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Abstract

For hybrid energy storage systems requiring efficient energy management to achieve opti-
mal power allocation between the power battery and supercapacitor, this study proposes an
optimal energy management method integrating whole-process particle swarm optimiza-
tion with fuzzy logic control, which simultaneously considers braking safety and energy
efficiency optimization. First, a zonal braking force distribution strategy based on the I-
curve, ECE regulations curve, and front wheel lockup curve is designed to maximize energy
recovery while ensuring braking safety. On this basis, a whole-process “driving—braking”
fuzzy logic control strategy for power distribution is constructed, aiming at maximizing
braking energy recovery efficiency and minimizing energy consumption per 100 km. The
parameters of the membership functions in the fuzzy controller are optimized using the
particle swarm optimization algorithm to achieve global optimization of the control process.
Finally, simulation validation of the optimization results demonstrates that, compared with
traditional logic threshold control under NEDC conditions, the proposed strategy improves
braking energy recovery efficiency by 10.32%, reduces energy consumption per 100 km by
0.96 kWh, and decreases the peak current of the power battery by 6.4%, thereby effectively
enhancing vehicle economy and extending battery lifespan.

Keywords: hybrid energy; braking force distribution; fuzzy logic control; particle
swarm optimization

1. Introduction

As a core solution for sustainable transportation, electric vehicles (EVs) have seen ex-
plosive growth in market ownership in recent years [1,2]. However, range anxiety remains
a key bottleneck limiting their wider adoption [3-5]. Regenerative braking technology can
recover and reuse kinetic energy during braking, thereby improving the vehicle’s energy
utilization efficiency and increasing its driving range. Nevertheless, due to the relatively
low power density of traction batteries, their charge and discharge rates are limited, making
it difficult to efficiently absorb the instantaneous high current generated during braking.
As a result, some energy is wasted because the charging speed cannot keep up, leading
to relatively low energy recovery efficiency [6—8]. In contrast, supercapacitors offer high
power density and fast charge—discharge rates, which can better match the instantaneous
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demands of braking energy recovery [9,10]. Therefore, research on hybrid energy regen-
erative braking systems based on supercapacitors is of significant value. Such systems
not only improve energy utilization efficiency but also help extend the service life of
traction batteries.

To fully leverage the advantages of hybrid energy storage systems (HESSs), an efficient
energy management system (EMS) is essential for continuously monitoring and allocating
power between the traction battery and the supercapacitor. C. K. Wai, Sadeq, T, et al. [11,12]
proposed an adaptive rule-based algorithm as an energy management strategy for HESSs,
which dynamically adjusts control rules in real-time according to different operating condi-
tions. Compared with standard rule-based methods, this approach reduces battery energy
consumption and extends the driving range. Adam Deptuta et al. [13] introduced an expert
system based on multi-valued logic trees for EV energy consumption decision making.
This system generates driving suggestions optimized for energy efficiency by considering
variables such as driving cycles, vehicle speed, and ambient temperature. Hu Jie et al. [14]
designed a fuzzy logic control strategy based on the wavelet transform. This strategy main-
tains the state of charge (SOC) of the supercapacitor within a reasonable operating range
and demonstrates that the wavelet transform—fuzzy control approach can fully exploit the
performance advantages of supercapacitors, improve energy recovery efficiency, reduce
the peak current of the traction battery, and extend its service life. Selvakumar et al. [15]
proposed a two-layer fuzzy logic controller for optimal power allocation in HESSs. The first
stage pre-allocates power based on power demand and the SOC, while the second stage
incorporates a vehicle speed optimization module to dynamically adjust the SOC reference
value of the supercapacitor. This strategy successfully reduces the root mean square power
of the battery and effectively maintains the SOC of the energy storage components within a
reasonable range. Current research on energy management strategies for HESSs primarily
focuses on energy recovery efficiency and economy, often neglecting the impact of brak-
ing safety. Moreover, existing studies mostly address power allocation during braking
modes without considering the influence of energy consumption during driving modes,
thereby failing to establish an optimal energy management strategy that covers the entire
“driving-braking” process. Additionally, most energy management strategies are based
on deterministic rules, which lack flexibility and struggle to adapt to complex operating
conditions. In contrast, fuzzy rule-based control strategies offer advantages in robustness
and stability.

This paper designs a segmented braking force distribution strategy (SBFDS) based on
the I-curve, f-curve, and ECE regulations, aiming to recover as much braking energy as
possible while ensuring braking safety. Building on this foundation, a whole-process parti-
cle swarm optimization—fuzzy logic control (PSO-FLC) method for the “driving—braking”
cycle of hybrid energy storage electric vehicles is developed, thereby constructing a safety—
efficiency co-optimized optimal energy management approach for HESSs. The main
contributions of this paper are as follows:

(1) Design of the SBFDS. By integrating the I-curve, ECE regulations, and f-curve, a
segmented braking force distribution curve was designed to maximize energy re-
covery efficiency while ensuring braking stability, and a front-to-rear braking force
distribution ratio formula was derived.

(2) Establishment of a power-sharing control strategy for the entire drive-brake process
under the segmented braking force allocation scheme that integrates safety braking
and energy efficiency optimization.

(3) A PSO algorithm was introduced to perform automated global optimization of fuzzy
logic membership function parameters. This optimization targets both maximum
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braking energy recovery efficiency and minimum energy consumption per 100 km,
achieving optimal power distribution for hybrid electric vehicles.

This paper is structured as follows: Section 1 establishes an experimental test bench
to investigate the impact of supercapacitor power distribution ratios on energy recovery
efficiency, laying the groundwork for subsequent power allocation strategies. Section 2
develops a HESS simulation model and designs an SBFDS that synergizes safety and energy
efficiency. Section 3 proposes an entire process power distribution control strategy for
hybrid EVs under the SBFDS, validated through simulations under NEDC conditions.

2. Hybrid Energy Storage EV Simulation Test Bench Construction

To investigate the influence of the power distribution ratio between the supercapacitor
and the power battery on energy recovery efficiency during regenerative braking, this
study utilized a rotating flywheel to simulate the kinetic energy of a moving electric
vehicle, and an experimental test bench was constructed, as shown in Figure 1. The
working principle is as follows: The flywheel starter motor drives the flywheel to rotate,
simulating the kinetic energy of the vehicle in motion. Once the flywheel reaches a certain
rotational speed, the starter motor is disengaged, and the inertia of the flywheel drives a
brushless DC motor to rotate. The electrical energy generated by the brushless DC motor
is stored in the traction battery and the supercapacitor. Simultaneously, a photoelectric
sensor transmits the flywheel’s rotational speed information to a microcontroller, which
calculates the magnitude of braking energy; a current sensor collects current data from
the traction battery and transmits it to the microcontroller, which then calculates the SOC
of the battery; a voltage sensor collects voltage data from the supercapacitor and sends it
to the microcontroller for calculating the SOC of the supercapacitor. After calculating the
braking energy magnitude and the SOC values of both the supercapacitor and the power
battery, the microcontroller transmits on/off signals to the relay via pre-programmed logic
to achieve energy allocation between the supercapacitor and the power battery. Relevant
parameters of the test bench are listed in Table 1.

Brushless Flywheel
Motor cnntrollerH Dosmess H Flywheel H Stont motor

Speed sensor

Power !
e e

_____ »|  STM32F4
‘microcontroller

Figure 1. Experimental platform for HESS. 1. DC/DC converter; 2. supercapacitor; 3. DC power
supply; 4. power battery; 5. microcontroller; 6. motor controller; 7. DC brushless motor; 8. flywheel;
9. flywheel start motor.

In the constructed hybrid energy regenerative braking experimental platform, the
influence of the supercapacitor power level on energy recovery efficiency in the HESS was
investigated by adjusting the proportion coefficient of supercapacitor allocated power to
total power in the HESS. Five comparative experimental groups were established with K¢
values of Kegp = 0, Kegp = 0.25, Kegp = 0.5, Kegp = 0.75, and Keqp = 1. For each group, initial
flywheel rotational speeds of 200 rad-min~! and 300 rad-min~! were used as examples.
The corresponding braking energy equals the kinetic energy during flywheel rotation:

1
Eyy = Eis = 5J(w] — ) (M)
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where Ej is the flywheel braking energy, J; Ey is the flywheel kinetic energy, J; w; and wy
represent the angular velocities before and after braking, rad/s.

Table 1. Simulation of key parameters for EVs.

Component

Brushless DC motor

Supercapacitor

ripple resistor

Parameter Name Value Component Parameter Name Value
rated voltage 72V Flywheel starter maximum power 5.5 kW
motor
Lithium iron
rated power 8 kW phosphate battery rated voltage 73.6 V
rated speed 1440 r/min rated capacity 120 Ah

Bidirectional high-side
rated voltage 8V DC/DC converter ~ maximum voltage 200V
capacitance 165 F .low—s1de 75V
maximum voltage
power 5kW

Calculating the corresponding braking energies using Equation (1) yields 9979 ] and
22,452 J. Under conditions where the supercapacitor initial voltage is 10 V and all other
experimental parameters are identical, braking energy recovery experiments were con-
ducted for the HESS. After multiple experimental runs, the average experimental results
are presented in Table 2.

Table 2. Braking test results for different supercapacitor power allocation factors.

Kcap System Energy Recovery Energy Recovery Efficiency
200 rad-min~! 300 rad-min~! 200 rad-min~' 300 rad-min~!
0 3122] 75797 31.29% 33.75%
0.25 4355 ] 10,492 ] 43.64% 46.73%
0.5 4631] 11,352] 46.41% 50.56%
0.75 4971] 12,111] 49.81% 53.94%
1 5122] 12,702 ] 51.33% 56.57%

In Table 2, Keqp = 0 indicates that, during the energy recovery process, the power
allocated to the supercapacitor is zero, meaning the supercapacitor does not participate
in the operation, and energy is primarily recovered by the power battery. Conversely,
Keap = 1 signifies that all energy during the recovery process is reclaimed by the superca-
pacitor. Comparative analysis shows that a higher power allocation factor for the superca-
pacitor leads to greater braking energy recovery efficiency, indicating that incorporating
the supercapacitor enhances the energy recovery efficiency of the hybrid energy system.
Furthermore, as the supercapacitor assumes a larger share of the power, the overall energy
recovery efficiency of the hybrid system improves. Therefore, in control strategy design,
maximizing the use of the supercapacitor for braking energy recovery is highly recom-
mended. However, the SOC of the supercapacitor must also be considered. If the SOC is
too high, the supercapacitor cannot further recover braking energy, necessitating the power
battery to handle recovery. If the SOC is too low, the supercapacitor cannot provide power
for vehicle propulsion, thereby reducing its power allocation factor.

3. Construction of the Hybrid Energy Storage EV Simulation Model and
Design of the SBFDS

3.1. Simulated Model for HESS
(1) Power battery modeling
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The internal resistance (Rint) model reduces complexity while ensuring long-term
accuracy of the battery model [16]. The power battery is abstracted into a Rint equivalent
circuit model, as shown in Figure 2.

R.

mt

—
e U [ bat

== bat bout

Figure 2. Power battery Rint model.

As shown in the figure, Uy, represents the ideal open-circuit voltage of the traction bat-
tery, Rint denotes its ohmic internal resistance, I;,;; stands for the battery current, and Uy,
corresponds to the load voltage. According to Kirchhoff’s Voltage Law, the relationship
between the load voltage and the open-circuit voltage is given by

Upour = Upat — Ipatr - Rint (2)

The SOC of the battery is expressed as

t
Qused :/0 Ibutdt (3)
Socbat _ Qallé Qused (4)
all

SOCmin < SOCpat < SOCax

In the equation: Q,j; represents the total capacity of the battery; Q,s.; denotes the
amount of charge already consumed; SOCpyin, and SOCpax are the lower and upper limits
of SOCy,, set to 20% and 95%, respectively.

(2) Supercapacitor Modeling

A supercapacitor is modeled using an RC equivalent circuit [16], as illustrated in
Figure 3. Here, U represents the open-circuit voltage of the supercapacitor and U,;ou¢
denotes its terminal voltage. In the model, C stands for the ideal capacitance, R; is the series
resistance, and R, represents the leakage resistance of the insulating material. Typically,
the value of R; is relatively small, while R, is significantly larger, resulting in almost all of
the current flowing through R;.

4

uont

R, C 7

Figure 3. Supercapacitor RC model.

According to Kirchhoff’s Voltage Law, the following expressions can be derived:

Uyour = uC - ISRS = uC - ICRS (5)

https://doi.org/10.3390 /wevj17020073
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dUc
Ic=C——= 6
C 7t (6)
From Equations (5) and (6), it can be obtained that
1
Uyour = E/cht - ICRS (7)

The SOC of the supercapacitor exhibits a linear relationship with its terminal voltage:

C- (uuout - umin) _ uuout - umin
C- (umax - umin) umax - umin

SOC, = 8)

where Umax and Upin denote the maximum and minimum operating voltages, respectively.
(3) Modeling of the bidirectional DC/DC converter

This study employs a bidirectional half-bridge converter with only one inductor, which
offers higher conversion efficiency [17]. Its simplified circuit structure is shown in Figure 4.

C ] @ @
Um =% Cl m
TZ-@ G

N
=
Il
||
Q
=

Figure 4. Simplified circuit of the bidirectional DC/DC converter.

In Figure 4, U;;, and U,,; represent the input voltage and output voltage, respectively,
V; C denotes the capacitor in farads, F; T is the IGBT switch; D is the diode; and L represents
the inductor. When energy flows from left to right, the converter operates in step-down
(buck) mode, functioning equivalently as a buck DC-DC converter. Conversely, when
energy flows from right to left, it operates in step-up (boost) mode, acting equivalently as
a boost DC-DC converter. The transfer efficiency can be expressed as the ratio of output

power to input power:
_ Lout - Uout

100% 9
T ©)

In the equation, Uyyt and Uj, represent the output and input voltages, respectively, V;
Iout, Iin denote the output and input currents, respectively, A.

3.2. Design of SBFDS

To maximize energy utilization, braking force should be allocated primarily to the
front axle. The braking intensity z is introduced to precisely describe the braking mode:

z="2 (10)

where a is the deceleration during braking, m/s?; g is gravitational acceleration, m/s?.
As shown in Figure 5, we consider the force conditions when a vehicle brakes on a
level road surface. Fx; and Fx; represent the braking forces acting on the front and rear
axles during braking, N; Fz; and Fz, denote the ground support forces on the front and
rear axles, N; a and b are the horizontal distances from the vehicle’s center of gravity to the

https://doi.org/10.3390 /wevj17020073
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front and rear axles, m; L is the wheelbase, m; hg is the height of the center of gravity, m; G
is the gravitational force acting on the vehicle, N.

4
4

Fx1 Fx2
Fz1 b Fz2

Figure 5. Force analysis of vehicle when braking.

During vehicle braking, three scenarios may occur: simultaneous locking of both
front and rear wheels, front wheel lockup occurring first, and rear wheel lockup occurring
first [18-20]. When both front and rear tires lock simultaneously, the vehicle exhibits
optimal stability without losing control. In this case, the braking forces on the front and
rear wheels must satisfy the requirements of the ideal braking force distribution curve
I, whose expression is given in Equation (11). If the front wheels lock first, the vehicle
loses steering capability but does not experience sideslip or tailspin, keeping the overall
vehicle state under control. The expression for the front wheel lockup curve f is provided
in Equation (12). In the event of rear wheel lockup first, the vehicle is prone to rear axle
sideslip and tailspin, which may lead to loss of control. Therefore, such braking force
distribution must be avoided. Moreover, to ensure braking safety, the ECE Committee has
established regulations for vehicle braking. The expression for the corresponding ECE
braking regulation curve is presented in Equation (13).

1[G [, 4hL Gb
Fo = E I’Tg b” + TFXl — h7g +2Fq (11)
L — ¢hg Gb
Fo = Faq——— (12)
¢hg hg

(Fx1 + FX2)2h+ (b +0.07h 0.07Gb
GL L L

In order to maximize energy utilization, braking force should be allocated to the front

0 (13)

8)(Fx1 + Fxz) — 0.85Fx; +

axle as much as possible. This paper designs a braking force distribution strategy based
on the I-curve, the ECE regulation curve, and the f-curve, as illustrated by the bold curve
OABCD in Figure 6. In the figure, point A corresponds to a braking intensity of z; = 0.125;
segment AB is an approximate tangent slightly above the ECE regulation curve, with point
B corresponding to a braking intensity of z, = 0.625; point C is the intersection of the I-curve
and the f-curve, corresponding to a braking intensity of z3 = 0.75.

When the braking intensity z < 0.125, the braking force is low and regenerative
braking force is generated on the front axle. The braking force is entirely provided by the
front axle, with the rear wheels not participating in braking. At this point, the braking
force distribution point is located within the OA zone, ensuring safe vehicle braking and
improving the efficiency of regenerative braking energy recovery. The relationship between
front and rear axle braking forces is given by the following equations:

FXl =Gz (14)

https://doi.org/10.3390 /wevj17020073
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Figure 6. Schematic diagram of SBFDS.

Define 7 as the ratio of front axle braking force to total braking force. The front axle
braking force distribution ratio isnp = 1.

When the vehicle braking intensity is 0.125 < z < 0.625, the braking intensity is rela-
tively high and the braking force increases comprehensively. The braking force distribution
rises along the tangent line of the ECE regulation curve and slightly exceeds it, enabling
the front axle to receive a greater proportion of the braking force. The braking force dis-
tribution point is located within the AB zone, while ensuring safety, the majority of the
front axle braking force is regenerative braking force, and the rear axle friction braking
force can compensate for any braking force deficiency. The front and rear axle braking force
relationship is expressed as follows:

Fq+ Fp =Gz (16)

Fx1 = kas - Fx2 + Bas (17)

Simplifying yields the front axle braking force distribution as shown in Equation (18).

- kAB . GZ+BAB

M T (1 K )Gz (1%

When the braking intensity is 0.625 < z < 0.75, the high braking intensity causes the
braking force distribution to rise along the f-curve, slightly exceeding it, resulting in a
significant increase in the braking force allocated to the rear axle. When the braking force
distribution point is located within the BC zone, the front axle receives braking force from
both regenerative and friction braking, while the remaining braking force is provided by
the rear axle’s friction braking. The relationship between front and rear axle braking forces
is expressed as follows:

Fxi+Fq =06z 19)
L — ¢hg Gb
Bo=—""ba— 1 (20)
hg hg

Simplifying yields the front axle braking force distribution as shown in Equation (21).

go(hg-z+b)

= 21
NBC 7 (21)

- Z
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When the braking intensity z > 0.75, the vehicle enters emergency braking mode,
and the braking force distribution must increase along the I-curve. The front and rear
axle braking force distribution points lie on the I-curve, preventing rear wheel skid while
ensuring the front wheels retain steering capability, maintaining the vehicle in a safe
braking state. At this point, regenerative braking no longer contributes braking force,
with all braking force provided by friction braking, resulting in zero braking energy re-
covery efficiency. The front and rear axle braking force relationships are shown in the

G /5 4:th Gb
h7g b +TFX1_ hfg-i-ZFX] (22)

Fq + Fx =Gz (23)

following equations:

1
F = —
X2 2

Simplifying yields the front axle braking force distribution as shown in Equation (24).

hg-z—i-b

. 4

Mc =

4. Power Allocation Control Strategy Under SBFDS
4.1. Logical Threshold Filtering Control Strategy

Logic threshold filtering control (LTFC), which is simple to control and highly effective,
has been widely applied in the field of automotive control [21,22]. This paper uses the LTFC

strategy as a benchmark to study the PSO-FLC energy management method for hybrid
energy EVs. The basic process is shown in Figure 7.

Preq
N >Pave_p Y />0\ N >Pave_n (
Pbat=Preq Y Pbat=0
Pcap=0 Pcap=Preq

N N

Pbat=Preq Pbat=PreqxF1(s)| |Pbat=PreqxF2(s) Pbat=Preq
Pcap=0 Pcap=Preq-Pbat | |Pcap=Preq-Pbat Pcap=0

Figure 7. Basic flow of LTFC strategy.

In the figure, Preq denotes demand power; P, represents battery power; Peap indicates
supercapacitor power, Paye p is the demand power threshold in drive mode, which is
8.141 kW; P,ye n is the demand power threshold in brake mode, which is —3.141 kW;
SOCmax and SOCpn represent the upper and lower limits of the supercapacitor SOC, set
at 1 and 0.2 respectively; F; (s) and F(s) denote the filtering functions during driving and
braking phases.

4.2. Design of FLC Strategy for “Drive—Brake” Global Power Distribution Under SBFDS

The operating modes of EVs can be roughly divided into driving and braking. There-
fore, we divided the FLC strategy into two parts: driving and braking.

https://doi.org/10.3390 /wevj17020073
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(1) Determination of input and output quantities

Based on the energy demand and allocation relationship of the HESS, and neglecting
losses during energy transfer between components, the relationship between the power
supplied by the power battery and supercapacitor and the required power should satisfy
the following equations:

P, req — Ppat + P cap (25)
Pcap = Preq : Kcap (26)
Pbat = Preq : (1_ Kcap) (27)

where Kcap is the supercapacitor distribution factor; 1 — Keap is the power battery allocation
factor; Preq is the required power of the EV; Py, and Peap denote the power provided by the
battery and the supercapacitor.

In drive mode, the designed inputs are the EV’s demand power Preq and the SOC
values of the supercapacitor and the battery. Through fuzzy logic controller calculations,
the output is the supercapacitor allocation factor Keap. In braking mode, the regenerative
braking force allocation coefficient is first determined based on the SBFDS. Subsequently, the
recoverable braking power is calculated. Finally, using the recoverable power Preq-reg and
the SOC values of the supercapacitor and power battery as inputs, the fuzzy logic controller
calculates the output: the supercapacitor allocation factor Kcap. The basic structure of the
fuzzy logic controller in both modes is shown in Figure 8.

Preq Preq 3 X
discharge charge
; :; ; (mamdani) XZ\ (mamdani)
SOCbat SOCbat
SOCcap SOCcap

Figure 8. Structure of fuzzy logic controller in drive and brake modes.

(2) Determination of fuzzy set domains, quantification factor and proportional factor

Excessively high or low SOC values can damage the internal structure of energy
storage components. To ensure the power battery and supercapacitor operate within safe
and efficient ranges, their respective SOC values are controlled within upper and lower
limits. The actual domain of demand power does not perfectly correspond to the fuzzy
domain. In drive mode, its actual domain should be [0, Preq-max], Where Preq-max represents
the maximum positive demand power of the electric vehicle under a specific operating
condition. Here, the proportional factor kieq1 is introduced for conversion, defined as
Kreq1 = 1/ Preq-max- In brake mode, the actual domain of demand power is [Preq-min, 0],
where Preq.min represents the maximum braking power of the EV under a given operating
condition. A conversion factor Kreqo is introduced to convert it, that is, kyeqz = —1 / Preq-min-
Consequently, the domain of demand power is [0, 1]. Table 3 presents the fuzzy domains
for the inputs and outputs of the fuzzy logic controller in the HESS.

(3) Determination of membership functions

The membership function in a fuzzy logic controller defines the degree of membership
for mapping points in the domain to [0, 1]. Typically selected and determined based on
human experience, it inherently carries subjectivity and should be refined through practical
application. Table 4 presents the linguistic values for each input and output variable in the
fuzzy controller described herein.

https://doi.org/10.3390 /wevj17020073
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Table 3. Fuzzy domains of inputs and outputs for the fuzzy logic controller.
Variable Domain Interval
Preq [0,1]
SOCpat [0.2,0.9]
SOCeap [0.2,1]
Kcap [0,1]
Table 4. Language value of input and output.
Status Variable Language Value
Preq S, TS, M, TB, B
. 50Cy, LMH
Drive Mode (Preq > 0) SOC, :; L M H
Kcap S,TS,M, TB, B
Preq S5, M, B
S50G, L MH
B P at 7 VL
rake Mode (Preq < 0) SOCen L TL M. H
Kcap S,TS,M, B

Based on the domains and language values of the input and output variables, the
membership functions for the fuzzy logic controller are preliminarily determined as shown
in Figures 9 and 10.

L
1
0.8
0.6
04
0.2
0 - = :
0 0.2 0.4 0.6 0.8 1 02 03 04 05 06 07 08 09
Power demand Preq Battery charge SOCbat
e : s TS M TB B
g N\
0.8 0.8
0.6 / 0.6
0.4 / 0.4
02 / 0.2
0 l—= = 0
0.2 0.4 0.6 0.8 1 0 0.2 04 0.6 0.8 1
Supercapacitor SOCcap Supercapacitor proportional factor Kcap

Figure 9. Membership function of fuzzy controller when driving.
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0.8

0.6

0.4

S M , L M
0.8
0.6
0.4
0.2
- ' = 0 -
0.2 0.4 0.6 0.8 I 02 03 04 05 06 07 08 09
Power demand Preq Battery charge SOCbat

0.8

0.6

04

0.2

L TL M b s TS M B

0.8
0.6

0.4

0

0.2

0.4 0.6 0.8 | 0 0.2 0.4 0.6 0.8 |

Supercapacitor charge SOCcap Supercapacitor proportional factor Kcap

Figure 10. Membership function of fuzzy controller when braking.

4)

Fuzzy rule determination

The core of fuzzy logic controllers lies in fuzzy reasoning. Fuzzy reasoning requires

designing FLC rules based on variable language values, membership functions, system
characteristics, and domain expertise. Such rules are typically expressed in IFFAND-THEN
format. When designing fuzzy logic control rules for the HESS in this study, the following
aspects were considered:

1.

When the power demand Preq > 0: When the vehicle is traveling at a constant
speed, the power demand is relatively low, allowing the power battery alone to
supply energy and leverage its high energy density advantage. During short bursts
of acceleration or light-load starts, if the supercapacitor has sufficient capacity, it can
initially provide power to the load. After releasing part of its energy, the freed-up
capacity can be reserved for recovering braking energy during deceleration. During
prolonged acceleration or full-load starts, excessive current can severely degrade
the battery pack’s lifespan while reducing its discharge efficiency. Therefore, the
supercapacitor and battery pack must work together to drive the motor, ensuring the
battery pack remains healthier and more efficient.

When the power demand Preq < 0: Supercapacitors primarily engage in energy
recovery. This approach enhances overall system energy recovery efficiency while
reducing the frequency of energy recovery by the power battery. Once the SOC value
of the supercapacitors reaches saturation and can no longer recover braking energy,
the power battery takes over to recover the remaining braking energy.

Based on the aforementioned factors and referring to expert control experience as well

as the characteristics of the hybrid energy system, the formulated fuzzy control rules are
presented in Tables 5 and 6. There are 36 fuzzy rules for the braking mode and 45 fuzzy
rules for the driving mode.
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Table 5. Fuzzy rules when braking.

Keap S PI\’Z‘I B
SOCegp SOCput
L S S S
H M S TS TS
H TS TS M
L M TS S
M M B M TS
H B B M
L B M M
TL M B B M
H B B B
L B B M
L M B B B
H B B B
Table 6. Fuzzy rules when driving.
K., S TS Preq TB B
P M
SOCegp SOCput
L TS M TB B B
H M S TS M TB B
H S S TS M TB
L S TS M TB TB
M M S S TS M TB
H S S S TS M
L S S S TS TS
L M S S S S TS
H S S S S S

The fuzzy control rules were implemented in the fuzzy controller, yielding the rela-
tionship diagrams between input and output variables for the driving and braking modes,
as illustrated in Figures 11 and 12, respectively.

SOCeap * 5303 SOCey

Figure 11. Relation between input and output when driving.
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Figure 12. Relation between input and output when braking.

4.3. PSO-FLC Energy Control Strategy

The optimization of the hybrid energy management system for electric vehicles is
characterized by multiple parameters, multiple objectives, and strong coupling. The
particle swarm optimization (PSO) algorithm, a stochastic optimization method based on
swarm intelligence, exhibits strong robustness, powerful global optimization capability,
adaptability to dynamic optimization, high efficiency, and fast convergence [23,24]. In
this study, with the dual objectives of maximizing braking energy recovery efficiency and
minimizing energy consumption per 100 km, the PSO algorithm is employed to optimize
the parameters of the membership functions in the fuzzy logic controller.

(1) Optimization Model of HESS

The objective of energy management for the HESS is to enhance vehicle economic
performance by adjusting the power distribution factors between the power battery and
supercapacitor while ensuring normal operation of the hybrid EV. Here, vehicle economic
performance primarily refers to two aspects: energy consumption rate (ECR) and braking
energy recovery efficiency (BERE). ECR is a crucial metric for evaluating electric vehicle
economic performance, defined as the ratio of energy consumed during vehicle operation
to the distance traveled. Its calculation formula is as follows:

C= D (28)
where C is the ECR, Wh/km; E is the energy consumed by the vehicle, Wh; and D is the
distance traveled, km.

The braking energy recovery efficiency is defined as the ratio of the energy recovered
by the system to the braking energy generated when the vehicle decelerates or brakes. It
can be expressed as

n “E (29)

where E; is the energy recovered by the system, J; E; is the braking energy generated during

vehicle braking or deceleration, J.
The objective function for optimizing the HESS can be expressed as

minf(x) = min(wy - (5 x 1072 C) + w, - (1 —1)) (30)

https://doi.org/10.3390 /wevj17020073


https://doi.org/10.3390/wevj17020073

World Electr. Veh. ]. 2026, 17,73

15 of 22

where w; and w, are the weights of the two parts, with wy +wj = 1. A smaller objective
function value indicates better economic performance of the hybrid EV, bringing it closer
to the optimal solution.

Based on the above optimization objective function and the characteristics of the HESS,
the following optimization model is established:

i {w1 (5 % 10 ©)-+wa(1 - 1) [Keap(8), Kour(9)
SOChat € [0.2, 0.9], SOCeap € [02, 1]

Kcap (t) + Kbat(t): 1

Pcap—min(t) < Pcap(t) < Pcap-max(t)

Pbat—min<t) < Pbat(t) < Pbat—max(t)

Press (t) = Preq(t)

(81)

where Peap-min(t) and Peap-max(t) denote the minimum and maximum power capacities
of the supercapacitor, respectively, Ppat-min () and Pparmax(t) denote the minimum and
maximum power capacities of the power battery, respectively, Peqs(t) is the power supplied
by the HESS, Preq(t) denotes the vehicle’s power demand, T is the driving time of the
vehicle, and w; = wy = 0.5.

(2) Solution of the optimization model

For both driving and braking conditions, Gaussian and S-type membership functions
were selected for the fuzzy logic controller. The expressions for these two membership
functions are shown in Equation (32).

_ (xfc)2
y = e 162 , (gaussmf) (32)
y :1+ —o(x—c)” (Slgmf)

e

It can be observed that the characteristics of both membership function types are
determined by c and o. Therefore, it is only necessary to adjust the values of the ¢
and o, which can change the output of the membership function and finally achieve the
optimization objective.

Taking the objective function as the fitness function J, its expression is

J=wi-(5 x1072-C) +w,-(1—n) (33)

The PSO algorithm program was developed in an m file within Matlab 9.12. In the
program, the full vehicle model is invoked, and a fuzzy logic controller is created with the
corresponding parameters integrated. Simultaneously, the hybrid energy system supplies
real-time data required for calculating the fitness value to the PSO algorithm program. The
flowchart of this process is illustrated in the Figure 13.

The membership function diagrams of the fuzzy logic controller for both driving and
braking states, optimized by the particle swarm optimization algorithm, are shown in the
Figures 14 and 15.

The established control strategy is encapsulated with models of the power battery,
supercapacitor, and bidirectional DC/DC converter to form the top-level model of the
hybrid energy system, whose structure is shown in Figure 16.
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Figure 13. Flow chart of optimization model solution.
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Figure 14. Optimized membership function of FLC when driving.
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Figure 15. Optimized membership function of FLC when braking.
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Figure 16. Top-level model of HESS.

4.4. Optimization Results and Comparative Analysis

A simulation model of a hybrid energy electric vehicle was constructed in ADVI-
SOR. The model primarily consists of modules such as the vehicle body, transmission,
motor/generator, power bus, and hybrid energy system. The structure of the developed
model is illustrated in Figure 17.

5
Clock Goto<sdo> 1% == + K ——— | [o00 }——» ems |
" No fuel used total fuel used (gal)  No emissions-EV HC, CO, NOx (gls)
<sdo> ev

‘Vehicle Control

-E
7| 1L
‘Wheels and ain Reduction|
Axles Gear

Power Available

demand Power
HESS

Electric Motor
/Generator

gearboxes

Power Bus

Power Load

Figure 17. Top model.
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Simulations were conducted for both a single traction battery electric vehicle and a
hybrid energy system electric vehicle under the NEDC driving cycle. The variation in the
traction battery current during vehicle operation is shown in Figure 18, where positive
values indicate energy discharge during driving and negative values represent energy
recovery during braking. It can be observed that the traction battery current in the electric
vehicle equipped with a hybrid energy system is significantly lower than that in the vehicle
with a single traction battery system. Moreover, in the hybrid energy system, the traction
battery current rarely drops below zero. The primary reasons are as follows: During driving,
both the supercapacitor and the traction battery release energy in the hybrid energy system,
resulting in a lower traction battery current compared to the single traction battery system.
During braking, the hybrid energy system primarily relies on the supercapacitor to recover
energy. The traction battery only engages in energy recovery when the supercapacitor’s
state of charge (SOC) reaches its upper limit and can no longer absorb additional energy.
Hence, the traction battery current in the hybrid energy system seldom falls below zero.
This further illustrates the “peak shaving and valley filling” function of the supercapacitor
in the hybrid energy system, which protects the traction battery from high-current impacts
and extends its service life.

150

Tem

--=- Single power battery|
100 — HESS

Battery current /A

~100 . . . . .
0 200 100 600 800 1000 1200

Time/s

Figure 18. Comparison of battery current between pure battery system and hybrid energy
storage system.

The optimized FLC strategy, the unoptimized FLC strategy, and the LTFC strategy
based on a filtering concept were applied to the hybrid energy electric vehicle model for
simulation. Figures 19 and 20 present the simulation results under the NEDC driving cycle.

As shown in Figure 19, after one NEDC cycle simulation, the power battery SOC under
the PSO-FLC strategy ultimately stabilized at 96.68%. Compared to the unoptimized FLC
and LTFC strategies, the optimized FLC strategy achieved energy savings of 0.22% and
0.81% for the power battery, respectively. Comparing the three battery SOC change curves
reveals that, while the unoptimized FLC outperforms the LTFC, its SOC decline accelerates
significantly at medium-to-high speeds, exposing the rule base’s limited adaptability to
complex conditions. The particle swarm algorithm optimized FLC strategy maintains
the highest SOC level throughout the entire NEDC cycle, further enhancing the EV’s
driving range.
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Figure 19. Comparison of battery SOC under different control strategies.
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Figure 20. Comparison of battery current under different control strategies.

As shown in Figure 20, after undergoing one NEDC cycle simulation, the FLC strategy
optimized by the particle swarm algorithm increases the involvement of the supercapacitor
in the HESS. This reduces the peak current of the power battery by approximately 6.4%,
mitigating the impact of high currents on the power battery. This more fully demonstrates
the supercapacitor’s role in “shaving peaks and filling valleys”, enhancing the smoothness
and adaptability of the system response.

Table 7 presents the comparison of regenerative braking energy recovery and economic
performance among three control strategies for electric vehicles under NEDC conditions.
These data indicate that, compared to the unoptimized FLC, the optimized FLC strategy
improves braking energy recovery efficiency by 5.45%, reduces NEDC energy consumption
by 216 k], and decreases energy consumption per 100 km by 0.54 kWh. Compared to the
LTFC, the optimized FLC strategy enhances braking energy recovery efficiency by 10.32%,
reduces NEDC energy consumption by 381 kJ, and decreases electricity consumption per
100 km by 0.96 kWh, demonstrating more pronounced improvements.
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Table 7. Simulation results of energy recovery and consumption under different control strategies.

Regenerative Energy Recove NEDC Energy
Control Strategy  Braking Energy Brakging Energy E%f)i,ciency y Energy Consumption
Consumption per 100 km
LTFC 2459 k] 1298 kJ 52.79% 7874 K] 19.87 kWh
FLC 2459 k] 1432 k] 58.24% 7658 K] 19.33 kWh
PSO-FLC 2459 k] 1552 k] 63.11% 7493 K] 18.91 kWh

5. Conclusions

This paper addresses energy management in hybrid EVs by integrating a safety-
efficiency-coordinated SBFDS with a PSO-FLC algorithm. It constructs and validates a
dynamic power allocation strategy for the entire “drive-brake” process in hybrid EVs. Key
conclusions are as follows:

(1) Bench tests indicate a proportional relationship between the supercapacitor power
allocation factor and the system’s energy recovery efficiency. To enhance the energy
recovery efficiency of the hybrid energy system, priority should be given to utilizing
the supercapacitor for energy recovery during operation whenever possible.

(2) Based on the I-curve, ECE regulation curve, and f-curve, an SBFDS is designed to
maximize energy recovery while ensuring braking safety. By dynamically adjusting
the braking force distribution ratio between the front and rear axles, a balance between
braking safety and energy efficiency is achieved.

(3) The PSO algorithm is employed to optimize the FLC, enabling globally optimal power
allocation under both driving and braking conditions. Compared to the LTFC strategy,
the optimized FLC strategy improves braking energy recovery efficiency by 10.32%,
reduces energy consumption per 100 km by 0.96 kWh, and decreases the peak current
by approximately 6.4% under the NEDC cycle. This effectively enhances vehicle
economy and extends battery lifespan.

The FLC adopted in this study primarily constructs its rule base based on expert
experience. Although its membership function parameters have been finely tuned using
the PSO algorithm, demonstrating good control performance under known or common op-
erating conditions, it inherently lacks adaptive and evolutionary capabilities for unknown
scenarios. When encountering untrained driving situations, it may fail to make optimal
decisions, leading to degraded control performance or even undesired responses. Therefore,
future research could explore intelligent fuzzy systems with self-learning and adaptive
capabilities. For instance, the adaptive neuro-fuzzy inference system [25] or reinforcement
learning frameworks [26] could be introduced to enable the system to dynamically evolve
through continuous interaction with the environment.
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Abbreviations

EV Electric vehicle

HESS  Hybrid energy storage system

PSO Particle swarm optimization

FLC Fuzzy logic control

SBFDS Segmented braking force distribution strategy
SOC State of charge

LTFC  Logic threshold filtering control
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