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Abstract

Proton exchange membrane fuel cell vehicles (PEMFCVs) have attracted widespread at-
tention in recent years. However, there are many challenges existing in the development,
such as the durability and economy of the fuel cell system (FCS). In this investigation, a
fuzzy energy management strategy based on Grey Bernoulli Prediction (FEMS-GBP) is
proposed to mitigate these two issues. Grey Bernoulli Prediction (GBP) is used to predict
the FCS short-term future power demand with a low calculation amount, which is suitable
for real-time on-board applications in PEMFCVs. Therefore, FEMS-GBP can proactively
adjust FCS output power to reduce large load change times during PEMFCV operation,
thereby improving FCS durability. Fuzzy control is employed to accomplish the energy
management task between the FCS and the battery for better fuel economy. Numerical
simulations and experiments under different vehicle driving cycles are carried out to
evaluate the performance of FEMS-GBP. By comparing it with two other conventional
energy management strategies, FEMS-GBP is demonstrated to be feasible and effective, as
it achieves favorable performance in balancing durability and economy, especially under
practical driving conditions.

Keywords: proton exchange membrane fuel cell; durability; grey prediction; energy
management strategy

1. Introduction

As a new type of clean energy vehicle, the proton exchange membrane fuel cell vehicle
(PEMECV) has attracted widespread attention in recent years. Its core technology lies in
proton exchange membrane fuel cells (PEMFCs), which can directly convert hydrogen
and oxygen into electrical energy through electrochemical reactions with zero emissions.
Compared with conventional internal combustion engines, PEMFCs have a significant
advantage in energy conversion efficiency, with well-to-wheel efficiency that 30% higher
than that of conventional internal combustion engines [1]. The typical efficiency of a
PEMFC ranges from 40% to 60% [2]. Hu et al. [3] conducted an experiment on a fuel
cell-powered hybrid city bus, where a maximum efficiency of 49% was achieved at 15 kW
load. Additionally, with fast hydrogen refueling and long endurance ability, PEMFCV is
suitable for both long-distance travel and urban transportation.

Currently, PEMFC can reach a high mass power density of 1000 W-kg~!, and the
power density of the PEMFC stack with end plates has exceeded 4.4 kW-L~! [2]. The
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stack volume power density is expected to reach 6 kW L~ in a few years, with the work-
ing current density and cell voltage increasing to 34 A-cm~2 and 0.7-0.8 V, respectively.
Furthermore, an ultimate stack target of 9 kW-L~! may be achieved with further devel-
opments, with cell operating points raised to even higher levels, such as 4-5 A-cm 2 and
0.8-0.9 V [4]. However, many challenges still exist in its development, such as durability
and economy [5]. Specifically for durability, working conditions such as frequent start-stop,
large load change and extreme environments will accelerate fuel cell system (FCS) degrada-
tion. And for fuel economy, the hydrogen price and FCS efficiency during vehicle operation
are the main influencing factors, and the market promotion is seriously affected by the
high total cost of ownership (TCO). In order to improve the economy and durability of
PEMECYV, improvements need to be made in terms of energy management and durability
control methods.

A durability research method at the FCS scale was exhibited in [6], which conducted
experimental studies on FCS failure modes. It was found that the FCS dry operation,
start-stop cycle, and gas diffusion layer (GDL) flooding are typical failure modes of FCS.
To address the degradation issue affecting the FCS durability, a compound energy man-
agement strategy was proposed in [7]. This strategy combined a sliding average filter
with fuzzy and switching control. It effectively reduced start-stop cycles and low-load
conditions, and FCS durability under frequent load changes is improved. In ref. [8], the
FCS performance changes under load cycling conditions were investigated using an or-
thogonal experimental method. The study concluded that load cycling should be avoided
in the initial stage after FCS is put into operation. In ref. [9], an interpretable data-driven
framework for predicting FCS degradation under dynamic conditions was proposed. Sys-
tem parameters were used to construct virtual voltages, serving as health indicators for
degradation forecasting. In ref. [10], a new dynamic health indicator, the relative power
loss rate (RPLR), was proposed to represent the degradation state under load changes. In
ref. [11], a neural network optimized by genetic algorithms was proposed. The network
was designed to avoid unnecessary start-stop cycles and rapid load changes. However,
the above literature primarily addresses the durability of FCS, with limited consideration
given to FCS fuel economy.

Recent research has made substantial progress in developing a health-aware energy
management strategy (EMS) that can balance FCS durability and fuel economy of PEMFCV.
In ref. [12], the FCS start-stop state was treated as a state variable, with an idle transition
period introduced to enable adaptive control of start-stop intervals. The FCS performance
degradation index represented durability cost, while vehicle energy consumption reflected
economic cost. A joint cost function is then constructed. In ref. [13], an energy management
strategy for FCS buses was designed based on the Pontryagin Minimum Principle (PMP).
Here, FCS power was treated as the control variable, energy consumption was minimized
as the objective function, and FCS durability was included as a constraint. In ref. [14], to
address the durability and efficiency challenges of heavy-duty long-haul transportation,
a health-conscious EMS was proposed with a dual-stage predictive control structure and
the multi-objective optimization of fuel consumption, fuel cell degradation, and battery
degradation. In ref. [15], a degradation-considering adaptive equivalent consumption
minimization strategy (D-ECMS) was employed to improve the economy and durability of
the fuel cell vehicle. The particle swarm optimization (PSO) algorithm was used to optimize
the penalty factor under different vehicle speed conditions, and a BP neural network
was used to identify real-time conditions to form an adaptive equivalent consumption
minimum strategy. In ref. [16], an online model predictive control (MPC)-based EMS with
adaptive weighting factors was introduced, which incorporated two objectives: minimizing
total operating cost and reducing the degradation disparity between the fuel cell and
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battery. In ref. [17], a reinforcement learning energy management strategy based on driving
condition recognition was proposed. In this method, an unsupervised clustering strategy
was used for the classification of vehicle driving conditions, and then driving conditions
were employed to train different agents in deep Q-network learning. The deep Q-network
learning strategy with a reward value function that integrates fuel consumption and fuel cell
life decay was developed. In ref. [18], the EMS based on double-delay deep deterministic
policy gradient (TD3) deep reinforcement learning, which considers energy degradation,
economic efficiency, and driving conditions, was introduced. The results showed that the
EMS not only achieved a reduction in the FC system degradation but also lowered overall
operational costs. In ref. [19], a health-aware fuzzy logic (FL) EMS aimed to improve energy
efficiency and extend fuel cell system lifespan was introduced. The FL-based EMS was
developed using vehicle power demand and battery state of charge (SOC) as inputs, with
the FCS power change rate as the output, aiming to mitigate degradation induced by abrupt
load transitions. Meanwhile, another health-aware hierarchical EMS (HH-EMS) with a
two-layer fuzzy control structure was proposed to jointly optimize energy source-durability
and vehicle energy consumption in ref. [20].

In this paper, considering the real-time requirements and highly fluctuating loads of
on-board vehicle applications, a fuzzy control energy management strategy based on Grey
Bernoulli Prediction (FEMS-GBP) will be proposed, which also simultaneously considers
both fuel economy and durability. Fuzzy control is used to efficiently distribute power
between the FCS and the lithium battery, ensuring the FCS operates within a high-efficiency
range, thereby improving its fuel economy. The Grey Bernoulli Prediction (GBP) model
predicts FCS power demand for the next cycle with a low calculation amount, as few as four
data points, enabling preemptive adjustment of FCS output to avoid large load changes
and extend FCS lifetime.

Grey prediction has been successfully applied to various prediction tasks, including
electricity consumption forecasting [21,22], trend prediction of public health emergen-
cies [23], GDP forecasting [24], grain production prediction [25], and so forth. The GM(1,1)
model is the most widely utilized model in grey prediction. Compared with the GM(1,1)
model, the GBP model can better adapt to complex and nonlinear data variations by in-
troducing a nonlinear parameter 7y [26]. The GBP model is built based on the Bernoulli
differential equation, and the GM(1,1) model is the special form of the GBP model when
v being 0. In the GBP model, the original data sequence should be non-negative or trans-
formed into a non-negative sequence through data processing methods, such as data
shifting. And after one-time accumulated generating operation (1-AGO), the model ex-
hibits an approximate exponential trend. -y serves as an adjustable parameter that endows
the GBP model with excellent flexibility. If the exponent y could be selected properly, the
flexibility and prediction accuracy of the GBP model are enhanced, making it suitable for
scenarios with large fluctuations. It has been successfully employed to forecast power
generation in China, South Korea, and India [27], and applied to traffic flow prediction [26],
among other applications. Since grey prediction can achieve reliable forecasting with a
small dataset and adapt to varying operating conditions and environmental changes, it is
also suitable for real-time online applications in vehicle power demand prediction [28,29].

The remainder of this paper is organized as follows. Section 2 analyzes the degradation
factors of FCS and the indicators used for evaluating performance degradation in this study.
Section 3 introduces the topology and model of the FCS. Section 4 presents and explains
FEMS-GBP. Section 5 introduces the experimental method, and the experimental results
are analyzed.
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2. Analysis of FCS Performance Degradation

The main reason for FCS performance degradation is attributed to harsh working
conditions, such as frequent start-stop cycles, temperature fluctuations, humidity changes,
and load variations. These factors collectively present multiple challenges for FCS during
actual operation. The study of FCS performance degradation can be simplified by analyzing
degradation mechanisms under four severe conditions: start-stop cycles, idle operation,
load changes, and high loads [30].

2.1. FCS Performance Degradation Factors

FCS start-stop cycles significantly impact performance and accelerate degradation [31].
In actual operation, frequent start-stop cycles in PEMFCVs result in a substantial reduc-
tion of platinum mass and surface area in the catalyst layer, causing severe temperature
variations and current density fluctuations in both the catalyst and the proton exchange
membrane. These effects accelerate catalyst deactivation and membrane degradation, ulti-
mately reducing electrochemical activity [32]. High transient output voltage is considered
the main factor contributing to the aforementioned performance degradation [33]. In
ref. [34], the degradation mechanisms of PEMFC during start-stop were analyzed, summa-
rizing three key mitigation strategies for start-stop degradation: disrupting carbon carrier
corrosion conditions, reducing the duration of the hydrogen—air boundary at the anode,
and limiting the potential of the cathode catalyst layer. In ref. [35], the gas distribution
process of FCS during start-stop was analyzed, summarizing the main mechanisms and
factors contributing to degradation. Solutions for material improvement and system control
were proposed to address PEMFC degradation and extend lifetime, providing a foundation
for improving system performance.

The impact of idle operation on FCS lifetime is mainly reflected in the membrane
becoming dry and the internal resistance increasing. In ref. [36], a new accelerated testing
method was proposed to evaluate membrane electrode assembly (MEA) durability under
actual fuel cell vehicle conditions, including idle operation. Experimental results showed
that this method effectively degrades the membrane electrode in a short time, thereby
affecting the long-term performance and FCS lifetime under idle conditions.

Frequent load changes are the main reason for FCS performance degradation [37].
These changes force FCS to switch repeatedly between different loads, resulting in signif-
icant fluctuations in electrochemical reaction rates and temperature. These fluctuations
degrade the catalyst layer and membrane electrode, ultimately reducing the overall lifetime
of FCS. In ref. [38], a new method was developed to describe FCS voltage changes and
reactant gas distribution under steady-state and dynamic conditions. This method serves
as a reference for optimal control and structural design of FCS high dynamic response.

High load conditions typically increase internal cell temperature and decrease reactant
concentration, accelerating catalyst degradation and membrane loss, ultimately shortening
FCS lifetime. In ref. [39], it was pointed out that high load conditions cause Pt cluster
migration and local hot spots, leading to membrane perforation. The degradation of FCS
under high load conditions was investigated in [40] through accelerated stress testing,
revealing significant catalyst degradation.

As mentioned above, the FCS degradation process is complex, and physical modeling
of fuel cell degradation is challenging. Some scholars have proposed an empirical model
that evaluates the voltage degradation of fuel cells in automotive applications in previous
studies [14,18,41].

AVrcs = kp X (8ssNstarts + O1pt1p + Opptnp + 01 Nar), 1
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where AVrcs is the voltage degradation; Jss, 5lp, Jhp, 641 are the performance degradation
rates resulting from start-stop cycling, idle operation, high load operation, and dynamic
loading, separately; Nstarts, tip, thp, Ny are the number of start-stop cycles, the idle operating
time, the time operating at high load, and the dynamic load changing cycle times; k, is the
ratio of the voltage degradation of the real driving cycle and the voltage degradation of the
tested driving cycle in the lab.

2.2. Assessment Method of FCS Performance Degradation

Research on FCS durability under various working conditions has broad applicability.
It primarily focuses on performance degradation resulting from four key conditions: start-
stop, idle, load change, and high load [5]. The most representative method is the accelerated
evaluation method for FCS lifetime, as described in Equation (1) proposed in [41], which is
developed with data from fuel cell vehicles and laboratory test data from fuel cell stacks.
This model evaluated FCS performance degradation rates under four conditions: start-stop,
idle, load changes, and high load. The results indicated that varying load conditions and
start-stop cycles are the main factors for FCS degradation, with one-third attributed to
start-stop cycles and 56% due to load changes, particularly large load changes. In the period
of start-stop cycling, the fuel cell degradation is related to the high open-circuit voltage.
The effect of start-stop cycling on the fuel cell lifetime is much less, which can almost be
ignored, while the fuel cell voltage remainder is dispelled betimes after every start-stop
cycle [41]. In ref. [15], it is pointed out that in actual driving conditions, the demand power
of the vehicle always fluctuates frequently, and it spends much more time in dynamic
load changing conditions than in the other three unfavorable conditions. Therefore, the
dynamic load changing condition has the greatest impact on the durability decline of fuel
cells, followed by the start-stop process, idle operation, and high-power conditions. Huo
et al. [18] also indicate that the high transient power requirements of FCS can accelerate
degradation and lead to premature breakdown.

To verify the effect of dynamic load variation conditions on fuel cell durability, a load
cycling test was conducted on a short stack consisting of the same single cells as the FCS
studied behind. The experimental setup is shown in Figure 1.

Fucl cell stack
test bench

Figure 1. Experimental setup of the load cycling test.

During the test, the load cycled between 76 A and 760 A, with a load variation range
of 90% of the rated power, and the load variation profile is presented in Figure 2. To
investigate the influence of high transient power demands on durability, two loading rates,
namely 40 A-s~! and 10 A-s~!, were adopted, and 50 h tests consisting of approximately
75 cycles were performed sequentially at these two rates.
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Figure 2. The load variation profile.

The performance was evaluated at the current of 760 A, as illustrated in Figure 3. Break-
points in the curve in Figure 3 were caused by start-stop operations. The initial average
cell voltage was 0.647 V. After 50 h of cycling at 40 A-s~! loading rate, the average voltage
decreased from 0.647 V to 0.625 V, corresponding to a degradation rate of 293.3 uV-cycle !,
as the parameter J; described by Equation (1). Following an additional 50 h of cycling at
10 A-s™!, the average voltage dropped from 0.636 V to 0.626 V, with a degradation rate of
133.3 uV-cycle l. In this experiment, the performance degradation rate at 40 A-s~! was
significantly higher than that at 10 A-s~!, indicating that high transient power demands of the
FCS can accelerate performance degradation. Therefore, reducing large dynamic load changes
can significantly extend FCS lifetime, and this paper primarily evaluates FCS performance
degradation, focusing on high transient power demands.

08

S 074
= 0.647 0.636
S 06+ 0.625 0.626
&
o)
>
< 05
0.4 . T T
0 25 50 75 100
Time (h)

Figure 3. Performance degradation at a current of 760 A in the load cycling test.

3. Powertrain of Fuel Cell Vehicle
3.1. FCV Powertrain Topology

The fuel cell vehicles studied in this paper are primarily commercial fuel cell vehicles,
utilizing FCS as the main power source and a lithium battery as an auxiliary power source
to form a hybrid power system. This topology design expands the working range of
the power system and increases the opportunities for hybrid power systems to operate in
efficient regions. The powertrain topology is illustrated in Figure 4. FCS and lithium battery
work together to power the vehicle, effectively avoiding fluctuations in FCS load. When
additional power is required or a temporary improvement of acceleration performance is
needed, the lithium battery can supplement power in a timely manner. Additionally, the
lithium battery can recover braking energy, thereby improving energy efficiency.
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Figure 4. Powertrain topology.

3.2. Modeling

During the PEMFCYV steady-state driving process, there exists a dynamic equilibrium
relationship between the driving force and the running resistance acting on the vehicle.
The driving force is provided by the Drive Motor, shown in Figure 4, which is mainly
powered by FCS with the lithium battery serving as an auxiliary energy source. And the
vehicle is subjected to multiple types of resistance during driving, including air resistance,
acceleration resistance, slope resistance, and rolling resistance. Therefore, the calculation
method for the PEMFCYV required power is expressed as [42]

Piotal = (Fw + Fi+ F,+ F;) x v, )

where Pyyy1 is power for the vehicle; Fy, is air resistance; F; is slope resistance; F; is rolling
resistance; F; is acceleration resistance; v is speed. When the vehicle is stably driving
on a smooth road surface, the rolling resistance F, and air resistance F, are the main
considerations.

Air resistance Fy;, expressed as [42]

Fy = chgvz, 3)
where Cy, is the air resistance coefficient; A is the windward area; p is air density.
Rolling resistance F, expressed as [42]

F. = fmg - cosu, (4)

where f is the rolling resistance coefficient; m is vehicle mass; « is the angle of slope.

Based on the dynamics analysis introduced above, a vehicle dynamics model is con-
structed, which is shown in Figure 5. In the figure, the “air resistance” block corresponds
to the air resistance model, described by Equation (3), and the “rolling resistance” block
corresponds to the rolling resistance model, described by Equation (4). The two other
blocks, “slope resistance” block and “acceleration resistance” block, correspond to the slope
resistance model and the acceleration resistance model, respectively.

When heavy-duty trucks operate in mountainous, hilly, or high-altitude regions, road
grade significantly affects vehicle power demand, especially for sustained grades greater
than 6%. In ref. [43], a 44T PEMFC heavy-duty long-haul truck was used to verify hill-climb
driving cycles, and the results showed that the FCS ramps up to a higher power before the
coolant exceeds temperature limits. However, considering that the research object of this
paper is mainly applied to urban roads in China, where the maximum longitudinal grade
of expressways generally does not exceed 3-5%, and long continuous steep grades are rare,
we would neglect the influence of road grade. When vehicles travel at a constant speed
on a slightly undulating road, the positive and negative fluctuations of grade resistance
tend to cancel each other out in a time-averaged sense. Fan et al. [44] demonstrated that,
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when heavy-duty trucks operate on a typical freight highway in eastern plain areas of
China, where the average road grade is close to zero, the influence of grade variations on
energy consumption is relatively small and limited within 5% under flat road conditions.
Therefore, under such specific scenarios, the model error introduced by neglecting road
grade remains within an engineering acceptable range. Nevertheless, the limitations of this
simplification must be clearly stated. For applications involving mountainous transport,
mining operations, or other scenarios with large sustained grades, the grade must be
explicitly incorporated into the model.

o>
0 Relational
Operator
Constant
P v_veh F_airres
air resistance —’
Q \—V #
1 P v_veh[m/s] | e
F_rolires » + »  x
v_veh[m/s] afrad] | —>(P I:Oad)
>+ at
rolling resistance | J Product
0 >+
Add ()
slope afrad] F_uphillres ———4 Scopel
slope resistance
a_veh F_acc
a_veh[m2/s]
acceleration resistance

1

Scope

Figure 5. Vehicle dynamics model.

In the vehicle dynamics model, when the slope angle is 0, the main inputs are vehicle
speed and acceleration. Then, calculate air resistance, rolling resistance, slope resistance,
and acceleration resistance accordingly, and with Equation (2), the total power demand of
the vehicle is derived as the output.

The vehicle dynamics model can be used to simulate the PEMFCV required power
under different vehicle speeds and accelerations, thereby providing the power demand
input for the subsequent vehicle energy management strategy.

4. Energy Management Strategy
4.1. Objectives of Energy Management Strategies

There is a strong relationship between FCS output power and efficiency. Generally,
FCS operates more efficiently at low output power (low current density) due to small
electrochemical losses, which lead to higher output voltage. As output power increases,
electrochemical losses also rise, resulting in decreased output voltage and reduced efficiency.
Thus, when FCS operates at high loads, the increased output power comes at the cost of
lower efficiency.

The lithium battery lifetime is negatively impacted by high SOC and large Depth
of Discharge (DOD) [45]. According to [45], high SOC has severe negative effects on
lithium battery aging. A total of 80-90% SOC causes the fastest cycle aging, with much
faster capacity fade than lower SOC ranges, and 90% SOC during storage drastically
accelerates calendar aging. The benefits of maintaining a low DOD include significantly
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slower battery capacity degradation, reduced cycle aging, and longer service life [45].
Meanwhile, considering that the lithium battery needs to supply energy to the FCS during
FCS startup, especially more energy is required for low-temperature startup, the lithium
battery SOC should not be discharged excessively during PEMFCV operation to prevent
FCS startup failures.

In summary, the following objectives for the energy management strategy are proposed:

(1) To improve FCS durability, the main factors that degrade its lifetime, such as
dynamic load variation, should be minimized [5,15,18,41], which has been demonstrated in
Section 2.2. Considering the slow dynamic response of FCS, vehicle peak power demands
should be satisfied by the lithium battery [28,46].

(2) From the FCS output characteristics, high current density operation corresponds
to relatively lower efficiency [46]. To improve FCS efficiency, power distribution between
the FCS and the lithium battery should be optimized to prevent the FCS from operating at
high current densities over an extended period.

(3) According to the research results in [45], maintaining the SOC below 80% and a low
DOD is beneficial to extending the service life of lithium batteries. Meanwhile, considering
the FCS startup requirements, the control target for SOC in this study is to maintain it
within the range of 40-80%.

4.2. Fuzzy Energqy Management Strategy Based on Grey Bernoulli Prediction

According to the above objectives, a fuzzy energy management strategy based on Grey
Bernoulli Prediction is proposed in this paper. FEMS-GBP integrates the Grey Bernoulli
Prediction model with fuzzy control, and its structure is shown in the dashed box of
Figure 6. Fuzzy control is used to efficiently distribute power between the FCS and
the lithium battery, ensuring the FCS operates within a high-efficiency range, thereby
improving its fuel economy. The Grey Bernoulli Prediction model predicts FCS power
demand for the next cycle, enabling preemptive adjustment of FCS output to avoid large
load changes and extend FCS lifetime. The overall structure is shown in Figure 6.

)

+

®7; Lithium

_— = Battery

Vehicle
Dynamics
Model

P 5 —“Output voltage s
FC ) PR+
Fuzzy FC - of fuel cell i | Motor I,

Power GBP

Control Model Controller Motor

FEMS-GBP

Series

I

Figure 6. Overall structure.

The FEMS-GBP module has two inputs, namely the vehicle required power Py
and the lithium battery SOC, and outputs the FCS demand power. The vehicle required
power Py refers to the total power for vehicle driving, which is obtained from the vehicle
dynamics model described in detail in Figure 5. The FCS demand power represents the
power required to be output by the fuel cell. Since the vehicle power system adopts dual
power sources, the power difference between the vehicle required power and the FCS
demand power is compensated by the lithium battery. In FEMS-GBP, the output Ppc
of fuzzy control is fed into the FC power series block shown in Figure 6 to obtain the
nonnegative series of FCS demand power P(?), which will be used in the Grey Bernoulli
Prediction model to forecast the FCS demand power for the next cycle.
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4.2.1. Grey Bernoulli Prediction

Since FCS is an energy output type device, its output power forms a nonnegative
time series, which can be directly modeled by the univariate Grey Bernoulli Model. When
using the Grey Bernoulli Model to predict the FCS demand power under dynamic driving
conditions, the modeling process is as follows [26,47].

Step 1: Assume that the original nonnegative time series of historical FCS demand
power with 7 entries is

PO = (pO(1), p0), -+, PO K) -, PO (), n > 4, (5)

where p(o) (k) is the value of FCS demand power atk, k=1,2, --- , n
Step 2: Apply a one-time accumulated generating operation to construct P,

where p(!) (k) = Zp(o (i), k=1,2,
Step 3: The grey differential equation is defined as

O +azV (k) =0V, v £1, k=2,3,--,n, (7)

where p(©) (k) is the grey derivative, z(!) (k) = 0.5p(1) (k — 1) + 0.5p(1) (k) is referred to the
background value of the grey derivative, and 4, b are model parameters, -y is the power
exponent. 7y value reflects the variation characteristics of the FCS demand power series and
is crucial for the nonlinear performance of the FCS power demand prediction model.

Step 4: Choose the optimal power exponent. Based on the basic principle of infor-
mation overlap in the grey system, a calculation method for the power exponent v is as

follows [48]
(8)
(k) = {[p® (k+1) PO ()] -2 (k+1) -z (k) - p© (k) — [P( (k) = pO k= 1)] -2k +1) -2 (k) - pO (k+ 1)}/ ©)
(PO R+ D] 20 k) - pO (k) = [pO ) 20 (k+1) - pO (k + 1)}
Step 5: Adopt the least squares method to estimate the model parameters [a, b]T,
[a,b)" = (B"B) 'BTY, (10)
—=0@) @)’ 0)(2)
—zM(3)  (zW(3))7 0)(3
e | @GR 00
—20(n) (20 (m)’ PO (m)
Step 6: The whitening differential equation has the following form,
dp(t) (1) M)/ ]7
- +apV () =b|p(B)] £ 1, a1

and the corresponding particular solution of Equation (11) together with the initial condi-
tion p(M(1) = p(O (1) is

1

ﬁ(l)(k—i- 1) = {Z + {(p“”(l))lﬂ _ Z}e(lv)ak} 1*7, v A1, (12)
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where A represents grey predicted value.
Step 7: Finally, perform the inverse AGO (IAGO) on p!) (k + 1), and the predicted
value of FCS demand power p(©) (k + 1) shown in Figure 6 is

pOUk+1)=pV(k+1)—pW(k), k=12, ,n—1, (13)
and p0(1) = pM (1) = pO(1).

4.2.2. Fuzzy Energy Management Strategy

Fuzzy control is a control method based on fuzzy logic. Its core idea is to transform
empirical knowledge into fuzzy rules that describe the behavior of the controlled system
and then obtain the control output through fuzzy reasoning. It has been widely recognized
as an effective method in intelligent control [49] and is commonly used to solve control
problems in complex and uncertain systems. As a rule-based method, fuzzy control differs
from conventional methods in that it does not require an accurate mathematical model of
the system. Compared with conventional approaches, fuzzy control often exhibits superior
performance in complex nonlinear systems [50]. By imitating human decision-making,
fuzzy control overcomes the limitations of traditional methods in handling nonlinearities
and uncertainties via fuzzy set theory.

In this study, the fuzzy control model has two inputs (lithium battery SOC and the
vehicle required power Piy,1) and one output (FCS demand power Ppc), which is also
illustrated in Figure 6. The main components of fuzzy control, shown in Figure 7, include
a fuzzification module (converts input data into fuzzy values), a knowledge base (stores
fuzzy rules), a fuzzy reasoning module (performs reasoning based on the rules), and a
defuzzification module (converts inference results into explicit control outputs).

Knowledge Base

SOC v
i Fuzzification |—!> RFUZZ}., |, | Defuzzification Prc
H ts g

Protal Module E;;Zﬁi?b Module

Fuzzy Control

Figure 7. Workflow of fuzzy control.

e  Fuzzification Module

Fuzzification is the process of converting input data into membership functions of
fuzzy variables. Using fuzzy sets, actual values are mapped to different membership
functions. Each variable obtains a corresponding membership degree, which can better
accommodate information with fuzzy boundaries and uncertainties in actual scenes.

In the Fuzzification Module illustrated in Figure 7, the vehicle required power Pyy,1,
lithium battery SOC, and FCS demand power Ppc are divided into six fuzzy subsets
separately, as shown in Table 1.

Table 1. Fuzzy subset language values of input and output variables.

Level 1 2 3 4 5 6
Protal V4Q) S PS PM B PB
Linguistic value S0C L LS ME MD HS H
Prc OFF MIN MEM MED HMM MAX
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e Knowledge base

The knowledge base stores fuzzy rules, which consist of conditional statements and
conclusion statements. Each rule matches the membership function according to the
input data in the conditional statement and then calculates the membership function
corresponding to the conclusion statement.

In this study, when creating fuzzy rules for the fuzzy reasoning module, the following
requirements need to be met.

(1) The power output from both FCS and lithium battery needs to ensure the energy
supply of the vehicle.

(2) The lithium battery SOC needs to be controlled within the specified range, with a
target set according to the energy management strategy in this paper, maintaining the SOC
between 40% and 80%.

(3) To reduce power fluctuations, the FCS load should be minimized to maintain stable

power output.
e  Fuzzy reasoning module

The fuzzy reasoning module infers the output states, namely fuzzy control variables,
based on the fuzzy control rule base and the current input states. According to the fuzzy
subset table and the predefined objects for rule formulation, the fuzzy rule table for the
PEMFCYV powertrain is established in this study, as presented in Table 2.

Table 2. Fuzzy rule table for PEMFCV powertrain.

Vehicle Required Power Py,
Z0 S PS PM B PB

L MED MED HMM MAX MAX MAX
LS MEM MEM HMM HMM HMM MAX
Lithium battery ME MEM MEM  MED MED HMM HMM

FCS Demand Power Pgc

SOC MD MIN MIN MEM  MED MED MED
HS OFF OFF OFF MIN MEM MEM
H OFF OFF OFF OFF OFF OFF

In the formulation of the membership functions for fuzzy energy management strategy,
high vehicle demand is rarely observed under most operating conditions. Therefore, the
division of the domain in the small to medium power demand range needs to be more
refined to ensure FCS can respond promptly to vehicle power needs. For the lithium
battery SOC membership function, it is crucial to avoid both high and low SOC extremes.
Therefore, the domain division between 40% and 80% SOC needs to be finer, ensuring the
SOC remains within an optimal range. For the FCS power membership function, sufficient
power must be output when vehicle demand is high, while minimizing idle and start-stop
cycles. Therefore, the low-power range of FCS should have a more dispersed domain
division. The membership function domain division is shown in Figure 8.
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Figure 8. Division of the membership function domain: (a) Membership function division of vehicle
required power; (b) Membership function division of lithium battery SOC; (c¢) Membership function
division of FCS demand power.

5. Numerical Simulations and Experiments
5.1. Experiment Introduction

This study focuses on a 49-ton (49 T) fuel cell truck, with parameters listed in Table 3.
Two driving cycles are selected for evaluation. Different initial SOC values for the lithium
battery (30%, 70%, and 90%) are set to assess the energy management strategy, considering
FCS power output, SOC change, hydrogen consumption, and large load changes. In this
paper, a large load change is defined as a power variation exceeding 30 kW-s~! [51].

Table 3. Vehicle parameters.

Parameter Item Value Parameter Item Value
Vehicle type fuel cell semi-truck Rated power of FCS (kW) 240
Full load mass (kg) 49,000 Total energy of lithium battery (kWh) 141.312
Windward area (m?) 5.35 Nominal voltage of lithium battery (V) 614.4
Rolling resistance coefficient f 0.0165 Nominal capacity of lithium battery (Ah) 230
Wind resistance coefficient Cy, 0.53 Peak discharge ratio of lithium battery (C) 2
Rated power of drive motor (kW) 236 Peak discharge time of lithium battery (s) 30
Peak power of drive motor (kW) 360

To evaluate the performance of FEMS-GBP, two conventional energy management
strategies are compared: the switching control strategy and the power following strategy.
The switching control strategy has been widely used in commercial vehicles [46] and is also
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used in the truck described in Table 3. The power following strategy aims to maintain the
target SOC of the lithium battery and avoid extremely low or high SOC conditions for the
battery. By comparing these three energy management strategies, performance differences
in power distribution can be highlighted, enabling a comprehensive evaluation of the
advantages and disadvantages of each strategy in terms of FCS economy and durability.
MATLAB R2021b software is employed in this study and implemented on a PC equipped
with an Intel(R) Core(TM) i5-12490F (3.00 GHz) processor and 16 GB of RAM. During the
simulation, the average computation time is 11.3 milliseconds per second of simulated time.

Table 4 shows the output power levels of FCS in the switching control strategy. The
FCS output power is allocated based on the SOC of the lithium battery.

Table 4. Switching control strategy hierarchy table.

Lithium Battery SOC (%) FCS Output Power (kW)
(80, 100] 0
(70, 80] 40
(60, 70] 110
(50, 60] 180
[0, 50] 240

Figure 9 shows the output power of FCS in the power following strategy. The power
from both FCS and the lithium battery is allocated based on the vehicle required power
and the lithium battery SOC.

soc Pfc=240 Pfc=Ptotal+40

Yes Yes
SOC=80%" SOC=65%"7 S0OC=30%7? Ptotal=2007?
Yes Yes
Pfe=0
Ptotal=140? Ptatal=1007? Pfo=0
Yes Yes

Pfc=Ptotal-140 Pfc=Ptotal-100

Pfc=240

Figure 9. The control flow of the power following strategy.

5.2. CHTC-TT Driving Cycle and Result Analysis

The CHTC-TT driving cycle is a standard cycle for energy consumption in heavy-duty
trucks. It consists of two speed intervals, low speed and high speed, with a total duration of
1800 s. The total distance covered is 23.22 km, with 1.92 km in the low-speed segment and
21.30 km in the high-speed segment. This cycle evaluates the fuel consumption of heavy-
duty semi-trucks under varying speed conditions, offering a more accurate representation
of the actual operating conditions for heavy commercial vehicles in China. The velocity
and acceleration curves for this cycle are shown in Figure 10.
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Figure 11 and Table 5 show the control performances of the three energy management
strategies under the CHTC-TT cycle at initial SOC conditions of 30%, 70%, and 90%. In
Table 5, “FCS hydrogen consumption” refers to the amount of hydrogen directly consumed
by the FCS. “Equivalent hydrogen consumption of lithium battery” denotes the hydrogen
consumption corresponding to the change in lithium battery capacity. A negative value
indicates that the lithium battery is being charged during vehicle operation, while a positive
value means the lithium battery is discharging. “Total hydrogen consumption” refers to the
total hydrogen consumed by the vehicle, accounting for changes in the lithium battery’s
state of charge.

Table 5. Performance comparison under CHTC-TT cycle.

Equivalent Hydrogen
miaisoc  Tewyansgement - Laweload IS Hvdiogen Meomumptonor | Jouliogen | Oveal it soc
8y 8 ump 8 Lithium Battery (g) ump 8 y

Switching control 3 7401.8 —1636 5765.8 45.75% 50.5%

30% Power following 1 5750 —700.3 5049.7 48.29% 39.7%
control

FEMS-GBP 1 5479.7 —574.1 4905.6 48.8% 37.8%

Switching control 4 2970.4 868.2 3838.6 53.2% 55.6%

70% Power following 1 4044.9 302.7 43476 51.25% 65.2%
control

FEMS-GBP 0 3363 643.9 4006.9 52.48% 59.8%

Switching control 2 1360.7 1822.8 31835 56.64% 58.4%

90% Power following 1 1950.4 1498 3448.4 55.4% 64.6%
control

FEMS-GBP 0 1934.1 1452.3 3386.4 55.42% 65.7%

By comparing Figure 11a,c,e with the speed curve in Figure 10, it can be seen that both
FEMS-GBP and power following control can track the variation in the vehicle required
power. In addition, the power regulation of FEMS-GBP is much more stable, without large
power adjustments as observed in power following control. In contrast, the regulation of
switching control is mainly based on the SOC of the lithium battery, and does not respond
to variation in the vehicle required power, which can be clearly observed from the curves.
Therefore, due to such control logic, vehicles adopting the switching control strategy may
experience insufficient power output under certain high-power demand conditions. Table 5
shows that switching control results in the largest number of large load changes, while
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FEMS-GBP yields the smallest. Among the three strategies, FEMS-GBP is therefore the
most favorable to FCS durability. This indicates that by introducing the Grey Bernoulli

Prediction module, FEMS-GBP can effectively reduce large dynamic load changes.
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Figure 11. The control performances of the three energy management strategies under the CHTC-TT
cycle: (a) FCS output power under CHTC-TT cycle at 30% initial SOC; (b) Lithium battery SOC
change under CHTC-TT cycle at 30% initial SOC; (c¢) FCS output power under CHTC-TT cycle at 70%
initial SOC; (d) Lithium battery SOC change under CHTC-TT cycle at 70% initial SOC; (e) FCS output
power under CHTC-TT cycle at 90% initial SOC; (f) Lithium battery SOC change under CHTC-TT

cycle at 90% initial SOC.
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As mentioned in Section 4.1, the target control range for SOC is 40-80%. Figure 11d,f
illustrate that at 70% and 90% initial SOC, all three strategies can maintain the SOC within
40-80% during PEMFCV operation. However, at 30% initial SOC, only the switching
control regulates the SOC back to the 40-80% range as shown in Figure 11b, since its control
target is mainly the lithium battery SOC. In contrast, the control processes of the other two
algorithms take into account both the lithium battery SOC and the vehicle required power.
Although they fail to regulate the SOC to the 40-80% range, they still ensure an increasing
trend in the lithium battery SOC.

The data of total hydrogen consumption in Table 5 shows that at 30% initial SOC, FEMS-
GBP exhibits the lowest hydrogen consumption at only 4905.6 g, whereas the switching control
strategy yields the highest, reaching 5765.8 g. Taking the hydrogen consumption of FEMS-GBP
as the baseline, switching control consumes approximately 17.54% more hydrogen under this
condition. At 70% and 90% initial SOC, power following control shows the highest hydrogen
consumption, switching control the lowest, and FEMS-GBP remains intermediate in both
conditions. These results are also presented in Table 5. Taking the hydrogen consumption of
switching control as the baseline, FEMS-GBP consumes approximately 4.38% more hydrogen
at 70% initial SOC and 6.38% more at 90% initial SOC. The reason why switching control
achieves the lowest hydrogen consumption under high lithium battery SOC conditions is
considered to be that the EMS employing this strategy regulates power distribution solely on
the basis of lithium battery SOC, allowing the FCS to operate in the low power range for a
longer duration, where the FCS exhibits relatively high efficiency.

In summary, FEMS-GBP exhibits the best overall performance in terms of balancing
FCS durability and economy. It achieves the lowest hydrogen consumption at low initial
SOC, and the increase in hydrogen consumption can be controlled within 7% at medium
and high initial SOC levels, while achieving the most favorable durability with the smallest
large dynamic load variations under all initial SOC conditions.

5.3. Actual Vehicle Driving Cycle and Result Analysis

An actual vehicle driving cycle was collected from a fuel cell logistics vehicle during
transportation in a steel factory in Tangshan, as shown in Figure 12. This cycle represents
an urban transportation route, with a total duration of 6263 s and an average road grade
close to zero. The vehicle model described in Figure 5 is therefore applicable to this driving
cycle. The vehicle load is the standard 49 tonnes, and the overall vehicle speed during
transportation is relatively low, with a maximum speed of 47 km-h~!.

o

'
—_
T

1 1 1 1 L 1
1000 2000 3000 4000 5000 6000
Time(s)

Acceleration(m-s
<)
(4]
T

o

Figure 12. Actual vehicle driving cycle.
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Figure 13 and Table 6 show the control performances of the three energy management
strategies under the actual vehicle driving cycle at different initial SOC (30%, 70% and

90%), respectively.
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Figure 13. The control performances of the three energy management strategies under actual vehicle
driving cycle: (a) FCS output power under actual vehicle driving cycle at 30% initial SOC; (b) Lithium
battery SOC change under actual vehicle driving cycle at 30% initial SOC; (c) FCS output power under
actual vehicle driving cycle at 70% initial SOC; (d) Lithium battery SOC change under actual vehicle
driving cycle at 70% initial SOC; (e) FCS output power under actual vehicle driving cycle at 90% initial
SOC; (f) Lithium battery SOC change under actual vehicle driving cycle at 90% initial SOC.
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Table 6. Performance comparison under the actual driving cycle.
Large Load Equivalent Hydrogen
Initial SOC Energysi\:[a:izagement Changes Ciiiulgdtrizie(n ) Consumption of gg;:luliyctlirgge(n) E fﬁci(zr‘:cem(:} FCS Final SOC
8y (Times) P 8 Lithium Battery (g) 4 8 y

Switching control 3 13,977.7 —2581.9 11,395.8 51.31% 67.4%

30% Power following 9 13,775.6 —2458.6 11,317 51.49% 65.6%
control

FEMS-GBP 1 13,430.1 —2281.6 11,148.5 51.63% 63.9%

Switching control 5 9410.3 178.6 9588.9 53.77% 66.9%

70% Power following 18 9704.2 83 9787.2 53.74% 66.8%
control

FEMS-GBP 0 9272.4 265.7 9538.1 53.85% 65.8%

Switching control 3 7452.4 1402.4 8854.8 54.89% 66.9%

90% Power following 14 7625.5 1382 9007.5 54.97% 65.3%
control

FEMS-GBP 0 7266.3 1476.2 87425 55.03% 65.9%

Figure 13a,c,e illustrate that under this actual vehicle driving cycle, power following
control exhibits significant fluctuations in FCS output power across all three different initial
SOC conditions. As shown in Table 6, the number of large load changes associated with
power following control is also considerably higher than that of the other two control
strategies. FEMS-GBP regulates the FCS output power relatively softly. While being able to
follow the vehicle power demand, only one large load change occurs at 30% initial SOC.
For the SOC-based switching control, the number of FCS output power adjustments is
relatively small, and FCS tends to operate at a fixed power level for an extended period.
However, some large load changes still occur when power adjustments are performed.

Figure 13b,d,f show that under the actual vehicle driving cycle, regardless of whether
the initial SOC of the lithium battery is high or low, all three strategies can satisfactorily
meet the control requirements for the lithium battery SOC by maintaining it within the
range of 40-80% during vehicle operation, as stated in Section 4.1.

According to the total hydrogen consumption data in Table 6, under the actual vehicle
driving cycle, FEMS-GBP achieves the lowest hydrogen consumption and the best economic
performance at all three different initial SOC levels. The total hydrogen consumption values
of FEMS-GBP are 11,148.5 g, 9538.1 g and 8742.5 g at 30%, 70%, 90% initial SOC, respectively.
At 30% initial SOC, the hydrogen consumption of switching control is the highest, which is
11,395.8 g, because FCS needs to operate at a relatively high output power to ensure the
lithium battery can be charged rapidly during vehicle operation, as shown in Figure 13b.
At 70% and 90% initial SOC, power following control results in the highest hydrogen
consumption in both cases, which are 9787.2 g and 9007.5 g respectively.

In summary, under the actual vehicle driving cycle, FEMS-GBP achieves the best
performance in terms of both durability and economy.

6. Conclusions

In this study, a fuzzy energy management strategy based on Grey Bernoulli Prediction
is proposed to improve FCS durability and fuel economy. A PEMFCV model is built in this
paper, and the primary factors contributing to FCS performance degradation are analyzed.
Verification is carried out with a small stack under dynamic load variation conditions, and
the results demonstrate that high transient power demands can accelerate the performance
degradation of the fuel cell.

A 49T fuel cell heavy-duty truck is employed as the research object under the CHTC-
TT driving cycle and an actual driving cycle in Tangshan. By comparing with the switching
control strategy and the power following control strategy, FEMS-GBP exhibits better com-
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prehensive performance in terms of large load changes and hydrogen consumption. Partic-
ularly under the actual driving cycle, FEMS-GBP achieves the best overall performance
in both economy and durability. Therefore, FEMS-GBP is demonstrated to be effective
and can be used in PEMFCVs, especially in fuel cell heavy-duty trucks, for practical
driving operations.

However, there still remain aspects in this paper that require further investigation. For
instance, during the vehicle modeling process, this study mainly considers scenarios where
the average road grade is close to zero. It is necessary to further analyze the influences of
different road grades on vehicle operating power, as well as the impacts of other factors
such as ambient conditions and stack aging state. Meanwhile, since health-aware energy
management strategies are developing rapidly, and for broader applicability, FEMS-GBP
should be compared with other EMS approaches across a wider range of scenarios.
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