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Abstract—This paper proposes a driving condition recognition-
based (DCR-based) Hybrid Quantum Deep Deterministic Policy
Gradient (HQDDPG) method for energy management in multi-
stack fuel cell vehicle hybrid power systems (MFCV HPSs)
and its quantum simulation setup on Digital Signal Processors
(DSPs). Driving conditions are initially segmented into micro-
trips and clustered into three types. The DCR method, using
a Learning Vector Quantization Neural Network (LVQNN), is
then developed, thus accurately and efficiently identifying driving
condition types. Subsequently, quantum reinforcement learning is
proposed to achieve optimal energy manaement of MFCV HPSS,
i.e., power allocation among the multiple fuel cells to minimize
the economic metrics based on the DCR results. Compared to
classical large-scale neural networks, quantum reinforcement
learning reduces parameters by combining a Parameterized
Quantum Circuit (PQC) with a single-layer classical neural
network. The PQC encodes and processes state information
through quantum mechanics for enhanced computational ex-
pressiveness, while the classical neural network transforms the
quantum measurement expectations into actionable outputs for
energy management. The trained hybrid quantum circuits are
implemented on DSPs through quantum simulations. The method
is validated through Controller Hardware-in-the-Loop (CHIL)
experiments, demonstrating superior performance in optimizing
economic metrics compared to conventional methods.

Index Terms—Multi-stack fuel cell vehicle, energy manage-
ment, driving condition recognition, hybrid quantum reinforce-
ment learning, DSP-based quantum simulation.
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URTAILING carbon emissions is propelling the search

for sustainable transportation technologies [1]-[6]. The
transportation sector, as a significant contributor to global
greenhouse gas emissions, faces heightened demands to shift
from fossil fuel dependency to more environmentally friendly
fuel [7]-[10]. In this context, fuel cell vehicles (FCVs), which
harness hydrogen to convert chemical energy into electrical
energy, have attracted significant attention as a promising sus-
tainable transportation technology driving the transition toward
cleaner automotive solutions. Traditionally, the implementa-
tion of FCVs designed with a single fuel cell stack is limited
by specific applications with high power demands [11]. This
challenge has led to the exploration of more advanced config-
urations, specifically multi-stack fuel cell systems (MFCS).
By integrating multiple fuel cell stacks, these systems not
only enhance the power output but also bolster overall system
reliability [12]-[13]. However, the development of MFCS
will introduce high complexity stems from the integration of
multiple energy sources and the real-time balancing of energy
flows and pose significant challenges on the optimal energy
management of such a hybrid power system. Therefore, an
effective energy management strategy (EMS) is essential to
optimizing system performance, extending vehicle range, and
maximizing the lifespan of the fuel cells.

Traditional EMSs of HPS can be categorized mainly into
rule-based, optimization-based and learning-based methods
[14] [15]. Rule-based EMS, with predefined expert rules, is
easy to implement but relies heavily on expert experience
and struggles to adapt to unexpected conditions [16]-[17].
By contrast, optimization-based EMS utilizes optimization
techniques, such as quadratic programming, dynamic program-
ming, and Pontryagin’s minimum principle, to achieve global
optimal energy management for HPS [18]-[21]. However,
optimization-based EMS requires sufficient computational re-
sources and complete driving condition information, which
hinders their practical and real-time applications in vehicles.

To address the limitations of model-based approaches, re-
inforcement learning (RL)-based energy management, with
its model-free nature and efficiency in handling complex
decision-making tasks, have been developed [22]-[27]. A
hierarchical energy management strategy incorporating deep
RL (DRL) was proposed to enhance fuel economy and extend
the lifespan of power sources in FCVs, effectively optimiz-
ing power allocation between fuel cells and batteries while
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mitigating peak power stress [24]. In [25], the authors pro-
posed a knowledge-guided DRL approach for EMS in FCVs,
integrating expert knowledge to enhance DRL’s efficiency and
adaptability, and superior performance in multi-objective opti-
mization tasks across various scenarios was demonstrated. Ref.
[26] introduced a DRL and PMP-based EMS for FCHEVs,
significantly reducing fuel cell and battery degradation, and
demonstrating potential for real-time applications. We also
introduced an EMS for multiple fuel cell stacks FCVs HPS
using the independent Q-learning algorithm, ensuring robust
operation and efficient energy management, with capabilities
for real-time implementation and validation under various
conditions [27]. However, changes in driving condition cate-
gories, represented by state transition probabilities in RL, will
compromise the performance of the employed EMS agent. To
address this, some researchers have concentrated on adaptive
EMS by driving conditions recognition (DCR) [28]-[30]. Ref.
[28] introduced a hybrid method combining Markov chain
prediction and fuzzy classification models to enhance the DCR
accuracy in occurring micro-trips and EMS performance. In
[29], a DCR method utilizing supervised learning demon-
strated that integrating multiple algorithms within hierarchical
frameworks significantly enhances recognition accuracy and
fuel economy in vehicle operations. A fusion algorithm-based
DCR method combining a Markov chain prediction model
and a learning vector quantization neural network (LVQNN)
was proposed to enhance real-time control by minimizing
time delays, significantly improving the adaptability of en-
ergy management strategies in medium fuel cell trucks [30].
Therefore, we can utilize DCR methods to train distinct RL-
based EMS agents for various driving condition categories.
While this method tailors EMS to specific conditions, it
significantly increases the total number of parameters due
to the need for multiple neural networks, which consume
excessive memory. Consequently, deploying such systems in
real-world applications becomes impractical, as EMS should
not excessively tax the computational resources of the broader
vehicular systems.

Based on existing DRL schemes, few researchers have
introduced quantum circuits, leveraging their superior repre-
sentational capacities, to reduce parameters of neural networks
for memory saving [31]-[33]. Ref. [31] proposed a classical-
quantum hybrid algorithm called quantum circuit learning,
which utilizes low-depth quantum circuits and classical com-
puting for machine learning on near-term quantum processors,
demonstrating the ability to approximate nonlinear functions
and optimize performance through iterative parameter ad-
justments. In [32], the optimization of Parameterized Quan-
tum Circuits (PQCs) is analyzed, identifying key descriptors
such as expressibility and entangling capability. The study
highlighted the superior performance of two-qubit gates in
ring or all-to-all configurations over linear setups and found
controlled X-rotation gates to outperform controlled Z-rotation
gates in enhancing circuit expressibility. PQCs have shown to
outperform classical neural networks in generative tasks, with
enhanced capabilities when equipped with ancillary qubits
for post-selection, demonstrating potential for broader appli-
cations in learning scenarios [33]. Therefore, incorporating

quantum circuits into DRL enables more complex policies us-
ing fewer parameters. Theoretically, quantum neural networks
have demonstrated enhanced capacity for learning, as proven
by fisher information metrics, which highlight their superior
expressibility with fewer parameters [34]. In the application,
the quantum advantage actor-critic successfully formulates
effective strategies in the Cart Pole environment using only
50-60 parameters, in contrast to the traditional actor-critic,
which fails to converge [35]. It has also been verified in
distributed frequency control of islanded microgrids, where
multiagent QDRL not only improved frequency regulation but
also demonstrated a quantum advantage in reducing parame-
ters [36]. However, as the number of quantum gates increases,
the fidelity of quantum operations decreases, resulting in a
higher error rate in the real quantum computer [37]. Besides,
the environmental conditions, such as ultra-low temperatures
and vibration sensitivity, are not conducive to the dynamic
and varied environments encountered in vehicular applications.
This hinders the development of quantum computers in vehic-
ular applications.

In response to these challenges, this paper proposes a DCR-
based Hybrid Quantum Deep Deterministic Policy Gradient
(HQDDPG) method for EMS in MFCS HPS and its quantum
simulation setup on DSP. Initially, micro-trip driving condi-
tions are clustered into three types. Then, the appropriate PQC
structure is selected and trained into multiple EMS agents
based on clustering results. Subsequently, the mathematical
formulations for the PQCs are derived from the trained EMS
agents, which enables the implementation of quantum simula-
tions on DSPs. It not only addresses computational limitations
but also circumvents the need for quantum computers in
vehicular environments. The contributions are discussed as
follows:

e Given the complex transition, the DCR stratifies driving
cycles into distinct types through clustering based on
their features. By integrating DCR into the RL-based
EMS, the complexity managed by one EMS agent can be
decomposed and distributed across multiple EMS agents,
each tailored to one distinct driving cycle type with
homogeneous characteristics. This enhances the EMS’s
adaptability and performance across varied driving con-
ditions.

o The integration of DCR exacerbates the substantial pa-
rameter burden of RL-based EMS agents, complicating
the practical implementation in real-world controllers. To
address this challenge, PQCs are firstly integrated into
the EMS of MFCV HPS. This integration leverages the
high expressiveness of PQCs in conjunction with DRL,
substantially reducing the number of parameters required.

o While PQCs can reduce parameter requirements, integrat-
ing quantum computers into vehicular systems remains
impractical in the near term. To bridge this gap, we
innovatively propose the use of quantum simulation to
implement PQCs on Digital Signal Processors (DSPs)
or other Microcontroller Units (MCUs). This approach
ensures the practical application of advanced quantum-
enhanced EMS within existing vehicle technologies, cir-
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Fig. 1. The configuration of MFCV HPS.

cumventing the current limitations of quantum hardware
deployment in automotive environments.

The remainder of this paper is organized as follows: Sec-
tion II describes the configuration of the Multi-Stack Fuel
Cell Vehicle Hybrid Power System and its energy manage-
ment problem. Section III introduces the Driving Condition
Recognition-based Quantum-Simulated Hybrid Quantum Deep
Deterministic Policy Gradient method. Simulation results and
discussions are presented in Section IV. Finally, conclusions
and potential directions for future research are discussed in
Section V.

II. MFCV HPS CONFIGURATION AND ENERGY
MANAGEMENT PROBLEM

This section outlines the configuration of the MFCV HPS,
as shown in Fig. 1, and introduces the economic metrics and
problem modeling for evaluating the EMS. The HPS config-
uration comprises three identical Proton Exchange Membrane
fuel cells and one battery, all connected in parallel. These
fuel cells are identical in terms of design and operational
parameters, including degradation factors [8] [27]. Each power
source integrates with the HPS through individual DC/DC
converters, enhancing system flexibility. Subsequently, the
section delves into defining economic metrics that focus on
hydrogen consumption and degradation. These metrics are
vital for assessing the effectiveness of the EMS in improving
the operational efficiency and extending the lifespan of the
HPS. Furthermore, we integrate economic metrics to formulate
an energy management problem model.

A. Economic Metrics of Fuel Cells Hydrogen Consumption

The economic metrics are calculated based on experimental
data to reflect real-world efficiency under varying power
outputs. The hydrogen efficiency of the fuel cell, according
to studies like [38], can be approximated as a function of
its power output under controlled temperature and humidity
conditions. This approach simplifies the complex dynamics
typically observed in fuel cell operations:

Pye i
H L= - Jr
fek / Nfek ¥ LHV,
where H¢. ) represents the hydrogen consumed by the k-

th fuel cell, Py, denotes the power output to the DC bus,
and LHVy, is the lower heating value of hydrogen, typically

dt (1)

120 MJ/kg. n¢c k. the efficiency of the k-th fuel cell and its
converter, is not a constant but a non-linear function of the
power output Py ;. This functional relationship is derived
from experimental data and polynomial fitting, as detailed
in our previous work [27]. Equation (1) reflects the direct
relationship between the efficiency of the energy conversion
process and the amount of hydrogen needed. In analyzing the
economic metrics associated with hydrogen consumption, both
the price of the hydrogen and the operational efficiencies ought
to be considered:

Cngszc,kXPTHz 2
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where n is the number of fuel cells, Cp, is the economic
cost of hydrogen, and Prp, is the price per unit of hydrogen,
$2.50 per kilogram based on the mid-range estimates provided
by recent market analyses [39].

B. Economic Metrics of Fuel Cells Degradation

Dynamic operational stress and environmental conditions,
particularly high fluctuations in power output, can exacerbate
the degradation of fuel cell components in MFCVs. This
degradation impacts the long-term economic viability of fuel
cells. Due to the absence of a definitive mathematical model
for fuel cell system degradation, we adopt an empirical ap-
proach that focuses on these power output fluctuations to
assess their effects on system durability [40].

The degradation level of the fuel cell, denoted as
AT tc(Pfek), is modeled as a function of the operational
conditions [8]:
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where c, represents the stress degradation factors, 3.51 x
1013, It influences the lifecycle and operational efficiency
of the fuel cells, necessitating periodic replacements.

The economic impact of fuel cell degradation is directly tied
to the cost of replacing degraded components. The replacement
cost, C'¢c rep, 18 @ function of the rated power and unit cost:

Cfc,rep = Pfc,rat X Punit (5)

Tfe
where Py rq: is the rated power, 30kW, and P;‘f’z” is the
price per kW, $75/kW. This equation is key for estimating
replacement costs from routine maintenance and degradation.
To quantify the economic metrics of degradation, consider:

Cdeg = Arfc(Pfc,k:) X Cfcwep (6)

C. Economic Metrics of Battery Equivalent Hydrogen Con-
sumption

To quantify the equivalent hydrogen consumption of the
battery Hpqe, it is first calculated based on the power output
of the battery Ppq::

_ Prar >
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where 74,5 and 7).p4 are the discharge and charge efficiencies
of the battery, respectively, as detailed in our previous work
[27]. With the equivalent hydrogen consumption determined,
the next step is to convert this figure into cost terms. The con-
cept of battery equivalent hydrogen consumption, denoted as
Hyq,, is developed to quantify the energy output of the battery
in terms analogous to the hydrogen consumption of fuel cells
[41]. It allows us to integrate economic considerations directly
with power output [11] [15]. The economic value of Hp,y i
calculated by considering the current market price of hydrogen
Pry,:

CH., = Hpat X Pry, ®)

D. Energy Management Problem Model

By integrating the economic metrics established in the
previous section, the MFCV HPS energy management problem
is formulated as a Markov Decision Process (MDP). The
model is tailored to the inherent physical characteristics of the
fuel cells and the battery and aims to optimize HPS economic
metrics in multi-stage.

1) Multi-Stage Decision Problem Formulation of the Energy
Management Problem: The MFCV HPS energy management
problem involves state variables such as the vehicle’s ve-
locity (v), acceleration (a), and the battery’s state of charge
(SOCpBaT). They can be represented in a set for each timestep
t:

St = {v(t),a(t),SOCBAT(t)} (9)

The energy management problem for the MFCV HPS is
modeled as a multi-stage decision problem. The primary goal
is to minimize the total economic cost accrued over the entire
operation period. This objective is formulated as the sum of
the cost functions across all stages, where the fuel cell power
outputs are decided at each stage:

T—1
J = L(Si, Pre(t)) (10)
t=0
L(Stapf(:(t)) = CHz (ShPfC(t))
+ Cleg(St, Pre(t)) (11)
+ Ch.,(St, Pye(t))
Sip1 = f(Sh, Pre(t)), t=0,1,2,....,T—1  (12)

where, J represents the aggregate of the costs at each timestep;
L(S:,Pyc(t)) is the cost function at each timestep, encom-
passing costs associated with hydrogen consumption Cly,,
Ch., and system degradation Cgey. Siy1 updates based on
the system dynamics influenced by the adopted decisions.

2) Fuel Cells Operation Constrains: As stated in Ref. [27],
the battery is utilized to stabilize the DC bus voltage, enabling
control over the power outputs of three fuel cells. Therefore,
the power outputs of fuel cells serve as decision variables in
the model:

Pfc(t) = {Pfc,l(t)vPfc,Q(t)vac,S(t)} (13)

Due to the electrochemical process within the fuel cells,
rapid changes in power output are restricted [40]. Therefore,

the power output of each fuel cell is not only constrained
by its maximum rated power but also by its inherent ramp
rate limitations. These constraints accommodates the slow
response characteristics of fuel cells and protects the HPS
against potential operational risks:

o The power output for k-th fuel cell must remain within
its maximum and minimum power limits:

Pfc,min < Pfc,k(t) < Pfc,maxa

e The ramp rate is regulated to ensure gradual power
adjustments:

ke{1,2,3} (14

|Pfc’k(t) - Pfc,k(t -1 < APfemax, k€ {1,2,3}
15)
3) Battery Operation Constrains: As previously discussed,
the battery is utilized to stabilize the bus voltage. Conse-
quently, the power output of the battery is determined by the

power balance constraints:

3
Z Pyey(t) + Pear(t) = Piemand(t) (16)
k=1

PpaT min < Ppar(t) < PBAT max (17)
SOChin < SOCpaT(t) < SOCiay (18)
ASOCpar = 3?50 x (P g;z(j) x n(t)) (19)

SOCpar(t + 1) = SOCpar(t) + ASOCpar  (20)

where Pparmin and Ppar max represent the minimum and
maximum power that the battery can discharge or charge,
respectively. SOCp, and SOC,,,x are the minimum and max-
imum allowable states of charge for the battery, protecting
against excessive depletion or overcharging. At is the time
step in seconds, and E'p 47 is the total energy capacity of the
battery in watt-hours. The efficiency n(t) varies, being 1/ncng
when charging (if Pgar(t) > 0) and ngs when discharging
(if Ppar(t) < 0), reflecting efficiency losses during energy
conversion processes.

4) Vehicle Power Demand Calculation: The power demand
of the vehicle, denoted by Pemand, 1S determined by the sum
of the forces acting on the vehicle multiplied by its velocity
(v), where v represents the longitudinal velocity of the vehicle
unaffected by wind influences. The equation for Piemand 18
given as [27]:

Pdemand:(Fa+Fr+Ff+Fg)'v (21)

where, F, = %pAC'dv2 is the aerodynamic drag force, with
p being the air density, A the frontal area of the vehicle, and
Cy the drag coefficient. The acceleration force is calculated
as F,. = M - a, where M is the mass of the vehicle and
acceleration a. The rolling resistance force is F'y = uM g, with
1 as the rolling resistance coefficient and g the acceleration
due to gravity. F; = Mgsin6 represents the gravitational
component along the slope of the road, which is considered
to be zero in this study.

In summary, the energy management problem is modeled
as a Markov Decision Process (MDP), which is a special
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Fig. 2. The framework of HQDDPG.

case of multi-stage decision problems. It can capture the
sequential decision-making process involved in energy man-
agement, where the system’s state at each time step influences
the decisions made at the next time step. Specifically, the
state space S; includes variables such as the vehicle’s ve-
locity (v), acceleration (a), and the battery’s state of charge
(SOCB aT), which together describe the system’s operational
conditions at any given time. The action space A;, or decision
variables, consists of the power outputs of the fuel cells
Pic(t) = {Pfea(t), Prea(t), Pes(t)}. By formulating the
problem as an MDP, we can effectively incorporate the non-
linear relationships between battery and fuel cell efficiencies,
which are difficult to handle with traditional optimization
methods. This approach avoids the need for binary variables
and allows us to model the system dynamics and decision-
making process in a way that reflects the complex, real-world
interactions of the energy management system.

III. DCR-BASED HYBRID QUANTUM DEEP
DETERMINISTIC POLICY GRADIENT METHOD AND ITS
QUANTUM SIMULATION SETUP ON DSP

This section introduces the DCR-based Hybrid Quantum
Deep Deterministic Policy Gradient method and its quantum
simulation setup on DSP, as shown in Fig. 2. The approach is
divided into two parts. The first part involves the DCR method
based on micro-trips, where classical driving conditions are
decomposed into micro-trips then clustered. The classification
results are used to train a LVQNN. The second part integrates
a hybrid quantum DDPG method, which combines PQC with
classical neural networks. This hybrid framework leverages
the expressive power of PQCs while and classical neural
networks are used to change the number of actions. Then,
the trained hybrid method is implemented on DSPs or other
MCUs through quantum simulations.

A. Micro-trip Clustering and Driving Condition Recognition

Generally, driving conditions are classified according to
classical driving cycles such as the Urban Dynamometer
Driving Schedule (UDDS), the New European Driving Cycle
(NEDC) and so on. However, recent research has shown
that using micro-trips as the classification criterion results in
better performance than classical driving cycles [30]. Many
researchers have explored various neural networks to be the
structure of the DCR, among which the LVQNN is widely
adopted due to simplicity and high recognition accuracy [42].

Specifically, the implementation of the DCR method begins
by dividing driving cycles into smaller segments called micro-
trips. Each micro-trip is characterized by distinct operational
patterns. Once the micro-trips are defined, the next step
involves clustering these segments to identify common driving
conditions. The clustering process utilizes specific features
that capture the critical characteristics of each micro-trip.
These features include maximum velocity (vmax), average
velocity (vavg), maximum acceleration (amay), average acceler-
ation (@aye), maximum de-acceleration (dnax), and average de-
acceleration (day,), as shown in Fig. 3. After the clustering,
LVQ is employed to train a model on these categorized
micro-trips. LVQ is a type of supervised machine learning
algorithm that is particularly effective for classification prob-
lems where the training dataset includes labels. By iteratively
adjusting the prototypes (vectors representing each category),
LVQ minimizes classification errors. The trained LVQ model
is employed in real-time to predict driving conditions. We
utilize a 50-second sliding window to continuously update and
analyze the vehicle’s driving cycle. For the initial 50 seconds,
any missing data points are filled with zeros to maintain a
consistent input size for the model. After this initialization
period, the sliding window is updated every second, refreshing
the input with the most recent driving data. Within this
window, we process the data to extract features as mentioned
above. The extracted features are then fed into the LVQ model,
which classifies the current driving condition based on learned
patterns [43].

B. Hybrid Quantum DDPG Framework

This subsection introduces a hybrid learning framework
that integrates he DDPG algorithm and quantum circuits.
By harnessing the expressive power of quantum circuits, we
combine PQC with classical neural networks to reduce the
parameters of DDPG-trained actor agent. The critic network
uses the classical neural network because the hybrid quantum
framework’s train is processing in the classical computer.
Then, the basic principles of quantum circuits and PQCs will
be introduced, followed by the integration of hybrid quantum
circuit within the DDPG.

1) Quantum Circuits and PQCs: Quantum circuits repre-
sent the foundational framework within which quantum com-
puting operates, utilizing qubits as the basic units of quantum
information. Unlike classical bits, which are restricted to
binary states, qubits exist in multiple states simultaneously
due to the quantum phenomenon known as superposition.
This capability, along with the entanglement, allows quantum
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circuits to perform complex computations. The the qubit
representation, quantum gate operations, and the entanglement
in interlinking qubit states are introduced as follows.

A qubit can be represented as a linear combination of the
basis states |0) and |1):

) = a|0) + B|1)

where o and 3 are complex numbers that describe the proba-
bility amplitudes of the qubit being in each state. The condition
|a|? + 8> = 1 must be satisfied, ensuring the sum of
probabilities for all possible states equals one.

Quantum gates manipulate the states of qubits through
unitary operations. These gates are the quantum analogues of
classical logic gates but can perform operations that affect mul-
tiple states simultaneously due to the property of entanglement.
For example, a commonly used quantum gate is the Hadamard
gate, which transforms the base states into superposition states:

(22)

H= (23)

1no
N
When applied to a qubit initially in the state |0), the Hadamard
gate yields:

1
V2

The entanglement, which allows two or more qubits to exist
in a linked state, meaning the state of one directly affects the
state of the other. An example of an entangled state is the Bell
state:

HI|0) =

(10) +11)) 24)

1
V2

This state shows that if one qubit is observed to be in the state
|0), the other qubit will instantaneously be in the state |0) as
well, and similarly for |1).

PQCs, as a specialized class of quantum circuits designed
with tunable parameters, are a satisfied choice for applications
in quantum machine learning. PQCs comprise multiple layers
of parameterized gates, whose settings can be adjusted based
on the outcomes of quantum measurements, thus enabling the

[@7) = —=(|00) + [11)) (25)

circuits to adapt and learn from data. A PQC is typically con-
structed by applying a sequence of gate operations repeatedly
to a set of qubits. The structure can be represented as:

U0)=Ur(0r)---Ur(61) (26)

where U;(0;) represents the i-th unitary gate operation parame-
terized by 6;, and L is the number of layers in the circuit. Each
U, is a combination of different quantum gates, such as Pauli-
X, Y, Z, Hadamard, and rotation gates, and is parameterized
by angles that adjust the quantum state. Generally, the first
unitary gate operation, or layer, is state embedding layer,
where classical data is encoded into the quantum system.
This embedding layer transforms classical information into
quantum states that are then processed by subsequent layers
of quantum gates.

Recent research, as highlighted in [32], has revealed ex-
pressibility differences among these combinations of quantum
gates. The expressibility of gate combinations affects how
complex quantum phenomena are represented. Consequently,
researchers are exploring the expressibility of different com-
binations of quantum gates [44]. The structure shown in Fig.
2 is recognized for its expressibility [45]. It consists of layers
of parameterized rotational gates R.(y)R,(8)R.(«), which
entangle qubits through a sequence of CNOT gates applied
from one qubit to the next. Following the entanglement, Pauli-
Z measurements are performed to assess the final state of
each qubit, yielding the observable values (O); . To address
the variable number of actions, a single-layer classical neural
network of size nxn, is employed, where n represents the
number of qubits in the PQC, and n, denotes the number
of actions. Then, a sigmoid activation function is employed
because of its high efficiency, allowing the policy to be
expressed as follows:

1

14 e 2im1wilOi)so 27)

mow(als) =

where w; € R"™ represents the weight parameters of the
classical network layer. Then, we can provide the theorem.

Theorem 1. Given the hybrid quantum-classical architecture
where a classical neural network layer with sigmoid acti-
vation function is appended to a PQC, the policy output
discrepancy between the pure quantum and hybrid models
can be effectively bounded. If the expectation error for each
qubit measurement is assumed to be ¢, then the error in the
policy output, denoted by €(Tg ., (a|s)), satisfies the following
inequality:

V- max,,, |w;l
€

Proof. There are the error propagation formulas:
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where X, Y and F' are random variables, ¢ and b are real
constants. Therefore, we can get:
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It completes the proof. O

C. Training of HODDPG

The training of HQDDPG starts from the parameter update
of the critic network, which is illustrated in [46]. The output
layer of the actor network under hybrid quantum framework
is a single-layer classical neural network, which has also been
introduced in [46]. Consequently, we focus on the PQC pa-
rameters training. According to the actor update methodology,
we can get:

A0 = -V o,me(St)VaQ(St, a; ¢) (28)

a=mg(s)

The gradient of the policy, Vg ., (a|s), with respect to the
PQC parameters 6 is [47]:

e 22021 wi(Oi)s,0 "
Voo w(als) = Zwiv9<0i>s,9
=1

(14 e~ Tty wi(020)? £
(29)

where the gradients of quantum observables, V(O;) g, can
be computed using the parameter-shift rule [48]. This method
estimates the derivatives by applying small shifts to the pa-
rameters and measuring the resultant changes in the quantum
states:

(0i)s,046 — (Oi)so—s
20

where ¢ is a small shift. This numerical approach to derivative
estimation is particularly suited to quantum systems, where
analytical gradients can not be obtained.

The EMS of MFCV HPS is developed based on the
proposed HQDDPG algorithm. Then, the EMS agent state,
action, and reward function will be delineated. The state,
denoted by S;, is defined as equation (9). It encompasses

Vo(Oi)s,0 = 30)

the vehicle’s speed, acceleration, and the battery’s SOC. The
action, represented by Py, comprises a set of fuel cells power
output. The reward function can be expressed as:

r = L(St, Pge(t)) + v - tanh(B - 6SCy) - SCh, (31)
where L(S;, Pyc(t)) is defined as equation (11), SCy rep-
resents the SOC deviation from a reference point, defined
as SCy = SOCy, — SOCt, 65C) indicates the change
in SOC from the previous timestep, expressed as dSCy =
SOC), — SOCY_1, as for the coefficients v and 3, which
modulate the sensitivity of the reward function to changes in
SOC, are chosen as 500 and 7, respectively [27]. It ensures
that the reward reflects the immediate economic metrics and
drives optimal decision-making in real-time.

D. DSP Implementation of HODDPG

To facilitate the practical application of the trained actor,
we employ quantum simulation techniques for deployment
on DSP. Quantum circuits involve complex computations and
their simulation complexity grows exponentially with the
increase in the number of qubits. However, we primarily
leverages the minimal parameter requirements and superior
expressive capabilities of quantum circuits. Thus, the selected
small-scale quantum circuits can be aligned with the compu-
tational capabilities of DSPs. By simulating quantum circuits
using complex number computations, the high expressibility of
quantum is harnessed within a classical computing framework.

We will provide a conceptual overview of quantum simula-
tion on DSPs. It involves the matrix forms of various quantum
rotation gates such as RX, RY, and RZ. Additionally, we
discuss the tensor product operations involved in composing
the overall matrix for a quantum system comprising multiple
qubits. For the detailed content of the SP Implementation of
HQDDPG, please refer to the supplementary material [47].

_ [ cos(0/2)  —isin(0/2)
BXO) = | isin(9/2)  cos(8/2) ] ’ o
[cos(0/2) —sin(6/2)
RY(0) = |sin(6/2)  cos(6/2) ] ’ o
i) To—i0/2
(0) = 0 e“’/Q] oY

As for a system with multiple qubits, the overall transfor-
mation applied to the quantum state can be represented as
the tensor product of individual gate matrices. For example,
if each qubit ¢ in a three-qubit system undergoes a rotation
described by the gate matrix U;, the total operation across all
qubits is given by:

Uit = U1 @ U2 @ Us (35)

Quantum simulation in DSPs allows for precise quantum
circuits and avoids the error-proneness of real quantum com-
puters [49].
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IV. RESULTS AND DISCUSSIONS

In this section, we validate the proposed HQDDPG against
three methods: the classical DDPG, the DCR-based fuzzy logic
control [43] and Dimensionality-reduced DP [27]). The HQD-
DPG and classical DDPG algorithms were both programmed
in PyCharm and solved using PyTorch on an Intel i7-13700K
processor with 64GB RAM. The validation is processed in a
Controller Hardware-in-the-Loop (CHIL) platform, as shown
in Fig. 4, involving the RT-Unit-BOX206, equipped with TI
DSP TMS320C28377, 32-bit floating point processor, to run
the EMS and OPAL-4510 to run the MFCV HPS model. We
compare the EMSs under three driving conditions, which are
randomly combined with different micro-trips.

A. System Configuration and Comparative Methods

This study uses the MFCV HPS, whose structure is shown
in Fig. 1 and parameters are listed in [27].

Method #1 (Classical Composite DDPG): It features an ac-
tor network composed of fully connected layers. The activation
functions for the hidden layers are ReLU, while the output
layer employs a Sigmoid function. The network architecture
includes layers with n, = 3, 100, 60, 40, n, = 3 neurons,
where n, and n, represent the number of states and actions,
respectively. This model is trained over 1200 episodes, using
the same reward function as the HQDDPG. It is trained on a
composite driving condition formed by all micro-trips, without
DCR.

Method #2 (HOQDDPG without DCR): This method employs
the HQDDPG but without the use of DCR. The actor and
critic architectures in this method are identical to those in
the proposed method. However, unlike the proposed method
which trains on categorized driving cycles, this method trains
the HQDDPG across a unified dataset combining all micro-
trips, similar to Method #1.

Method #3 (DCR-based Fuzzy Logic Control [43]): It is
adapted for three distinct categories of driving conditions. For
each category, its fuzzy membership functions are optimized
offline through genetic algorithms.

Method #4 (Dimensionality-reduced DP [27]): It can obtain
the global optimal power distribution of the MFCV HPS
energy management problem because the global information
must be provided. Therefore, it cannot be used as a real
time EMS and serves as a benchmark to provide the optimal
reference for comparative analysis.

B. Performance for Economic Metrics

In Fig. 5(al)-(a3), the black lines indicate the MFCV’s
velocity under three test conditions, with real and DCR types
represented by red and blue lines, respectively. The DCR
accuracies for the three conditions are 86.62%, 79.31%, and
75.35%, respectively. Fig. 5(b1)-(b3) depict the fuel cell output
power of the proposed HQDDPG algorithm against three
methods concerning the fuel cell output power under three
driving conditions. The HQDDPG algorithm, trained under
three driving condition types, shows distinct characteristics:
For the first type, characterized by high power demands, all
three fuel cells contribute to meet the demand power. In the
second type, although the demand power is less than that of
the first type, it still exceeds the capacity of a single fuel
cell, with two or three fuel cells output together. The third
type, marked by lower and more fluctuating power demands, is
predominantly managed by a single fuel cell. As for method #1
and #2, they have similar state-value functions, so their overall
fuel cells’ power outputs are similar to HQDDPG. Method #3,
operating on an average power distribution under the fuzzy
logic optimized via genetic algorithms, maintained a more
stable output across varying demands, ensuring timely power
support during peak demand power. Method #4, representing a
global optimum, achieves the most effective power distribution
and serves as a benchmark for other methods. Fig. 5(c1)-(c3)
showcases the SOC across different EMS. It is observed that
Method #3 exhibits the greatest fluctuations in SOC, showing
the largest deviations from Method #4. In contrast, HQDDPG
and Method #1 and #2 consistently maintain sufficient SOC
margins for charging and discharging at any time. Unlike
Method #4, which has complete driving condition information
allowing it to deplete battery power early and recharge before
ending without the risk of sudden power demands, HQDDPG
and Method #1 and #2 had to manage without this foresight.

Table I provides a detailed comparison of economic
metrics under three different driving conditions. The met-
rics include hydrogen consumption (Cpr,), equivalent hydro-
gen cost (Ceqr), degradation cost (Cgeg), total cost (L),
and the percentage of optimality (% Optimal), defined as
Mél%% x 100%, achieved by each method. HQDDPG
consistently demonstrates the highest optimality percentages,
achieving 86.76%, 88.60%, and 88.41% across the three driv-
ing conditions respectively, underscoring its efficient use of
resources. Method #1 and #2, sharing a similar framework with
HQDDPG but without the DCR integration, shows optimality
percentages of 81.68%, 85.82%, 85.51% and 80.68%, 84.87%,
84.96%, respectively. The absence of DCR in Method #1
and #2 explains its suboptimal performance compared to
HQDDPG. Method #3 demonstrates reduced optimality that
equals 77.54%, 83.17%, and 84.67% respectively, indicating
a lower efficiency in more complex or demanding scenarios.
Method #4 serves as a baseline with 100% optimality.

C. Parameter and Training Performance Comparison

In this subsection, we evaluate and compare the parameter
and training performance of various methods implemented in
our study, including the HQDDPG with and without DCR, the
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Fig. 5. Detailed Analysis of EMS Performance Under Varied Driving Conditions: (al, a2, a3) Recognition results for Driving Conditions 1, 2, and 3
respectively; (bl, b2, b3) FC output power for each condition; (c1, c¢2, ¢3) SOC variations corresponding to each driving condition.

DDPG with the same number of parameters as HQDDPG, and
a DDPG with a larger parameter set (Method #1).

To illustrate the parameter number of different methods,
we present a detailed comparison in Table II. The parameter
counts for each model are calculated based on their network
architectures.

As demonstrated in Table II, the HQDDPG models sig-
nificantly reduce the number of parameters. The HQDDPG
without DCR requires only 21 parameters. This model is struc-
tured around three quantum bits, each connected to a strongly
entangled layer comprising three rotational transformations,
Z-Y-Z rotations, per qubit, amounting to 3 X 3 parameters

for these rotations [47]. Additionally, the model includes a
classical linear layer, contributing an extra 3 X 3 parameters
for the weights and 3 parameters for biases, thus totaling 21
parameters. When DCR is applied, this model architecture
is replicated across three different driving cycle types then
tripling the parameters, leading to a total of 63 parameters.

In comparison, the parameter-matched DDPG uses 24 pa-
rameters. It is configured with a single hidden layer containing
3 neurons. This setup includes 3 x 3 parameters for the weights
connecting the input layer to the hidden layer, 3 bias terms for
the hidden layer, 3 x 3 parameters for the weights connecting
the hidden layer to the output layer, and 3 biases for the output

TABLE I

EMS PERFORMANCE COMPARISON

Driving Condition 1

Driving Condition 2

Driving Condition 3

Method Cu, Ceqn Cleg L % Optimal ~ Cp, Ceqrr Cleg L % Optimal ~ C, Ceqrr Cleyg L % Optimal
HQDDPG  379.1 -8.042 83.23 454.29 86.76 % 641.6 -9.347 140.3  772.55 88.60% 558.7 -10.50 122.1  670.30 88.41%
Method #1  402.0 -9.859 90.41 482.55 81.68% 663.4 -1476 149.0 797.64 85.82% 5752 -11.35 1292 693.05 85.51%
Method #2  412.8 -12.01 87.76  488.55 80.68% 677.0 -16.06 1456 806.54 84.87% 562.2 1695 120.8  697.5 84.96%
Method #3  398.0 26.170 84.16  508.33 77.54% 6769 0226 1459 823.03 83.17% 585.3 -14.3 126.5  699.95 84.67%
Method #4  318.0 2956 7320 394.16 100.00% 555.0 1796  127.7  684.50 100.00% 480.5 1.532  110.6  592.63 100.00%




TABLE II
COMPARISON OF PARAMETER COUNTS AND ESTIMATED MEMORY USAGE ACROSS DIFFERENT METHODS

Method Configuration Total Parameters Memory Usage (Bytes)
HQDDPG without DCR 1x34+3x3+3 21 84
HQDDPG with DCR 3x(1x34+3x3+3) 63 252

DDPG (Parameter-Matched) 3xXx34+3+3x34+3 24 96

Classical DDPG (Method #1) 100 x 3 + 100 4 60 x 100 + 60 4 40 x 60 + 40 + 3 x 40 + 3 9023 36092
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Fig. 6. Comparison of training curves for HQDDPG and parameter-matched
DDPG.

layer, totaling 24 parameters. The classical DDPG (Method
#1) utilizes a network architecture with large hidden layers
of 100, 60, and 40 neurons, resulting in a significant total of
9023 parameters.

A comparative analysis of the training curves for HQDDPG
and a parameter-matched DDPG across all driving conditions
are conducted. Nine random seeds for training are utilized
to obtain a distribution of training rewards. Fig. 6 displays
the resulting reward distribution, demonstrating that HQDDPG
consistently converges to effective EMS across different seeds,
achieving stable reward values. In contrast, the DDPG model
with equivalent parameters fails to converge, further substan-
tiating the superior expressiveness of HQDDPG.

D. Quantum Circuit Behavior Analysis Across Different Driv-
ing Conditions

In this section, we compare the training parameters of the
PQC under diverse driving conditions. To intuitively compare
parameters, the Bloch sphere visualization is employed, map-
ping the PQC qubits’ quantum states [50]. Fig. 7 showcases the
quantum states of three qubits under different driving condition
types. This approach involves uniformly sampling states across
the entire feasible input range and subsequently processing
them through the PQC for accurate state preparation and
measurement. The color progression from green to blue in
the figure symbolizes the sequence of input states processed
by the PQC. It facilitates a visual observation of how the
inputs map onto the quantum states, akin to observing how
input data traverses through a network, influencing neuron
activations at each layer. Furthermore, the degree of similarity
observed among the quantum states across different driving
conditions can be interpreted as an indicator of analogous

behavior in response to these conditions. Essentially, the closer
the quantum states appear on the Bloch sphere under varying
inputs, the more similar their operational responses are. This
resemblance suggests that the PQC maintains a consistent
energy management strategy across similar driving scenarios,
changing when faced with significantly different conditions.
Such insights are crucial for refining the PQC’s parameters
to enhance energy management efficiency, ensuring optimal
performance and sustainability of the system under diverse
operational demands.

In Fig. 7, we find that the distribution of different qubits
under various types appear similar, illustrating commonalities
in the energy management problem of MFCV HPS. For Types
1 and 2, where the demand power typically ranges from
medium to high, the similarity is more pronounced. In contrast,
Type 3, which deviates from the first two types in terms of
demand characteristics, displays the most distinct quantum
state distributions across the three qubits. This distinction is
particularly marked in the second qubit, where the distribution
transitions from a mixed state to a more progressive spread.

V. CONCLUSION

This paper proposes a DCR-based HQDDPG method tai-
lored for energy management in Multi-Stack Fuel Cell Hybrid
Vehicles. The proposed method harnesses the high expres-
siveness of PQC, thereby reducing the number of parameters
required for the EMS. By using quantum simulations, it
can be deployed on DSPs for high economic metrics and
small memory requirements. For validation, experiments are
conducted on the CHIL platform, composed of RT-Unit-
BOX206 and OPAL-4510. It is concluded that the HQDDPG
method outperforms other methods under three test driving
conditions, achieving efficiencies of 86.76%, 88.60%, and
88.41% respectively. Future work will focus on refining PQC
structures to enhance their expressiveness and improve the
economic metrics in MFCV HPS energy management.
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