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Abstract: Fuel cell hybrid electric trucks have become a cutting-edge field in understanding urban
traffic emissions due to their enormous potential in low-carbon areas. In order to improve the econ-
omy of fuel cell hybrid electric trucks and reduce the decline of fuel cell lifespan, this paper proposes
a multi-objective energy management strategy that optimizes weight coefficients. On the basis of
establishing a fuel cell battery hybrid system model, three modes of uniform speed, acceleration, and
deceleration were identified through clustering analysis of vehicle speed. Reinforcement learning
algorithms were used to learn the corresponding weights for different modes, which reduced the
decline in fuel cell life while improving the economic efficiency. The simulation results indicate
that, under the conditions of no load, half load, and full load, the truck only sacrificed 0.9-5.6%,
1.7-2.6%, and 1.2-1.6% SOC, saving 5.7-6.45%, 5.9-6.67%, and 6.1-6.67% in lifespan loss, and reducing
hydrogen consumption by 3.0-7.1%, 2.8-4.4%, and 1.0-3.0%, respectively.

Keywords: fuel cell hybrid electric trucks; energy management strategy; reinforcement learning;

multi-objective optimization

1. Introduction

Fuel cell hybrid power systems have tremendous potential for reducing carbon emis-
sions from trucks [1,2]. Especially in the context of the increasing global environmental
awareness and the demand for sustainable transportation solutions, this technology is
emerging as a forefront area for addressing urban transport emissions and economic
efficiency issues [3].

However, to unlock the full potential of such hybrid power systems, we must confront
several challenges. A key challenge lies in finding an equilibrium between various conflict-
ing optimization goals, including vehicle efficiency, the State of Charge (SOC) of the battery,
and the durability of fuel cells [4,5]. Traditional approaches often rely on experience, rules,
or optimization algorithms. Ming et al. developed a strategy for managing energy that
employs fuzzy logic control, resulting in significant energy conservation [6]. This approach
offers benefits such as a straightforward design, reduced computational demand, and supe-
rior operational speed, rendering it more appropriate for real-time energy management
applications. Nonetheless, the determination of threshold parameters often depends on
empirical knowledge, which may not ensure the optimal improvement in vehicle fuel
efficiency. Xie et al. utilized Pontryagin maximum principle (PMP) to solve the energy
management problem of plug-in hybrid trucks and verified the effectiveness and flexibil-
ity of this strategy in both long-distance and short distance scenarios [7]. This method
enhances both the fuel efficiency and the system longevity of fuel cell hybrid vehicles.
These energy management strategies are based on optimization theory and constrained
by system state or control variables, with hydrogen consumption or other system states as
optimization objectives, to optimize energy allocation results [8]. However, these methods
do not account for the varying weights of different optimization objectives under different
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driving modes, making it difficult to achieve precise control over energy allocation, thereby
limiting the optimization performance of hybrid power systems [9].

To tackle this challenge, this study presents a learning-based algorithm aimed at
exploring an intelligent, adaptive control strategy, facilitating efficient multi-objective opti-
mization [10]. Through the training of weight coefficients across acceleration, steady-speed,
and deceleration scenarios, our goal is to attain the optimal balance between vehicle econ-
omy, SOC, and fuel cell longevity. This approach not only enhances truck performance
but also reduces operational costs, thereby maximizing the lifespan of the hybrid power
system [11]. Currently, there is a significant body of research focusing on weight learn-
ing, Takayama et al. introduced a new algorithm that uses the framework of inverse
reinforcement learning (IRL) to estimate weights based on the reward vectors and expert
trajectories of each target [12]. Kang et al. proposed a weight aggregation strategy to
calculate weights for problems with two optimization objectives [13]. These rich weight
optimization methods provide convenience for our weight training.

While there have been studies on learning multi-objective optimization weight coef-
ficients, research specifically addressing multi-objective weight optimization for fuel cell
hybrid electric trucks is lacking. Moreover, the demand power of fuel cell hybrid trucks is
significantly influenced by their cargo capacity, presenting challenges for the learning of
multi-objective weights.

Building upon the aforementioned analysis, this paper integrates multi-objective op-
timization weight coefficients with optimization algorithms to learn weights for various
driving modes of hybrid electric trucks with different load capacities. The objective is to
enhance fuel economy, preserve battery SOC, and mitigate fuel cell degradation. The opti-
mization algorithm is employed to derive power allocation outcomes. The paper offers the
following innovations:

* A strategy for managing energy in fuel cell hybrid electric trucks, which employs
multi-objective optimization and integrates learned weight parameters, has been put
forward. This method has proven to effectively improve fuel economy.

¢ C(luster the driving speed using the K-means algorithm, dividing it into three driv-
ing modes, acceleration, deceleration, and constant speed, and using reinforcement
learning to train the weight coefficients under different driving modes.

*  To address the significant impact of varying load capacities on truck power demand,
reinforcement learning was utilized to calculate weight coefficients customized for
different load capacities. The efficiency of the suggested algorithm was confirmed
through its application in a variety of driving cycles.

The rest of this document is organized in the following manner: Section 2 outlines a
system model for fuel cell hybrid trucks, Section 3 delves into multi-objective optimiza-
tion strategies designed for these trucks, Section 4 describes methods for driving mode
recognition and weight coefficient training, Section 5 discusses the simulation outcomes,
and Section 6 wraps up the paper with a conclusion.

2. Fuel Cell Hybrid Electric Trucks System Modeling

This document centers on fuel cell hybrid electric trucks, with fuel cells functioning
as the main power source and batteries providing supplementary power. Both systems
function as transmission systems through DC/DC converters. The structure is shown in
Figure 1.
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Figure 1. Structure diagram of fuel cell hybrid electric trucks transmission system.

2.1. Vehicle Demand Power Modeling

Vehicle operational power demand is impacted by factors including acceleration,
speed, and incline. These parameters are detailed in Table 1, with the vehicle’s power
calculation process described as follows:

do
F,= mva 1)
F,= cmgucos(z) 2)
1
L= Epchfv?’ 3)
Fy= mgusin(z) (4)
Py=(Fa+F+F+F)y 5)

in this equation, F, represents inertial force, F, represents the component of gravity along
the slope direction, F; represents the resistance that a vehicle needs to overcome while
driving, F; represents the component of the vehicle’s gravity in the vertical direction of
the slope, m represents the vehicle mass, % represents the rate of change of velocity, ¢
symbolizes the constant rolling resistance coefficient discussed in this paper, g stands for
the acceleration due to gravity, z denotes the incline of the road, p represents the density
of the air, C; indicates the air resistance coefficient, # is the transmission efficiency of the
vehicle motors, and Ay signifies the frontal area of the vehicles.

Table 1. Fuel cell hybrid electric truck parameters.

Parameters Value
7 0.96
c 1.01
g (m/s) 9.81
Cy 0.5
p (kg/m3) 1.22
m (kg) 4400
Mgy (kg) 6510
A (m?) 6.5

2.2. Hydrogen Consumption Model and Life Decay Model for Fuel Cell

In this paper, a 150 kW fuel cell system similar to Ballard Power Systems is chosen
as the primary focus. The relevant indicators are presented in Table 2. As the working
mechanism of the fuel cell is intricate, a balance between model accuracy and computa-
tional efficiency is sought. Therefore, hydrogen consumption is modeled based on the
efficiency data of the fuel cell. Furthermore, its efficiency curve is depicted in Figure 2.
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The lower heating value of hydrogen refers to the amount of heat released per unit mass
of hydrogen when it is completely combusted and releases heat. Therefore, the actual
hydrogen consumption is the ratio of output power to input power. Input power is the
product of efficiency and low calorific value. Following this, the hydrogen consumption of
the fuel cell is determined by the equation below:

Py

Cry = ——
quelQIL{[%[V

; (6)
In the equation provided, Cp, represents hydrogen consumption, 7, denotes fuel

cell efficiency, Py, refers to the power output of the fuel cell, and QLHI%IV stands for the
low calorific value of hydrogen, set at 120,000 ] /g. The curve illustrating the relationship
between hydrogen consumption and output power is displayed in Figure 3.

Table 2. Main parameters of the fuel cell.

Parameters Value
Type PEM
Rated power (kW) 150
Nominal operating [568 V, 267 A]
Nominal efficiency 55%
60 T T
50 - .
R 40 .
b=y
,§ 30 - .
=
%5 20 8
10 - 1
0 1 1
0 50 100 150
P, (kW)

Figure 2. Power efficiency relationship curve of the fuel cell.

3 T T

0 50 100 150
P, (kW)

Figure 3. Relationship curve between hydrogen consumption and output power.

This research utilizes an empirical model for fuel cell degradation to evaluate its
effect on the durability of the fuel cell. Degradation in fuel cells mainly occurs due to
fluctuations in load, start-stop cycles, periods of idling, and conditions of high-power
demand. The model describing fuel cell degradation is presented as Equation (7):

AY = Kp((kl‘fl + kot + k313 + k4C) + ’y), (7)



Energies 2024, 17, 1334

50f 15

where AY indicates the percentage degradation of the fuel cell’s lifespan, with 11, T, 13,
and c, respectively, representing the duration of idling, the duration of rapid load changes,
the duration of high-power load conditions during the operation of FCHET, and the number
of start—stop cycles. The coefficients k1, ky, k3, and k4 correspond to these parameters, while
7 denotes the natural decay rate of the fuel cell. K}, is the correction coefficient for the road
system. The values of these parameters can be found in the referenced study.

2.3. Battery State of Charge Model

In fuel cell hybrid electric trucks, batteries serve as secondary sources of energy.
The parameters for the batteries discussed are provided in Table 3. Utilizing the equivalent
internal resistance model, the current model of the battery, denoted as Iy, is established
in the following manner:

Pbutt = Voclbatt + IEZ;gttRbutt (8)

Voc Y V02c - 4Rintpbatt
Ly = , 9
batt ZRbatt ( )

where V. is the battery’s voltage, and R;;; is the battery’s resistance. Their relationship
with SOC is shown in Figure 4. After knowing the battery resistance and voltage, the SOC
can be updated as follows:

. I
SOC= — batt (10)
Qbatt
where Qy,y; is the battery capacity.
Table 3. Main parameters of the battery.
Parameters Value
Series 96
Parallel 3
Cell capacity (Ah) 6
Maximum power (kW) 70
Minimum power (kW) -70
0.6 ‘ Rgis Open-circuit voltage | ‘ 370
0.5 chg / 360
3 04 350 &
E g
& 0.3 340 ~
0.2 330
0.1 1 1 1 1 1 1 1 1 1 320

0.1 02 03 04 05 06 07 08 09
SOC

Figure 4. The relationship curve between the battery’s voltage and resistance varies with the SOC.

3. Multi-Objective Optimization Strategy for FCHETs

The overall process of this study is shown in Figure 5. Firstly, the vehicle speed trajectory
is planned for the truck based on road traffic light information. Then, K-means is used to divide
the vehicle speed patterns into three categories: constant speed, acceleration, and deceleration.
Finally, reinforcement learning is used to learn the weight parameters of the truck under
different loading states and driving mode conditions, and Pontryagin maximum principle—
model predictive control (PMP-MPC) is used to solve the power allocation.
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Figure 5. The overall research flowchart of this paper.

The MPC utilizes fuel cell and battery power as control inputs, with SOC acting as
a state variable. It solves the optimization problem while adhering to system constraints.
The objective function for optimization is displayed in Equation (11).

N-1

Y w1 Ch, (£)At + w3 (SOC iy — SOCips)
Poatt(t) Pre(t) i—0

min

+ wsAYAL,

st.: SOC(t+1) = feoe(t),

SOCpmin < SOC(F) < SOC max,
b batt,min <Ph batt(t) < B batt ,max~

Pfc,min < Pfc(t> < Pfc,maxr
Py(t) — Poart (1),

Pfc(t)

(11)

In Equation (11), SOC(t + 1) signifies the SOC at the subsequent sampling time,
computed through the state transition equation, with foc(.) indicating its discretized coun-
terpart from Equation (10). The parameters SOC,,;;, and SOC,,y establish the minimum
and maximum thresholds for the battery’s SOC, fixed at 0.2 and 0.8. Additionally, Psc yin
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and Py gy set the minimum and maximum power outputs for the fuel cell, whereas
Pyatt min and Ppayt max define the battery’s power output limits. P;(f) denotes the power
demand of the vehicle, calculated at each speed sample within the forecast horizon N.
The weight coefficients w1, wy, and ws are also specified.

This optimization challenge is constrained and first-order, necessitating swift resolu-
tion to maintain real-time system efficacy in fulfilling vehicular power needs. The Pontrya-
gin Maximum Principle (PMP) is apt for first-order optimization issues, offering an explicit
solution path and accommodating control constraints efficiently, aligning well with the
goal. For state variable constraints, penalty functions are integrated into the Hamiltonian
function to enforce compliance.

Addressing this optimization requires minimizing the Hamiltonian function, which is
structured as follows:

H(x(t),u(t),A(t), t) = w1 Wy, (£)At + w3 AYAt+
A(H) fsoe (£) +C(1),

where A(t) represents the co-state variable, and {(t) denotes the penalty function within
the Hamiltonian function, with its specific expression provided as follows:

(12)

zZ
ot) = 10 & e#(50C(()—S0Crin)
C
10 + ¢#(S0Cmax—SOC(#)) ’

+

(13)

where z, ¢, and s are adjustment coefficients.

To derive the optimal control input sequence, one must meet the essential conditions
set forth by the PMP, using the binary method to solve PMP, determining the range of
lambda values, and continuously iterating by calculating the midpoint of the current search
range, while continuously narrowing the search range until the final value condition of
the optimization objective is met. This optimization challenge is tackled by iteratively
navigating through the control input constraint range, choosing intermediary points to
gradually refine this interval. Following this, the A is integrated into the calculation to find
the Hamiltonian function’s minimum value.

4. Driving Pattern Recognition and Weight Learning

The driving route selected for this study traverses a mountainous town area in Japan,
encompassing 26 signalized intersections with available traffic light timing, slope details,
and speed limit information. Speed planning adheres to the principle of assessing whether
driving at the designated speed allows the vehicle to clear the intersection during the green
light phase. If passage through the intersection is feasible during the green light phase,
the vehicle maintains its speed. However, if passage is not feasible, the vehicle uniformly
decelerates before reaching the intersection, eventually coming to a stop and waiting until
it can safely proceed through the intersection. The selected speed planning curve of the
route and slope information are shown in Figure 6. The dashed line represents the time
when the red light is on, indicating that the vehicle cannot move forward at that time.

The speed curve from the graph indicates that the planned route mainly consists of
three driving modes: constant speed, acceleration, and deceleration. Generally, the optimal
weight coefficients within the same driving mode category are also similar. This paper
utilizes the K-means algorithm to identify driving cycle patterns and employs reinforcement
learning algorithms to learn weight coefficients based on different patterns, aiming to
further enhance optimization effectiveness. The non-optimized system can result in being
inferior to optimized trained systems in two aspects. This is because non-optimized systems
use a uniform weight coefficient for all driving situations, which can result in insufficient
use or recovery of the vehicle’s SOC under some high-power or low-power conditions,
leading to excessive use or waste of fuel cells and resulting in fuel cell losses.
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Figure 6. Speed optimization and driving distance simulation results.

4.1. Driving Pattern Recognition

This paper employs the K-means to partition driving modes based on acceleration
as the feature. Firstly, it calculates the acceleration of the driving cycle, then randomly
selects N initial cluster centers. It computes the distance between each acceleration data
point and all cluster centers, assigning each object to the closest cluster center. Finally,
when all acceleration data are assigned, it recalculates the cluster centers based on the
existing objects in each class, until the cluster centers are no longer optimized. The overall
flowchart is shown in Figure 7, and the driving pattern recognition result is shown as
Figure 8. It can be seen that clustering analysis can effectively identify three driving modes:
uniform speed, acceleration, and deceleration, which provides a foundation for weight
reinforcement learning.

4.2. Reinforcement Learning Optimization Weights

Reinforcement learning mainly includes elements such as agents, environments, states,
actions, and reward functions. The core idea is that agents constantly use trial and error
through interaction with the environment, and the environment updates the state based
on feedback reward signals, continuously improving strategies. The energy management
strategy, incorporating various weight optimization functions, functions as an intelligent
agent. It takes in the current state and rewards, initiates actions that influence the environ-
ment, and updates the status of hydrogen consumption, SOC, and fuel cell life depreciation
according to the predefined model for FCHETs. The objective of the reinforcement learn-

ing algorithms is to optimize the expected cumulative returns that agents garner from
the environment:

V*(s) =E (i ’y%) (14)
t=0

where 1 is the discount rate, E is the expectation, r; is an instantaneous reward at every
moment, and V*(s) is the expected cumulative return obtained.
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Figure 8. The figure of driving pattern recognition results.

On the basis of PMP solving optimization problems, this study uses Q-learning to
learn the weight coefficients under a different driving pattern. The Q-learning is a typical
temporal differential reinforcement learning algorithm that updates the strategy by iter-
ating the value function and optimizes the strategy by maximizing the Q-value function.
The updated rules are as follows:

{ Q(S,LI) = r(s,a) +7 Y ses Psa,s’ maX, Q*(S// a/) (15)
Q(s,a) <= Q(s,a) +7(r + ymaxy Q(s',a") — Q(s,a))

where Q(s, a) represents the value function of the current state action pair, that is, the value
of the final optimization objective, #, the learning rate. The intelligent agent of rein-
forcement learning needs to balance exploration and exploitation. On the one hand, it is
necessary to leverage existing experience to achieve greater returns and accelerate conver-
gence, but on the other hand, the current strategy may not necessarily be optimal and other
possible strategies need to be explored. This study uses the e-greedy algorithm to learn
weights. The detailed calculation process is shown in Algorithm 1.

Algorithm 1 Q learning algorithm

Initialize S;,a;
fort=1.T
Select a new weight a; 1 based on the current Q value, reward signals for receiving feedback ry, s’
Update Q value
Update status s’ — s
Obtain the optimal weight coefficient

In this study, different optimization objective weights were used as actions, the final
value of battery SOC was used as the current state, and the optimization objective function
value was used as the reward value. Acceleration, deceleration, and uniform speed were
used as training conditions, and the obtained rewards were stored in the Q table. The weight
coefficients corresponding to different driving modes were iteratively learned. In the
real world, it is necessary to adjust the weight coefficients in real-time to achieve the
goals of energy saving and reduction in fuel cell life degradation. By reading the state
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of acceleration, the current driving state of the vehicle can be identified, whether it is
in acceleration, constant speed, or deceleration, and then, the weight coefficients can be
adjusted accordingly.

5. Simulation Results and Discussion

The load of fuel cell hybrid electric trucks significantly influences the required power.
This section compares the optimization effects of trained weights and fixed weights under
varying truck loads—no load, half load, and full load—and analyzes the superiority of
the proposed strategy. To account for truck speed restrictions, multiple driving cycles
with a maximum speed below 90 km/h were selected to evaluate the effectiveness of the
proposed approach. The chosen driving cycles include the SC03 comprehensive driving
cycle and the HWFET non-stop driving cycle, covering common scenarios encountered
by trucks in daily operations. Simulation results are depicted in Figures 9 and 10. In the
SCO03 driving cycle, for instance, when the truck is unloaded, the fuel cell trained with
reinforcement learning weights exhibits smoother and lower power output at 100 s and
300 s, indicating improved fuel economy. Similarly, when the truck operates at half load,
the power output of the reinforcement learning-trained PMP is reduced at intervals like
300 s and 450 s to enhance fuel efficiency. At full load, the PMP trained with reinforcement
learning weights outputs lower and more stable power at moments such as 100 s and 400 s,
thereby reducing both lifespan loss and hydrogen consumption. Additionally, the SOC of
the batteries remains consistent across different loading conditions, demonstrating that our
proposed algorithm effectively enhances fuel economy while mitigating fuel cell lifespan
loss. In the HWFET non-stop high-demand power driving cycle, the weight-trained PMP
also yields superior results across varying load conditions. Table 4, Figures 9 and 10
presents quantitative data for a comprehensive understanding of the results depicted in
the figures. It is evident across both driving cycles that the PMP algorithm, when fine-
tuned with specific weight adjustments, can minimize fuel cell degradation while slightly
compromising SOC levels, thus enhancing fuel efficiency under unloaded, partially loaded,
and fully loaded conditions.

Table 4. PMP optimization results of whether reinforcement learning is used to train parameters
under SC03 and HWFET driving cycles.

Driving Cycle Algorithm Cargo Capacity Fuel Cell Loss Rate %  SOC Hydrogen Consumption (g)
Unloaded condition 0.0031 0.4456 96.0211
PMP without RF Partial load 0.0030 0.4172 127.6944
SC03 Maximum load 0.0030 0.3947 164.4282
Unloaded condition 0.0029 0.4416 93.1039
PMP with RF Partial load 00028 0.4101 122.0544
Maximum load 0.0028 0.3882 159.4898
Unloaded condition 0.0035 0.4570 373.4555
PMP without RF Partial load 0.0034 0.4071 384.6405
HWEET Maximum load 0.0033 0.3552 410.3823
Unloaded condition 0.0033 0.4311 346.8441
PMP with RF Partial load 0.0032 0.3966 373.8292

Maximum load 0.0031 0.3510 406.117
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Figure 10. Comparison of PMP optimization results using reinforcement learning training weights
under HWFET driving cycle. (a) Unloaded condition. (b) Half load. (c) Full load.
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6. Conclusions

To optimize the driving performance of trucks across various loading conditions—
specifically during phases of acceleration, maintaining a constant speed, and deceleration—
a sophisticated weight learning-based Predictive Model Predictive Control (PMP) optimiza-
tion strategy is introduced. This innovative approach leverages reinforcement learning
to dynamically adjust weight coefficients throughout the optimization process. These
adjustments are based on the truck’s current cargo capacity and driving state, enabling
a tailored approach to energy management. The primary objective of this strategy is to
enhance fuel efficiency and reduce operational costs without compromising the vehicle’s
performance. By intelligently managing the trade-off between fuel cell lifespan and hydro-
gen consumption, the strategy aims to minimize the environmental impact and operational
costs of truck operations.

This strategy’s efficacy is demonstrated through its application under varying load
conditions, as evidenced by the results obtained from the SC03 driving cycle test. Specifi-
cally, the truck exhibited a notable reduction in fuel cell life loss—6.45%, 6.67%, and 6.67%
for no-load, half-load, and full-load conditions, respectively. This improvement in fuel cell
longevity is achieved at the expense of a slight decrease in the State of Charge (SOC)—0.9%,
1.7%, and 1.6% for each loading condition correspondingly. Despite this, the strategy suc-
cessfully achieves a significant reduction in hydrogen consumption—3.0%, 4.4%, and 3.0%
for no-load, half-load, and full-load conditions, respectively—showcasing the strategy’s
ability to balance between operational efficiency and resource conservation.

Further validation of this optimization strategy is seen under the HWFET (Highway
Fuel Economy Testing) driving cycle, which simulates uninterrupted driving conditions.
In this scenario, the truck demonstrates a reduction in fuel cell lifespan loss by 5.7%,
5.9%, and 6.1% across varying load conditions. Concurrently, hydrogen consumption
decreases by 7.1%, 2.8%, and 1.0%, illustrating the strategy’s robustness and adaptability to
different driving cycles and load scenarios. This outcome signifies the strategy’s potential
to significantly enhance the sustainability and economic viability of truck operations by
optimizing fuel cell usage and minimizing hydrogen fuel consumption, all while carefully
managing the SOC to ensure operational readiness and performance. In the real world,
the reduction in fuel cell losses in the real world will decrease, because in this study, we
only considered three optimization objectives: hydrogen consumption, battery lifespan
loss, and battery SOC. However, in the real world, more optimization factors need to be
considered, so the actual loss may be decreased.

Future research will focus on investigating the impact of more detailed slope and
cargo capacity on multi-objective optimization weights.
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