for sustainable and inexhaustible energy alternatives.
As vehicles are one of the largest consumers of fossil fuels, the automotive industry
is undergoing a rapid transition toward sustainable powertrain solutions in recent
years. Batteries and fuel cells are two key components that are increasingly used in
this transition process [1][2].
While batteries and fuel cells offer significant benefits in reducing carbon emissions,
they also have inherent drawbacks. For battery electric vehicles, driving range re-
mains a key concern for consumers [3][4]. In addition, the relatively long charging
time further increases range anxiety [5]. But increasing energy density relies on
advances in battery technology; however, higher energy density is often associated
with increased safety risks and higher costs, resulting in a complex trade-off between
performance, cost, and safety [6][7].
A fuel cell is an electrochemical device that converts chemical energy into electrical
energy. Fuel cells and batteries share a similar structural configuration, consisting
of anode, cathode, and electrolyte. However, unlike batteries, where reactants are
stored internally, a typical proton exchange membrane fuel cell operates continuously
with hydrogen supplied to the anode and oxygen to the cathode. The membrane
allows only protons to pass through while forcing electrons to flow through an ex-
ternal circuit, thereby generating current. In addition, platinum-based catalysts are
typically used to accelerate the reaction, which increases the system cost of the fuel
cell [8][9].
With the development of hydrogen refueling infrastructure, range anxiety in fuel cell
vehicles can be mitigated. However, due to limitations in gas transport dynamics,
fuel cells exhibit relatively slow transient responses [10][11]. As a result, integrating a
battery as an energy buffer becomes necessary. Such fuel cell hybrid electric vehicles
(FCHEVs) are attracting increasing attention in both research and industry.

1.1 Background
FCHEVs use fuel cells as the main power source and batteries as an auxiliary device
that stores regenerated energy and provides peak power [12]. Fuel cells are most
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1. Introduction

efficient at partial load and operate best under stable conditions [13], whereas the
battery can supply high current to compensate for the fuel cell’s dynamic limitations.

To obtain an optimal power split between fuel cells and batteries under different driv-
ing conditions, an energy management strategy is essential. Existing energy manage-
ment systems (EMSs) can be mainly divided into rule-based and optimization-based
EMSs [14]. Rule-based EMSs are designed based on human expertise and rely on
identifying efficient operating points. Generally, rule-based EMSs are easy to imple-
ment in real-time applications, but achieving optimal performance is difficult [12].
Optimization-based EMSs can be further divided into global and real-time optimiza-
tion strategies. Global optimization strategies obtain optimal solutions by solving
for a cost function over a known driving cycle, whereas real-time strategies operate
based on instantaneous or predicted driving conditions.

Due to increasing requirements in real FCHEV applications, existing EMS func-
tionalities need to be further refined and enhanced. Traditional approaches mainly
focus on minimizing energy consumption and often overlook long-term component
degradation. From a life-cycle perspective, improving system durability also plays
an important role in enhancing overall efficiency [15]. Therefore, a central challenge
in this field is the development of energy management strategies that optimize both
fuel economy and the longevity of key components, such as fuel cells and batteries.

Energy efficiency should not be regarded as the sole optimization objective; the lifes-
pans of powertrain components—particularly the fuel cell system (FCS) and energy
storage system (ESS)—must be preserved. Additionally, the charge sustainability
of the ESS, typically measured by the state of charge (SOC), should be maintained
within an appropriate range to ensure reliable operation [16]. Furthermore, decou-
pling transient power flows between the FCS and ESS provides greater flexibility for
optimization, enabling more balanced performance outcomes.

1.2 Literature review
Managing energy in a hybrid vehicle involves deciding, at each instant, the amount of
power drawn from each energy source [17]. Control of a hybrid vehicle can be divided
into two levels: component-level control and supervisory control. Component-level
control governs elements such as the engine, electric motor, generator, transmis-
sion, and brakes, ensuring accurate and safe operation. In contrast, supervisory
control—also referred to as the EMS—determines how energy should be used at
each moment. For example, it decides how power is split between the fuel cell and
battery, minimizes fuel consumption, and maintains the battery SOC within a safe
range.

To address the energy management problem mentioned in Section 1.1, various
health-aware strategies have been developed. Based on their decision-making mech-
anisms, these strategies can be classified into rule-based, optimization-based, and
learning-based approaches.
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1. Introduction

1.2.1 Rule-based strategies
Rule-based strategies are among the most commonly used approaches in hybrid ve-
hicle applications. These strategies rely on predefined control rules to determine
the control action at each instant [18]. The rules are typically derived from engi-
neering experience rather than explicit optimization [19]. Examples include using
the primary energy source when the battery SOC falls below a lower threshold, and
enabling pure electric mode when the SOC exceeds an upper threshold.

Overall, rule-based strategies are easy to implement [20], and their low computa-
tional burden makes them suitable for real-time control. However, defining effective
rules and thresholds is challenging, and the resulting solution is likely not optimal.

1.2.2 Optimization-based strategies
Optimization-based strategies formulate the energy management problem as an op-
timization problem, minimizing a predefined cost function where system dynamics
and constraints are incorporated into the model.

These strategies can be divided into offline and online methods. Offline methods,
such as dynamic programming, can provide globally optimal solutions. However,
they require prior knowledge of the entire driving cycle, making them unsuitable for
real-time implementation. In addition, their high computational complexity leads
to time-consuming calculations [21].

To meet real-time requirements, various online optimization methods have been de-
veloped. Among them, Pontryagin’s Minimum Principle (PMP) and the Equivalent
Consumption Minimization Strategy (ECMS), which can be regarded as a realization
of PMP, are among the most important approaches [17]. These methods transform
the global optimization problem into a local one by minimizing an instantaneous
cost function, and they have been widely applied in hybrid vehicle applications.

ECMS is a commonly used approach for real-time energy management in FCHEVs
[22]. By means of an equivalence factor, traditional ECMS minimizes the equivalent
energy consumption, defined as the sum of actual hydrogen consumption by the FCS
and the equivalent electrical energy consumption of the ESS. By adding degradation
related factors into the cost function, ECMS can be adapted to health-aware ECMS.

A detailed introduction to PMP and ECMS theory will be provided in Chapter 2.

1.2.3 Learning-based strategies
In contrast to rule-based and optimization-based strategies, learning-based approa-
ches do not rely on explicit system models or expert knowledge. Instead, machine
learning techniques are used to learn and adapt energy management strategies based
on historical and real-time data [23]. Common approaches include reinforcement
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1. Introduction

learning, clustering methods, and neural network-based techniques.

At present, learning-based strategies remain challenging to implement in real-world
vehicle applications. Constructing effective datasets is time-consuming [24], and
training models requires significant computational resources. Consequently, their
application in hybrid vehicles is still limited.

1.2.4 Existing solutions
Sahwal et al. [25] propose an Advanced ECMS that reformulates the cost function.
The novel cost function includes a modified equivalence factor accounting for multi-
ple health-critical factors: battery and fuel cell temperature, degradation of fuel cell
due to low power and high power operation, number of starts and stops of fuel cell,
and transient loading. Furthermore, a fuzzy logic controller is developed to adap-
tively vary the weights for each sub-component during run time, thereby increasing
or decreasing the component’s importance during optimization. Simulation results
show that both at urban and highway driving conditions, Advanced ECMS presents
better performance at reducing fuel consumption and degradation.

In [26], Jia et al. propose a learning-based model predictive (L-MPC) energy man-
agement system for a fuel cell hybrid electric bus with health awareness. The pro-
posed L-MPC system performs better than MPC over long prediction horizons.
When compared to a reinforcement learning algorithm called TD3, L-MPC was
very effective in saving hydrogen fuel consumption, slowing down battery aging and
reducing fuel cell degradation. L-MPC could also, when compared to MPC and
TD3, save on hydrogen cost, battery use cost and total operating cost.

1.3 Purpose
This thesis was conducted in collaboration with Volvo Group. The ECMS frame-
work developed by Volvo Group serves as the basis for the work presented in this
thesis.

The aim of the thesis project is to study enhanced ECMS for real-time energy
management in FCHEVs. The objective is to critically evaluate existing health-
conscious and adaptive ECMS-based approaches, benchmark their performance, and
explore innovative enhancements. Emphasis will be placed on strategies that address
not only fuel consumption but also the health and degradation of energy sources.

1.4 Research questions
The research questions posed for this thesis are as follows:

• How can the ECMS framework be reformulated to incorporate degradation
effects in fuel cell hybrid vehicles?

4



1. Introduction

• Can the resulting non-linear and non-differentiable optimization problem be
solved analytically for real-time implementation, and if so, how?

• What impact does the proposed health-aware strategy have on energy effi-
ciency and degradation compared to conventional ECMS methods?

1.5 Limitations
The basic verification method for this research is model-based simulation, and ex-
perimental validation is outside the scope of the thesis. Also, the model used for
simulation is based on Volvo’s Global Simulation Platform (GSP). Detailed electro-
chemical degradation mechanism of FCS and ESS is not explicitly modeled.

As mentioned in Section 1.2 there are already multiple different existing health-
conscious EMSs. This thesis focuses mainly on real-time optimization strategies,
particularly ECMS solutions.

This thesis focuses on real-time power or torque split between FCS and ESS. Future
speed or torque demand prediction is not considered in the energy management pro-
cess. As a result, the strategy may be less effective at saving hydrogen consumption
and reducing degradation than prediction-based energy management strategies.

5
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2
Theory

This chapter presents the necessary theory for understanding energy management
strategies investigated in this thesis. First, the fundamental principles of a fuel cell
hybrid vehicle are introduced, followed by a review of energy management strategies,
with focus on ECMS. The chapter ends with relevant concepts within component
degradation.

2.1 The optimal control problem
In general, the energy management problem in a hybrid vehicle can be formulated as
a finite-horizon optimization problem [17]. Its solution can be obtained using opti-
mal control theory techniques, which aim to determine a control law that optimizes
a specified performance criterion, typically expressed as an integral cost function
over the considered time interval.

A general optimal energy management problem in a hybrid electric vehicle can be
formulated as

J =
∫ tf

t0
ṁf (u(t), t)dt, (2.1)

where ṁf is the mass flow rate of fuel in [g/s], tf is the length of the trip, t0 = 0
is the starting time [17]. The integral J is minimized so that the optimal control
input u(t) can be found, which is equivalent to minimizing the fuel consumption
ṁf . From system dynamics with x(t) = SOC and u(t) = Pbat (battery power) the
following general formula is given

ẋ = f(x(t), u(t)). (2.2)

This general optimization problem is subject to both local (instantaneous) and global
(integral) constraints. A global constraint is that the final SOC value x(tf ) should
reach a predefined target xtarget

x(tf ) = xtarget, (2.3)

or

x(tf ) − xtarget = ∆x = 0. (2.4)

7



2. Theory

As mentioned, there are also local constraints on both the state and control variables.
The constraints on the states make sure that the SOC remains within a certain
maximum and minimum value. On the other hand, local constraints on the control
variables make sure that the physical operation limits are met. Generally the local
constraints are

SOCmin ≤ SOC ≤ SOCmax

Pbat,min ≤ Pbat ≤ Pbat,max

Tx,min ≤ Tx ≤ Tx,max

ωx,min ≤ ωx ≤ ωx,max

(2.5)

where the two last ones are the limit on the motor torque and motor speed. Fi-
nally the optimal control problem is to find the optimal control u∗ such that the
cost function (2.1) is minimized and the constraints in (2.2), (2.3) and (2.5) are met.

The optimal control problem can also be formulated using soft rather than hard
constraints on the final target value x(tf ), using the system dynamics as in (2.2),
but with the following performance measure instead

J = ϕ(x(tf )) +
∫ tf

t0
ṁf (u(t), t)dt, (2.6)

where ϕ(x(tf )) is a penalty function, the function of which is to bring the final value
as close as possible to the target value. The performance index (2.6) can be written
more generally as

J = ϕ(x(tf )) +
∫ tf

t0
L(x(t), u(t), t)dt, (2.7)

where L is a the cost function, in which several objectives can be combined. For
instance fuel consumption and battery aging. The optimal control problem in this
case, is choosing the control input u : [t0, tf ] 7→ Rp so that (2.7) is minimized
under dynamic, local, and global constraints. The constraints on the states can be
generally expressed as the set of admissible states were G(x, t) ≤ 0 hold, i.e.

Ωx(t) = {x ∈ X⋉|G(x, t) ≤ 0}, (2.8)

with G(x, t) : Rn+1 7→ Rm being the set of m inequalities that the state vector must
satisfy. Both the admissible states and controls are then defined as

x(t) ∈ Ωx(t)
u(t) ∈ U(t),

∀t ∈ [t0, tf ] (2.9)

where U(t) is the set of admissible control values at time t. Finding the optimal
control u∗ such that (2.7) is minimized, and (2.2) and (2.9) are satisfied is called
the constrained finite time-horizon optimal control problem.

8



2. Theory

2.2 Solving the optimal control problem
In the following chapters, different methods for solving the optimal control problem
will be presented and discussed.

2.2.1 Pontryagin’s Minimum Principle
Pontryagin’s Minimum Principle (PMP) forms a set of necessary optimality condi-
tions [17]. Any control law u(t) that satisfies these conditions is referred to as an
extremal. Since the minimum principle establishes only necessary conditions, any
optimal solution, when it exists, must correspond to an extremal control; however,
not every extremal control is optimal.

For the constrained finite time-horizon optimal control problem discussed in Section
2.1, the Hamiltonian is the scalar

H(x(t), u(t), λ(t), t) = L(x(t), u(t), t) + λ(t)⊤ · f(x(t), u(t), t), (2.10)

where f(x(t), u(t), t) is the system dynamics, L(x(t), u(t), t) is the cost and λ(t)
is the vector of optimization variables, or co-states, having the same dimension as
x(t). According to PMP, if u∗ is the optimal control law for the constrained finite
time-horizon optimal control problem, then the following conditions are satisfied:

1. States and co-states:

ẋ∗(t) = ∂H

∂λ

∣∣∣∣∣
u∗(t)

= f(x∗(t), u∗(t), t) (2.11)

λ̇
∗(t) = − ∂H

∂x

∣∣∣∣∣
u∗(t)

= h(x∗(t), u∗(t), λ∗(t), t) = (2.12)

= −∂L

∂x
(x∗(t), u∗(t), t) − λ∗(t) ·

[
∂f

∂x
(x∗(t), u∗(t), t)

]⊤

x∗(t0) = x0 (2.13)
x∗(tf ) = xtarget (2.14)

2. u∗(t) globally minimizes the Hamiltonian:

H(u(t), x∗(t), λ∗(t), t) ≥ H(u∗(t), x∗(t), λ∗(t), t) ∀u(t) ∈ U(t), ∀t ∈ [t0, tf ],
(2.15)

or in other words the optimal solution u∗(t) is

u∗(t) = arg min
u(t)∈U(t)

H(u(t), x(t), λ(t), t). (2.16)

To also guarantee that the states respect local constraints and are within Ωx(t)
at any given time instance, an extra cost is added to the Hamiltonian, which is

9



2. Theory

activated whenever the constraints are reached or crossed. The local constraints are
violated when
1. the state value is above its upper limit

G1(x(t) = x(t) − xmax > 0 (2.17)

2. or, when the state value is below its lower limit

G2(x(t)) = xmin − x(t) > 0. (2.18)

To prevent this the following constraint is introduced

G(1)(x(t), u(t), t) =


G1

1(x(t), u(t), t) = dG1

dt
= ẋ(t) = f(x(t), u(t), t)

G1
2(x(t), u(t), t) = dG2

dt
= −ẋ(t) = −f(x(t), u(t), t),

(2.19)
the new Hamiltonian is then

H(x(t), u(t), λ(t), t) = L(x(t), u(t), t) + λ(t)⊤f(x(t), u(t), t)+
+ w(x)⊤f(x(t), u(t), t) (2.20)

= L(x(t), u(t), t) +
(
λ(t)⊤ + w(x)⊤

)
f(x(t), u(t), t)

with w(x) being

w(x) =


0 G(x(t)) < 0
−K G1(x(t)) ≥ 0
K G2(x(t)) ≥ 0,

(2.21)

where the value of K is arbitrary. The co-state function (2.13) can also be modified
because of the new Hamiltonian (2.20):

λ̇
∗(t) = −∂L

∂x
(x∗(t), u∗(t), t) − (λ∗(t) + w(x)) ·

[
∂f

∂x
(x∗(t), u∗(t), t)

]⊤

. (2.22)

In the specific case of a hybrid electric vehicle (HEV) the number of states and
controls are n = 1 and p = 1, respectively [17]. The state x = SOC must
be within SOCmin and SOCmax, i.e. the set of admissible states is ΩSOC(t) =
[SOCmin, SOCmax]. For the control input u = Pbat(t), the set of admissible con-
trols are UPbat

(t) = [Pbat,min(t), Pbat,max(t)]. The Hamiltonian for the HEV energy
management problem is therefore:

H(SOC(t), Pbat(t), λ(t), Preq(t)) = ṁf (Pbat(t), Preq(t)) + (λ(t) + w(SOC)) · ˙SOC(t),
(2.23)
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2. Theory

with Preq being the power request from the driver. The necessary conditions are as
follows:

P ∗
bat(t) = arg min

Pbat(t)∈UPbat
(t)

H(Pbat(t), SOC(t), λ(t), Preq(t)) (2.24)

˙SOC
∗(t) = f(SOC∗(t), P ∗

bat(t)) (2.25)

λ̇∗(t) = −(λ∗(t) + w(SOC)) ∂f

∂SOC
(SOC∗(t), P ∗

bat(t)) (2.26)

= h(SOC∗(t), P ∗
bat(t), λ∗(t))

SOC∗(t0) = SOC0 (2.27)
SOC∗(tf ) = SOCtarget (2.28)

The shooting method for obtaining the necessary conditions for PMP generally
starts with an initial guess of the co-state λ0 and the PMP conditions are solved
over the optimization horizon [t0, tf ]. The obtained value at the end of the simulation
SOC(tf ) is then compared to the desired one SOCtarget. If SOC(tf )−SOCtarget < 0
the initial co-state λ0 is increased, if SOC(tf ) − SOCtarget > 0 the initial co-state
λ0 is decreased or if the obtained value reaches the target the algorithm is ended.

Then, the implementation of the necessary PMP conditions, starts with, given a
power request Preq, at each instant of time over the optimization horizon [t0, tf ],
the Hamiltonian is formulated and minimized. From this the optimal control P ∗

bat is
generated and then applied. Then state and co-state derivative is calculated.

The PMP formulation can be reformulated with the electrochemical energy deriva-
tive Eech(t) as the system state instead of SOC, and the power equivalent to the
fuel flow rate, Pfuel, instead of the fuel mass flow rate ṁf (t). The electrochemical
energy variation Eech(t) is defined as

Eech(t) =
∫ t

t0
Pech(t) =

∫ t

t0
Voc(SOC)I(t)dt, (2.29)

where Pech is battery electrochemical power, Voc is the open cicuit voltage and I is
the battery current. In a charge-sustaining HEV, the following is assumed: Voc ≈
const = Voc,nom. The electrochemical energy variation Eech(t) is then

Eech(t) = Voc,nom

∫ t

t0
I(t)dt = Voc,nom · Qnom · ηcoul · (SOC(t0) − SOC(t)), (2.30)

where Qnom is the nominal charge capacity and ηcoul is the Coulombic efficiency.
The power equivalent to the fuel flow rate Pfuel is:

Pfuel(t) = Qlhvṁf (t), (2.31)
where Qlhv is fuel lower heating value (MJ/kg). Then taking the derivative of The
electrochemical energy variation Eech(t) with respect to time gives:
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Pech(t) = Ėech(t) = − ˙SOC(t)Voc,nomQnomηcoul = Voc,nomI(t). (2.32)

The Hamiltonian is

H = Pfuel(t) + λ(t) · Pech(t), (2.33)

or with the extra cost:

H = Pfuel(t) + (λ(t) + w(SOC)) · Pech(t). (2.34)

The co-state λ(t) also changes to:

λ̇
∗(t) = − ∂H

∂Eech

= −(λ∗(t) + w(SOC)) ∂Pech

∂Eech

. (2.35)

2.2.2 Equivalent Consumption Minimization Strategy
In charge-sustaining HEV’s the difference between the initial and final battery SOC
over a drive cycle is negligible, i.e. SOC(tf ) ≈ SOCtarget [17]. Therefore, all energy
is generated from the fuel and the battery only acts as an energy buffer. Any electri-
cal energy discharged from the battery must be replenished. During any given point
in time the battery power can be positive (discharge case) or negative (charge case).
In the discharge case the battery must be recharged at some time in the future.
How much fuel it takes depends on operating condition of the engine at the time
and how much energy can be recovered from regenerative braking. On the other
hand, during the charge case, the stored energy is used to elevate the engine load,
meaning that the engine does not need as much power or torque and therefore fuel
is saved. This again depends on the operating condition of the engine.

The basic principle of ECMS is that the electrical energy is assigned a cost, in
which the use of stored electrical energy is equivalent to using or saving fuel. Ac-
cordingly, in both battery charging and discharging modes, an equivalent or virtual
fuel consumption ṁress(t) (g/s) can be associated with the electrical energy flow and
added to the instantaneous fuel mass flow rate ṁf (g/s) to obtain an instantaneous
equivalent fuel consumption to be minimized ṁf,eqv(t):

ṁf,eqv(t) = ṁf + ṁress(t), (2.36)

where the instantaneous fuel consumption ṁf is:

ṁf = Peng(t)
ηeng(t)Qlhv

, (2.37)

with ηeng(t) being the engine efficiency and Peng is engine power. The virtual fuel
consumption ṁress(t) is:

ṁress(t) = seq(t) · Pbat(t), (2.38)

12
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where seq(t) is the virtual specific fuel consumption (g/kWh). The virtual specific
fuel consumption is proportional to an equivalence factor s(t) that changes with
respect to if the battery is being charged or discharged:

ṁress(t) = s(t)
Qlhv

Pbat(t). (2.39)

The equivalence factor s(t) is defined separately for battery charging and discharg-
ing modes, denoted as schg(t) and sdis(t), respectively. The operating mode is de-
termined by the sign of the battery power Pbat(t): Pbat(t) > 0 indicates battery
discharging, whereas Pbat(t) < 0 indicates battery charging. Accordingly, s(t) is
defined as

s(t) =

sdis(t), Pbat(t) > 0,

schg(t), Pbat(t) < 0.

This equivalence factor is used to convert battery power into an equivalent amount
of fuel, representing how much fuel would be needed, on average, to generate or
recover that electrical energy. ECMS is executed in the following steps:

1. From the given states of the system, decide the acceptable range of control where
the instantaneous constraints are satisfied;
2. Discretize the control interval into a finite number of control inputs;
3. Calculate the equivalent fuel consumption ṁf,eqv(t) for each control input;
4. Select the control value Pbat that minimizes ṁf,eqv(t).

The challenge with ECMS is that the value of the equivalence factor for charge
schg and discharge sdis must be selected beforehand. To guarantee that SOCmin ≤
SOC ≤ SOCmax, a multiplicative penalty function, p(SOC) is often used:

ṁf,eqv(t) = ṁf + s(t)
Qlhv

Pbat(t)p(SOC). (2.40)

p(SOC) is the measure of deviation between the current SOC and the target
SOCtarget with the following equation:

p(SOC) = 1 −
(

SOC(t) − SOCtarget

(SOCmax − SOCmin)/2

)a

, (2.41)

where a is an arbitrary number. An analytical solution of the ECMS can also be
calculated using the power-based PMP formulation [17]. The Hamiltonian is:

H = Pfuel + λ(t) · Pech(t). (2.42)

Multiplying Equation (2.36) or (2.40) with Qlhv gives the instantaneous cost:

Peqv(t) = Pfuel(t) + s(t) · Pbat(t) (2.43)

There are similarities between Equation (2.42) and (2.43). If one assumes that
the relation between the electric power Pbat in (2.42) and Pech in (2.43) can be
represented as a battery charge/discharge efficiency ηbatt:
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Pech(SOC(t), Pbat(t)) =


Pbat(t)

ηbat(SOC, Pbat)
Pbat(t) ≥ 0

ηbat(SOC, Pbat)Pbat(t) Pbat(t) < 0,
(2.44)

where ηbatt is battery efficiency. The relation between the Hamiltonian in (2.42) and
the instantaneous cost (2.43) is complete with the following relation between the
equivalence factors and the co-state:

schg(t) = λ(t) ηbat (2.45)

sdis(t) = λ(t)
ηbat

(2.46)

schg(t) = η2
bat sdis(t) (2.47)

Both PMP and ECMS are optimal control methods with instantaneous minimization
and guarantee optimality as long as the driving cycle is perfectly known [17]. The
challenge with both PMP and ECMS is deciding a good initial value for λ0 and
[schg, sdis], respectively, to reach optimality and charge sustainability for any given
driving conditions. If the driving cycle is not perfectly known, the online solution
will not be optimal.

2.3 Health-aware ECMS

Traditional ECMS for FCHEVs considers only hydrogen consumption. With the
growing concern over fuel cell and battery degradation, health-aware ECMS has
been developed. The key feature of health-aware ECMS is the incorporation of
degradation-related factors into the cost function or objective function.

2.3.1 Fuel cell degradation model

Fuel cell degradation involves multiple components, including the catalyst, mem-
brane and gas diffusion layer [27]. The degradation process is strongly influenced
by operating conditions. Start-stop events, large load variations and extreme power
demands accelerate the aging process [28][29].
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Figure 2.1: Main degradation mechanisms of fuel cells [27].

Due to the complexity of fuel cells and the difficulty of accurate modeling, most fuel
cell degradation models are empirical. Among them, the most widely used approach
takes output voltage decay as the aging indicator, and the end of life is defined by
a voltage drop exceeding 10%. The cost or progression of fuel cell degradation is
described by Equation (2.48). Cstart−stop, Clow, Chigh and Cchange, derived by (2.49)
- (2.52), represent the degradation costs induced by fuel cell start-stop, low working
load, high working load and working load variations, respectively [30].

Cfc = Cstart-stop + Clow + Chigh + Cchange (2.48)

Cstart-stop = ξstart-stop Nstart-stop cfc

∆Vfc

(2.49)

Clow = ξlow Tlow cfc

∆Vfc

(2.50)

Chigh = ξhigh Thigh cfc

∆Vfc

(2.51)

Cchange = ξchange |∆Pfc| cfc

∆Vfc Nfc

(2.52)

The definitions of the variables appearing in Equation (2.49)-(2.52) are given as
follows. ξi is the degradation rate under different working conditions. cfc is the
price of the fuel cell system. ∆Vfc is the allowable voltage drop from the beginning
to the end of fuel cell lifetime. Nstart−stop is the number of start and stop cycles.
Tlow and Thigh denote the durations during which the fuel cell operates under low
load or high load conditions. Nfc is the number of fuel cells in the stack.
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Table 2.1: Fuel cell voltage degradation rate under different working conditions
[31].

Working conditions Degradation rate
Start-stop ξstart−stop = 13.79 µV/cycle
Low load (Power below 20% of rated power) ξlow = 8.662 µV/h
High load (Power above 80% of rated power) ξhigh = 10.00 µV/h
Load change ξchange = 0.04185 µV/kW

2.3.2 Battery degradation model
In vehicular applications, lithium-ion battery is the most widely adopted battery
technology. Lithium-ion battery degradation is primarily driven by side reactions,
such as anode-electrolyte reactions and metallic lithium plating. These degradation
mechanisms are affected by temperature, SOC, depth of discharge, and charge/dis-
charge rates [27].

Figure 2.2: Main degradation mechanisms of lithium-ion batteries [27].

Considering applicability, complexity and accuracy, semi-empirical models are the
most promising approach for describing lithium-ion battery degradation. A widely
adopted model estimates capacity loss using the following equation [31]:

∆Q = b(c) exp
(

−Ea(c)
RTa

)
A(c)z, (2.53)

where ∆Q is denotes the battery capacity loss expressed as a percentage (%). b(c)
is the pre-exponential factor dependent on the C-rate c, as summarized in Table 2.2.
R is the ideal gas constant. Ta is the battery temperature. A(c) is the ampere-hour

16
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throughput. z is a power-law factor, which is set to 0.55. Ea(c) is the activation
energy and is given by

Ea(c) = 31700 − 370.3c. (2.54)

In the automotive industry, a battery is typically considered to have reached its
end of life when its capacity has decreased by 20%. Under this criterion, the total
throughput AEOL can be calculated as

AEOL =

 20

b(c) exp
(

Ea(c)
RTa

)


1
z

. (2.55)

Then the total number of equivalent full cycles throughout the battery lifetime can
be determined as

NEOL = AEOL

2 Qnom

. (2.56)

Finally, the cost of battery degradation can be described by

Cbat = |I| t cbat

NEOL Qnom

(2.57)

where I is the current of the battery and t is the corresponding time duration. cbat

is the price of the battery. Qnom is the nominal capacity of the battery.

Table 2.2: Values of the pre-exponential factor b(c) at different C-rates [31].

C-rate 0.5 2 6 10
b 31,630 21,681 12,934 15,512
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3
Methods

To achieve the thesis objectives and address the stated research questions, a struc-
tured methodology plan was employed:

• Conduct a comprehensive review and critical assessment of current ECMS-
based energy management strategies for FCHEVs. Both adaptive and health-
conscious variants are investigated for identifying limitations of current energy
management strategies.

• Based on insights from the literature review, alternative or improved ECMS-
based solutions are proposed and developed. Appropriate degradation related
cost items for FCS will be added to the cost function. The enhanced ECMS
should simultaneously co-optimize hydrogen consumption as well as FCS/ESS
degradation, and maintain ESS SOC within an appropriate range.

• Develop and implement efficient solution methods for the formulated ECMS
problem to ensure that (quasi-)optimal results are achieved while meeting real-
time computational requirements.

• Finally, the proposed ECMS is implemented on Volvo’s GSP. Simulations
with the original ECMS under selected representative driving cycles serve as
the baseline. Performance indices such as hydrogen consumption and FCS
degradation indicators are evaluated to verify the effectiveness of the proposed
ECMS, and assess its advantages.

3.1 Review and assessment of current ECMS
To begin with, a literature review of existing energy management systems was con-
ducted. The literature review was intended to explore what kinds of EMS exist,
how they function, and also inspire the future work of this thesis. The literature
review was extended to explore already existing health-aware EMS. Then, the cur-
rent ECMS solvers in Volvo’s simulation platform GSP were applied to different
vehicle configurations to get an understanding of how they function and what their
advantages and drawbacks are. Then multiple simulations were run to benchmark
the performance of the existing solvers in GSP and then later compare them with
the proposed solvers from this thesis.

The existing solvers inside GSP that are mainly studied in this thesis is called Solver
1 and Solver 3. Solver 1 is a heuristic method that performs a discretized search
over feasible battery powers, evaluates the ECMS instantaneous cost, and selects the
minimum-cost split. Solver 3 is an analytical ECMS solution derived from PMP. By
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approximating the electricity power with a second-order Taylor expansion around
the previous battery power, the instantaneous minimization yields a closed-form
expression for Pbat, which is limited by the minimum and maximum battery power.

3.2 Global Simulation Platform of Volvo
Global Simulation Platform (GSP) is an in-house developed simulation platform of
Volvo Group. It is a large Simulink model of different vehicles, including BEVs,
FCEVs, etc.

GSP has different model configurations suitable for different development phases.
Model-in-the-Loop (MIL) is used for concept validation, Software-in-the-Loop (SIL)
for software verification, and Hardware-in-the-Loop (HIL) for real-time hardware
testing. As the health-aware energy management strategy is still in the develop-
ment phase, this study is conducted using the MIL model.

In a specific vehicle configuration, the parameters of major components, including
the battery, fuel cell system, motor, drive shaft, are predefined. Together with vari-
ous controllers, driver models and driving cycles that define speed and road elevation
profiles, the Simulink model enables system level simulation and performance eval-
uation under various operating conditions.

The ECMS module in GSP is one of the key controllers for FCEVs MIL model. It
takes the total power demand together with signals from the battery and fuel cell
system as inputs, and determines the optimal power split between the battery and
fuel cell system as its output.

Figure 3.1: Overall architecture of Volvo GSP and the ECMS.

The proposed control algorithm is integrated into the ECMS module, and the test-
ing and verification of the algorithm are performed on the GSP.
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Although GSP is a detailed and comprehensive simulation models, it still involves
certain simplifications when modeling physical systems. As a result, the outcomes of
a simulation can’t perfectly reflect real-world behaviors. However, such studies are
still valuable for evaluating and developing control strategies before implementation
on real vehicles.

3.3 Health-aware ECMS

3.3.1 Incorporating degradation effects into cost function
As mentioned before, the old ECMS module used in GSP mainly targets fuel econ-
omy by trading off hydrogen power against electricity power via an equivalence
factor. At each time step, the control algorithm solve the optimization problem
and find the optimal power split between battery and fuel cell, which is correspond-
ing to the lowest cost. The cost function used is based on the power-based PMP
formulation in Equation (2.43), i. e.

L = PH2 + sPb, (3.1)

with PH2 being hydrogen power, s the equivalence factor and Pb the battery power.
The new solver introduced in this thesis is an extension of the already existing
efficiency-oriented solver. To incoperate degradation-related factors into the cost
function, Equation (2.48) can be used for the fuel cell degradation cost and (2.57)
for the battery degradation cost. The fuel cell degradation cost is:

Cfc = Cstart−stop + Clow + Chigh + Cchange

= ξstart−stop Nstart−stop cfc

∆Vfc

+ ξlow Tlow cfc

∆Vfc

+ (3.2)

+ ξhigh Thigh cfc

∆Vfc

+ ξchange |∆Pfc| cfc

∆Vfc Nfc

In GSP, the fuel cell will remain either idle or operating after start-up, so we neglect
the cost of start-stop in this research. The cost of fuel cell degradation becomes:

Cfc = Clow + Chigh + Cchange (3.3)

= ξlow Tlow cfc

∆Vfc

+ ξhigh Thigh cfc

∆Vfc

+ ξchange |∆Pfc| cfc

∆Vfc Nfc

Based on the parameters available from the Simulink model, and to simplify the op-
timization problem, NEOL is assumed to remain constant. The final battery degra-
dation model is then formulated as follows:

Cbat = |I| t cbat

2 NEOL Qnom

(3.4)
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Based on the circuit diagram in Figure 3.2 and Kirchhoff’s Voltage Law, the battery
current I can be calculated as follows:

Figure 3.2: Equivalent circuit model of the battery.

I =
V 2

oc − Voc

√
V 2

oc − 4RPbat

2RVoc

=
Voc −

√
V 2

oc − 4RPbat

2R
(3.5)

with Pbat being the battery output power, Voc the open circuit voltage and R the
internal resistance.

Then Cbat can be written as:

Cbat = |I| t cbat

2 NEOL Qnom

= sign(Pbat)
(Voc −

√
V 2

oc − 4RPbat) t cbat

4 R NEOL Qnom

(3.6)

Since both the fuel cell and battery degradation costs are in the unit of USD, a
factor of cH2 has to multiplied with the already existing cost function to ensure that
the unit of the cost function is consistent. The new health aware model is then:

L = cH2(PH2 + sPb) + Cfc + Cbat (3.7)

where cH2 denotes the hydrogen cost, with a unit of USD per Watt.

3.3.2 Analytical solution of the optimization problem
The original cost function (3.1) is a quadratic function from a Taylor expansion.
A key advantage of this formulation is that it has a single extremum, which corre-
sponds to the global optimum. The optimal solution can be obtained analytically
by setting the first derivative to zero and solving the resulting equation.

The new cost function (3.7) is no longer quadratic due to the incorporation of the
battery degradation cost Cbat. To make the new cost function quadratic and solvable

22



3. Methods

by setting the partial derivative of L to zero, the battery degradation cost Cbat can
become quadratic by making a second order Taylor expansion around Pbat,0:

Cbat(Pbat) ≈

∣∣∣∣∣∣
Voc −

√
V 2

oc − 4RPbat,0

2R

∣∣∣∣∣∣ t cbat

2 NEOL Qnom

+

+ t cbat

2 NEOL Qnom

sgn (Pbat,0)
1√

V 2
oc − 4RPbat,0

(Pbat − Pbat,0)+ (3.8)

+ t cbat

NEOL Qnom

sgn (Pbat,0)
R

(V 2
oc − 4RPbat,0)3/2 (Pbat − Pbat,0)2

When the battery is being discharged, the signum function is equal to 1:

Cbat(Pbat) ≈

∣∣∣∣∣∣
Voc −

√
V 2

oc − 4RPbat,0

2R

∣∣∣∣∣∣ t cbat

2 NEOL Qnom

+

+ t cbat

2 NEOL Qnom

1√
V 2

oc − 4RPbat,0
(Pbat − Pbat,0)+

+ t cbat

NEOL Qnom

R

(V 2
oc − 4RPbat,0)3/2 (Pbat − Pbat,0)2 (3.9)

When the battery is being charged, the signum function is equal to -1:

Cbat(Pbat) ≈

∣∣∣∣∣∣
Voc −

√
V 2

oc − 4RPbat,0

2R

∣∣∣∣∣∣ t cbat

2 NEOL Qnom

−

− t cbat

2 NEOL Qnom

1√
V 2

oc − 4RPbat,0
(Pbat − Pbat,0)−

− t cbat

NEOL Qnom

R

(V 2
oc − 4RPbat,0)3/2 (Pbat − Pbat,0)2 (3.10)

Although the new cost function is now quadratic, because of the absolute values in
Cchange and Cbat, it is not differentiable. To deal with this issue, the cost function
can be further split into a piecewise function.

In Cchange, the change of the fuel cell power ∆Pfc may be either positive or nega-
tive, and similarly, the battery current I can take both positive and negative values.
Considering different combination of these conditions, the cost function can be for-
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mulated as a four-segment piecewise function as follows:

L1 = ... + ξchange(
∆Pfc>0︷ ︸︸ ︷

Pdem − Pbat − Pfc,old)cfc

∆VfcNfc

+



I≥0︷ ︸︸ ︷
Voc −

√
V 2

oc − 4RPbat,0

2R

 t cbat

2 NEOL Qnom

+ ...

(3.11)

L2 = ...+ ξchange(
∆Pfc>0︷ ︸︸ ︷

Pdem − Pbat − Pfc,old)cfc

∆VfcNfc

+

(−1)


I<0︷ ︸︸ ︷

Voc −
√

V 2
oc − 4RPbat,0

2R

 t cbat

2 NEOL Q
+...

(3.12)

L3 = ...+ ξchange(−1)(
∆Pfc≤0︷ ︸︸ ︷

Pdem − Pbat − Pfc,old)cfc

∆VfcNfc

+



I≥0︷ ︸︸ ︷
Voc −

√
V 2

oc − 4RPbat,0

2R

 t cbat

2 NEOL Qnom

+ ...

(3.13)

L4 = ...+ξchange(−1)(
∆Pfc≤0︷ ︸︸ ︷

Pdem − Pbat − Pfc,old)cfc

∆VfcNfc

+

(−1)


I<0︷ ︸︸ ︷

Voc −
√

V 2
oc − 4RPbat,0

2R

 t cbat

2 NEOL Qnom

+...

(3.14)
Here, the ellipses indicate omitted identical items, specifically the hydrogen cost
term at the beginning and the last two terms in Equation (3.9) and (3.10) in the
end, in order to highlight the differences between individual segments.

According to Equation (3.3), Clow and Chigh are dependent on the load time du-
rations Tlow and Thigh. In GSP, the fuel cell power remains constant within each
simulation time step. Therefore, Tlow and Thigh are equal to the simulation time
step, the only factor determining the degradation cost is the load region in which
the system operates.

Then for each segment of the piecewise function defined before, the final cost function
can be expressed as follows:

24



3. Methods

L1,final =


L1 + Clow, Pfc < Pfc,low

L1, Pfc,low ≤ Pfc < Pfc,high

L1 + Chigh, Pfc ≥ Pfc,high

(3.15)

In summary, each segment is associated with three possible operating regions, re-
sulting in a total of twelve cases, which are listed in Table 3.1.

Table 3.1: Twelve-segment piecewise cost function definition.

I ∆Pfc Load region Cost funtion
Case 1 > 0 >0 High load L1 + Chigh

Case 2 > 0 >0 Normal load L1
Case 3 > 0 >0 Low load L1 + Clow

Case 4 <0 >0 High load L2 + Chigh

Case 5 <0 >0 Normal load L2
Case 6 <0 >0 Low load L2 + Clow

Case 7 > 0 <0 High load L3 + Chigh

Case 8 > 0 <0 Normal load L3
Case 9 > 0 <0 Low load L3 + Clow

Case 10 <0 <0 High load L4 + Chigh

Case 11 <0 <0 Normal load L4
Case 12 <0 <0 Low load L4 + Clow

Finally, the cost function for each case is differentiable and the derivative of the
cost function with respect to Pbat can be calculated. With the help of the MATLAB
Symbolic Toolbox, the solution satisfying the condition that the derivative of the
cost function equals zero can be obtained. For the piecewise quadratic function in
each case, if the stationary point does not lie within the feasible region, the optimal
solution lies on the boundary defined by the active constraints. Based on this, the
optimal solution for each case can be derived.

There are twelve local optimal solutions and each one of them is evaluated using
the cost function. The solution that yields the lowest cost is selected as the global
optimal solution.

The steps for deriving the analytical solution are summarized in Figure 3.3
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3. Methods

Figure 3.3: Flowchart of the procedure for obtaining the analytical solution.
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4
Results

In this chapter, the simulation results that have been used to evaluate the perfor-
mance of energy management strategies are presented. The results are analyzed
from multiple different driving cycles, representing different driving conditions, to
ensure a thorough assessment.

To begin with, the evaluation metrics used to quantify energy efficiency and compo-
nent degradation are presented, followed by an explanation of the different driving
cycles used in the simulations. To conclude this chapter, the results of conventional
solvers are presented and compared to the proposed health-aware one, to spot dif-
ferences in performance and system behavior.

4.1 Evaluation Metrics
After implementing the proposed health-aware solver in GSP, a set of evaluation
metrics is required to quantitatively compare the results of the conventional and
the proposed solvers. Indicators such as degradation level, system efficiency, and
drivability should be comprehensively considered.

Rainflow count: The rainflow function in MATLAB enables fatigue analysis by
quantifying load change cycles with respect to their amplitudes. Since fuel cell
degradation is strongly associated with load transients and operation under high
and low load conditions, the rainflow method is well suited for evaluating fuel cell
degradation over a specific driving cycle. With the help of the MATLAB rainflow
function, the rainflow count of the fuel cell can be calculated. Moreover, the load
change range can be flexibly selected to focus on specific regions of interest as needed.

ESS throughput: As discussed in Section 2.3.2, battery capacity degradation is
largely affected by the ampere-hour throughput. Therefore, the ESS throughput
over a specific driving cycle can serve as an effective indicator of battery health.

SOC deviation: The FCHEVs investigated in this study are not plug-in hybrids
and therefore must operate under a charge-sustaining strategy. In other words the
end SOC should be close the initial SOC. The fuel cell serves as the primary energy
source, while the battery acts as an energy buffer, providing supplementary power
and enabling regenerative energy recovery. The SOC deviation is therefore used as
an indicator to evaluate the energy balance of the system.
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Compensated fuel consumption: For a given driving cycle, hydrogen consump-
tion can be directly compared to evaluate system efficiency when there is no SOC
deviation. However, when there is a SOC deviation, a compensated hydrogen con-
sumption must be considered. Based on fuel cell efficiency, the energy used by the
battery can be converted into an equivalent hydrogen consumption. By adding this
term to the actual hydrogen consumption, the compensated fuel consumption can
be obtained.

Drivability: In this study, drivability refers to the ability of the vehicle to follow
a predefined speed profile. For a constant reference speed, it can be quantitatively
evaluated by comparing the average speed with the reference speed. When the ref-
erence speed is time-varying, a qualitative assessment of the speed profile is adopted
to simplify the evaluation.

4.2 Test driving cycles settings
To assess the adaptability of the proposed health-aware controller under different
road profiles, various driving cycles are established for simulation.

The driving cycles used in this study are illustrated in Figure 4.1. Three represen-
tative cycles with different characteristics are considered. The normal driving cycle
is approximately 90 km in length, with road inclinations within ±5%. The hilly
driving cycle is about 120 km, with inclinations within ±10%, and exhibits more
rapid slope variations. The long driving cycle covers approximately 650 km and
includes a relatively long downhill segment towards the end.
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(a) Normal driving cycle (BLB)

(b) Hilly driving cycle (sx314b)

(c) Long driving cycle (sx1148b)

Figure 4.1: Representative driving cycles used in this study.

4.3 Simulation results of old solvers
The simulation result of a normal driving cycle for the heuristic method of Solver 1
can be seen in Figure 4.2. For the same driving cycle the simulation result of the
analytical solution, Solver 3 can be seen in Figure 4.3. In both Figure 4.2 and 4.3 the
fuel cell power output is not smooth and the battery power have spikes in the out-
put and is not smooth either. This results in faster aging of the battery and fuel cell.

In some cases, the battery output power can be observed to exceed its prescribed
boundary. This is due to the post-processing module in GSP after the ECMS con-
troller, which modifies the final power command before it is sent to the battery plant.
To satisfy the overall power request, the battery power may therefore temporarily
exceed its boundary.
Small violations of the battery power constraints can be observed in some simula-
tions. These violations arise because the battery power limits are implemented as
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soft constraints within the optimization framework. Soft constraints allow limited
violations when necessary to maintain feasibility and avoid excessively conservative
control actions. Although the constraints are temporarily exceeded, the magnitude
and duration of the violations are small and do not significantly affect vehicle oper-
ation. However, such violations should be considered when evaluating the practical
implementation of the controller.

Figure 4.2: Simulation results for Solver 1 in driving cycle BLB.

Figure 4.3: Simulation results for Solver 3 in driving cycle BLB.
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The specific numbers of how Solver 1 and 3 compare in a normal driving cycle can
be seen in Table 4.1. Solver 3 has 3.6 % lower Rainflow count compared to Solver
1, Solver 3 has 0.05 % lower ESS throughput compared to solver 1. Solver 1 and 3
have the same fuel consumption, and the same SOC at the end of the driving cycle,
though Solver 3 has 0.07 % higher average speed.

Table 4.1: Performance metrics Solver 1 and 3 in driving cycle BLB.

Solver 1 Solver 3
Rainflow count (1/h) 27.01 26.03
ESS throughput (kW) 76.27 76.23
Fuel consumption (kg/100km) 7.97 7.97
End SOC (%) 49 49
Average speed (km/h) 83.86 83.92

In a driving cycle with many hills, the simulation results of Solver 1 can be seen
in Figure 4.4 and for Solver 3 the simulation results can be seen in Figure 4.5. In
both the plot of Solver 1 and 3 the fuel cell power output is not smooth and there
are spikes. In the battery power output there are oscillations. These are all factors
contributing to faster aging of the fuel cell and battery. Again, small violations of
the battery power constraints can be observed since the battery power limits are
implemented as soft constraints.

Figure 4.4: Simulations results for Solver 1 in driving cycle sx314b.
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Figure 4.5: Simulation results for Solver 3 in driving cycle sx314b.

A comparison of the simulation result of Solver 1 and 3 can be seen in Table 4.2.
Solver 3 has 3.2 % lower Rainflow count compared to Solver 1, and Solver 1 has 0.03
% lower ESS throughput compared to Solver 3. Solver 1 and 3 have the same fuel
consumption, the same SOC at the end of the driving cycle and the same average
speed.

Table 4.2: Performance metrics Solver 1 and 3 in driving cycle sx314b.

Solver 1 Solver 3
Rainflow count (1/h) 30.32 29.35
ESS throughput (kW) 66.0 66.02
Fuel consumption (kg/100km) 13.06 13.06
End SOC (%) 50 50
Average speed (km/h) 58.88 58.88

For a long driving cycle, the simulation results of Solver 1 can be seen in Figure 4.6
and for Solver 3 the simulation results can be seen in Figure 4.7. In both the plots
of Solver 1 and 3 the fuel cell power output is not smooth and there are spikes. In
the battery power output there are oscillations. These are all factors contributing
to faster aging of the fuel cell and battery. This behavior is consistent across all
three driving cycles. The lack of smoothness is because there is no direct penalty for
power variation, which causes the controller to react aggressively to instantaneous
load changes.

In both Figure 4.6 and 4.7 there are small violations of the battery power constraints
since again the battery power limits are implemented as soft constraints.
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Figure 4.6: Simulations results for Solver 1 in driving cycle sx1148b.

Figure 4.7: Simulation results for Solver 3 in driving cycle sx1148b.

A comparison of the simulation results of Solver 1 and 3 can be seen in Table 4.3.
Solver 3 has 1.7 % lower Rainflow count, and 0.08 % lower ESS throughput compared
to Solver 1. Solver 1 and 3 have the same fuel consumption, SOC at the end of the
driving cycle, and average speed.
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Table 4.3: Performance metrics Solver 1 and 3 in driving cycle sx1148b.

Solver 1 Solver 3
Rainflow count (1/h) 26.83 26.33
ESS throughput (kW) 51.30 51.26
Fuel consumption (kg/100km) 8.56 8.56
End SOC (%) 90 90
Average speed (km/h) 81.32 81.32

Despite the different approaches in Solver 1 and 3, the performance is similar across
and the three driving cycles. The main reason for the similarities in performance is
that both solvers use the same ECMS formulation, and they both minimize the same
cost function. Solver 1 performs a discretized search over feasible battery power val-
ues, while Solver 3 derives an analytical solution using a quadratic approximation.
However, since both solvers have the same objective, their control actions and per-
formance metrics are nearly identical. This indicates that the solution method of
the power split problem has limited impact on performance.

In all three driving cycles, both Solver 1 and Solver 3 exhibit oscillatory and non-
smooth behavior in the battery and fuel cell power outputs. This is reflected
in the relatively high rainflow counts and the visible power fluctuations in Fig-
ures 4.2, 4.3, 4.4, 4.5, 4.6 and 4.7. The primary reason for this behavior is that both
solvers are designed to minimize an instantaneous cost function that considers only
fuel consumption and equivalent electrical energy, without accounting for compo-
nent degradation or power smoothness. As a result, the optimization favors rapid
changes in power split whenever a lower instantaneous cost can be achieved, leading
to frequent switching and oscillations.

Although this strategy can achieve near-optimal energy efficiency in the short term,
it does so at the expense of increased stress on the fuel cell and battery, which may
accelerate degradation. From a lifecycle perspective, neglecting degradation effects
can lead to higher overall system costs, as reduced component lifetime necessitates
more frequent replacement. This limitation motivates the development of health-
aware energy management strategies that explicitly incorporate degradation into
the optimization problem.

4.4 Simulation results of new solver
For comparison of the performance of the new health-aware solver with old solvers,
Solver 1 will be used as benchmark since the performance of Solver 1 and 3 is similar.
The simulation result of a normal driving cycle can be seen in Figure 4.8. Compared
with Solver 1, the newly developed Solver 0 yields a smoother fuel cell power output,
which implies a reduction in fuel cell degradation. Once again, some small violations
of the battery power constraints can be observed since the battery power limits are
implemented as soft constraints here as well.
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Figure 4.8: Simulation results for Solver 0 and 1 in driving cycle BLB.

A comparison of the simulation result of Solver 1 and Solver 0 can be seen in Ta-
ble 4.4. Compared with Solver 1, Solver 0 reduces the rainflow count by 25.4%,
while increasing the ESS throughput by 10.0%. This trade-off is expected, since the
combined output power of the fuel cell and battery should satisfy the total system
power demand. Consequently, a smoother fuel cell power output tends to shift more
dynamic load to the battery, which may lead to increased battery degradation, high-
lighting the need for balanced degradation modeling of both components.

The fuel consumption of Solver 0 increases by 6.8% compared with Solver 1. This
increase is expected, as the control objective transitions from minimizing fuel con-
sumption alone to considering both efficiency and the components health.

The end SOC is identical for both solvers. There is no difference in charge sustaining
performance.

For this driving cycle, the reference speed is set to 85 km/h. Solver 0 exhibits a
slightly higher average speed compared to Solver 1, indicating better drivability.

Table 4.4: Performance metrics for Solver 0 and 1 in driving cycle BLB.

Solver 0 Solver 1
Rainflow count (1/h) 20.15 27.01
ESS throughput (kW) 83.90 76.27
Fuel consumption (kg/100km) 8.51 7.97
End SOC (%) 49 49
Average speed (km/h) 83.90 83.86

The simulation result of a hilly driving cycle can be seen in Figure 4.9. Similar to
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the normal driving cycle, the newly developed Solver 0 yields a smoother fuel cell
power output. At the same time, the battery output power of both solvers exhibits
similar behavior.

Figure 4.9: Simulation results for Solver 0 and 1 in driving cycle sx314b.

A comparison of the simulation result of Solver 1 and Solver 0 can be seen in Ta-
ble 4.5. Compared with Solver 1, Solver 0 reduces the rainflow count by 29.7%,
while slightly increasing the ESS throughput by 1.8%. Battery degradation increase
is less significant compared to the normal driving cycle. This can be attributed to
the presence of frequent downhill segments in the hilly driving cycle, during which
the fuel cell operates within a relatively low and narrow power. As a result, adjust-
ments to the fuel cell output power have a limited influence on battery output power.

The fuel consumption of Solver 1 exhibits no significant difference compared with
Solver 0.

The end SOC is identical for both solvers. There is no difference in charge sustaining
performance.

For this driving cycle, the reference speed is not set to a constant value. From a
qualitative perspective, Solver 0 shows slightly worse drivability than Solver 1, as a
small speed drop is observed within the first 10 km.
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Table 4.5: Performance metrics for Solver 0 and 1 in driving cycle sx314b.

Solver 0 Solver 1
Rainflow count (1/h) 21.30 30.32
ESS throughput (kW) 67.20 66.0
Fuel consumption (kg/100km) 13.0 13.06
End SOC (%) 50 50
Average speed (km/h) 58.75 58.88

The simulation result of a long driving cycle can be seen in Figure 4.10. Similar to
the normal and hilly driving cycle, the newly developed Solver 0 yields a smoother
fuel cell power output.

Figure 4.10: Simulation results for Solver 0 and 1 in driving cycle sx1148b.

A comparison of the simulation result of Solver 1 and Solver 0 can be seen in Ta-
ble 4.6. Compared with Solver 1, Solver 0 reduces the rainflow count by 76.7%,
while increasing the ESS throughput by 13.9%. The mitigation effect on fuel cell
degradation is more significant than normal and hilly driving cycles, indicating that
Solver 0 is particularly effective in reducing fuel cell aging during long driving cycles,
where cumulative stress effects are most critical.

The fuel consumption of Solver 0 increases by 2.6% compared with Solver 1.

The end SOC is identical for both solvers, demonstrating comparable charge sus-
taining performance. However, the end SOC reaches 90%, which deviates from the
initial value of 50%. This increase is primarily due to the downhill segment at the
end of the driving cycle, during which regenerative braking contributes to additional
battery charging.
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For this driving cycle, the reference speed is also not set to a constant value. From
a qualitatively perspective, Solver 0 shows slightly worse drivability than Solver 1,
as more speed drops can be observed.

Table 4.6: Performance metrics for Solver 0 and 1 in driving cycle sx1148b.

Solver 0 Solver 1
Rainflow count (1/h) 6.26 26.83
ESS throughput (kW) 58.45 51.30
Fuel consumption (kg/100km) 8.78 8.56
End SOC (%) 90 90
Average speed (km/h) 81.25 81.32

Overall, across all three driving cycles, the result shows that the proposed health-
aware solver can consistently reduce fuel cell cycling under different operating con-
ditions, with the result that in long and dynamic conditions the greatest improve-
ments are experienced. This shows that incorporating degradation terms into the
cost function changes the control strategy, encouraging smoother fuel cell power
output with a slight expense of increased battery cycling and marginally higher fuel
consumption.
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5
Conclusions and Future work

In this chapter, the thesis is concluded with a summary of the main findings. These
findings are discussed in relation to the scope of the research. In addition to this,
limitations with the current study are identified and suggestions for future research
are presented.

5.1 Conclusions
The main contributions of this thesis are as follows.

• First, the conventional ECMS cost function is reformulated to incorporate
degradation effects of both the fuel cell system and the battery, enabling
a health-aware energy management strategy rather than a purely efficiency-
driven one.

• Second, the resulting non-linear and non-differentiable optimization problem
is addressed by deriving an analytical solution through piecewise quadratic
approximation, allowing real-time applicability despite the added complexity.

• Finally, the proposed method is implemented and evaluated within Volvo’s
GSP, enabling realistic system-level validation under representative driving
conditions. The simulation results show that the proposed method can signif-
icantly mitigate fuel cell degradation, with an acceptable increase in battery
degradation and fuel consumption. Meanwhile, the charge sustaining perfor-
mance and drivability are largely preserved.

The results show that the proposed method considerably changes the behavior of
the system compared to conventional ECMS. In particular, the fuel cell output be-
comes smoother, which reduces the fuel cell cycling. The rainflow count is reduced
by up to 77% in long driving cycles, indicating a strong potential to reduce fuel cell
degradation. At the same time, fuel consumption stays roughly the same, but in
some cases there is a slight increase in fuel consumption.

This improvement is achieved through a redistribution of system load, where the
dynamic load is shifted from the fuel cell to the battery. Although this means that
battery throughput is increased, it reflects an intentional trade-off for long-term ef-
ficiency instead of short-term efficiency.
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The research questions suggested in this thesis can be answered as follows. First,
the ECMS framework can be extended to include degradation effects, via a refor-
mulation of the existing cost function to incorporate penalty terms. Second, the
resulting non-linear and non-differentiable optimization problem can be solved ana-
lytically using a piecewise formulation, while maintaining computational efficiency
and compatibility for real-time implementation. Third, the proposed health-aware
strategy leads to significantly reduced degradation indicators while maintaining sim-
ilar energy efficiency, showing its potential.

5.2 Limitations
Despite the promising results, there are still several limitations that should be ac-
knowledged.

First, as the proposed method is in the early stage of development, all testing and
validation have been carried out in the simulation environment. Due to the sim-
plification in the simulation model, the results may not fully represent real-world
operating conditions.

Second, to simplify the cost function and facilitate the derivation of the analytical
solution, a simplified battery degradation model is adopted. However, it may limit
the ability to fully capture the complex aging behavior of the battery.

Finally, the proposed method incorporates a weighting factor for the battery degra-
dation cost to balance the trade-off between fuel cell and battery degradation. For
each vehicle configuration, this factor needs to be tuned to achieve optimal perfor-
mance. At present, this parameter tuning work is performed manually and is time
consuming.

5.3 Future work
Future work will focus on addressing the limitations mentioned before.

First, as the development progresses, the proposed method should be validated on
a real vehicle to evaluate its performance. Potential issues that are not observed in
the simulation environment may arise during real world operation, requiring further
refinement to ensure robustness and applicability.

Second, to improve the accuracy of the degradation model, a more detailed battery
degradation model can be incorporated. Consequently, a more suitable analytical
solution method is required to handle the increased model complexity.

Finally, to reduce the effort and time associated with manual tuning of the weighting
factor for battery degradation cost, an automated tuning method can be developed.
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