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Abstract: In response to the challenges posed by the low energy utilization of single-power pure
electric vehicles and the limited lifespan of power batteries, this study focuses on the development
of a compound power system. This study constructs a composite power system, analyzes the
coupling characteristics of multiple systems, and investigates the energy management and optimal
control mechanisms. Firstly, a power transmission scheme is designed for a hybrid electric vehicle.
Then, a multi-state model is established to assess the electric vehicle’s performance under complex
working conditions and explore how these conditions impact system coupling. Next, load power is
redistributed using the Haar wavelet theory. The super capacitor is employed to stabilize chaotic
and transient components in the required power, with low-frequency components serving as input
variables for the controller. Further, power distribution is determined through the application of
fuzzy logic theory. Input parameters include the system’s power requirements, power battery status,
and super capacitor state of charge. The result is the output of a composite power supply distribution
factor. To fully exploit the composite power supply’s potential and optimize the overall system
performance, a global optimization control strategy using the dynamic programming algorithm
is explored. The optimization objective is to minimize power loss within the composite power
system, and the optimal control is calculated through interpolation using the interp function. Finally,
a comparative simulation experiment is conducted under UDDS cycle conditions. The results
show that the composite power system improved the battery discharge efficiency and reduced the
number of discharge cycles and discharge current of the power battery. Under the cyclic working
condition of 1369 s, the state of charge of the power battery in the hybrid power system decreases
from 0.9 to 0.69, representing a 12.5% increase compared to the single power system. The peak
current of the power battery in the hybrid power system decreases by approximately 20 A compared
with that in the single power system. Based on dynamic programming optimization, the state of
charge of the power battery decreases from 0.9 to 0.724. Compared with that of the single power
system, the power consumption of the proposed system increases by 25%, that of the hybrid power
fuzzy control system increases by 14.2%, and that of the vehicle decreases by 14.7% after dynamic
programming optimization. The multimode energy shunt relationship is solved through efficient and
reasonable energy management and optimization strategies. The performance and advantages of the
composite energy storage system are fully utilized. This approach provides a new idea for the energy
storage scheme of new energy vehicles.

Keywords: composite power supply; Haar wavelet; power distribution; fuzzy logic; dynamic
programming

1. Preface

Efficiency, safety, and minimal environmental impact are essential for the sustainable
development of the automotive industry. While pure electric vehicles represent a vital
facet of new energy vehicles, their growth is currently hindered by limitations in power
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battery technology [1,2]. The low power density of batteries restricts driving range, and
load power fluctuations accelerate battery capacity decay and shorten battery life. To
meet both the energy and power requirements for vehicle operation, a combination of
high-power-density super capacitors and power batteries forms a composite power supply
system [3,4]. Super capacitors provide supplementary power under changing conditions,
thereby enhancing system efficiency and extending power battery life. The composite
power system offers a solution to electric vehicle power limitations, although it complicates
power and energy flow management within the system [5]. Consequently, new technologies
are necessary to address the intricate energy shunting relationship among various modes
and devise efficient energy management and optimization strategies to utilize the benefits
of the composite energy storage system [6].

Presently, commonly employed control strategies include rule-based approaches (in-
volving logical thresholds and self-judgment segmentation), intelligent strategies (such
as fuzzy logic and neural networks), and offline optimization methods (such as dynamic
programming and simulated annealing algorithms) [7,8]. Wu X, Fakir, C. E et al. introduced
an adaptive nonlinear control approach aimed at enhancing the overall efficiency of power
systems and motors [9–11]. Silva and Jie Li adopted a multi-objective optimization control
method to ameliorate energy conversion efficiency, prevent power battery degradation, and
achieve the real-time optimization of energy consumption [12,13]. Zhen Zhang combined
Q-learning with deep neural networks to construct a dual deep Q-network-guided EMS sys-
tem, addressing both traditional control strategy and reinforcement learning challenges [14].
Joud, L developed a real-time energy management approach grounded in dynamic vehicle
modeling using Energetic Macroscopic Representation [15]. Dr. Zhang Ridong conducted
research on adaptive fuzzy energy management control for composite power systems and
employed genetic algorithms to optimize critical factors such as adaptive gains and fuzzy
membership function parameters across various standard drive cycles [16]. Thirugnanam K
et al. [17] applied the fuzzy dynamic pricing peer-to-peer (P2P) energy exchange algorithm
to conduct energy management for multi-microgrid interconnections. Surplus energy can
be transferred to grids and/or microgrids (MGs) via dynamic pricing to reduce consumer
energy consumption costs. Sheikhi A et al. [18] established the smart energy hub (S.E. Hub)
model and proposed a modern power and gas network energy management technology
based on integrated demand-side management (IDSM). The cloud computing CC frame-
work was compared with traditional data processing techniques to evaluate the efficiency of
the proposed approach in determining the Nash equilibrium (NE). Wang, K, et al. [19] used
two isolated soft-switch symmetric half-bridge bidirectional converters to connect a battery
and a super capacitor (SC), which can precisely control the charge and discharge of the
SC and the battery; additionally, a spiral-wound super capacitor with mesoporous carbon
electrodes was used as an energy storage unit for electric vehicles. The experiments show
that the proposed energy allocation strategy enables the SC to be charged and discharged,
with a peak current of approximately 4ibat. Compared to the battery-only mode, the
acceleration performance of the electric vehicle is improved by about 50%, and the energy
loss is reduced by about 69%. Corinaldesi, C, et al. [20] proposed a method for solving pure
linear relationship optimization problems for electric vehicles and fixed battery storage and
applied it to practical use cases with measured data. The results showed that electric vehicle
charging process management can reduce the total cost by more than 30%. The energy
management strategy for the composite energy storage system in the literature comprises
two schemes. Firstly, the control system allocates power from the power battery and super
capacitor based on vehicle load demands and composite power state parameters, primarily
relying on a self-judgment logic threshold control strategy. This strategy is straightforward,
computes quickly, and offers high reliability. Nonetheless, it encounters issues related to
suboptimal allocation or decision-making errors under frequent operational conditions
and exhibits subpar energy-saving performance. Secondly, the system optimally controls
the power output from energy sources (batteries, super capacitors, and the vehicle) based
on parameters such as state variables and the driver’s intent. This approach primarily
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involves control strategies like neural networks and fuzzy logic. However, this control
structure is complex and computationally intensive. Existing research primarily focuses
on the composite power system itself, without considering global energy planning under
specific vehicle driving conditions [21]. Multi-objective energy management can use the
fuzzy logic adaptive weight method, multi-objective evolutionary algorithm [22,23], multi-
objective particle swarm optimization algorithm, etc., for multi-objective collaborative
optimization [24]. In recent years, scholars have combined the external environmental in-
formation of intelligent transportation systems to predict road conditions using positioning
and geographic information systems, as well as historical data, to improve the effectiveness
of energy management for emerging intelligent connected vehicles [25]. Scholars are also
attempting to use energy management based on deep reinforcement learning [26–28] and
cloud computing [29] to alleviate the pressure of multi-source information processing and
online computing. Liu et al. proposed a DRL algorithm combining automatic tuned soft
actor-critic (ATSAC) and ordered regression to address the challenge of achieving real-time
optimal control in P2 parallel hybrid power systems [30]. Yan et al. introduced a novel
multi-objective energy management strategy based on deep reinforcement learning, which
takes into account the wear and tear of hybrid electric vehicle (HEV) lithium-ion batteries
(LiB) and incorporates battery health into the multi-objective energy management strategy.
The effectiveness of this strategy was verified under standard working conditions [31]. The
real-time operation of microgrids is crucial for enhancing energy resilience and efficiency.
Several scholars have developed efficient and user-friendly real-time energy management
and control systems based on a multi-agent microgrid for plug-in hybrid electric vehicles,
enabling the efficient and optimal scheduling of electric vehicle power within various
constraints [32,33].

This study investigates the energy management scheme for hybrid electric vehicles
from the perspective of the second scheme. It monitors real-time power flow within the
system under different driving modes and various battery state-of-charge scenarios. Ad-
ditionally, it examines the coupling characteristics of the hybrid power system. While
this algorithm is simple, requires less computation, and is robust, further improvements
are needed to enhance its control effectiveness. The research approach involves initially
implementing power distribution, next establishing power allocation rules based on in-
telligent energy management strategies, then unlocking the performance potential of the
composite power supply to explore global optimization control strategies, and finally con-
ducting simulation experiments for validation under cyclical conditions. Establishing a
theoretical foundation for the research and development of energy management control
methods for multi-energy hybrid power systems is crucial for accelerating the development
of multi-energy electric vehicles.

2. Composite Power System Structure

Considering cost and control factors comprehensively, the parallel composite power
transmission structure was chosen [34,35]. Figure 1 illustrates the topology of the composite
power supply, where a bidirectional DC/DC converter connects the super capacitor in
parallel with the battery, while the power battery pack is directly linked to the motor
controller. A system is established for electric vehicles operating under complex conditions,
based on collected power demand signals and power state variables. Employing a multi-
state model [36], we conduct model simulations to explore the impact of complex operating
conditions on the system’s coupling characteristics.

The composite power system’s structure includes five primary operating modes:

(1) Power battery pack alone drive mode: Utilized during normal driving conditions
with low load power, where the power battery operates independently while the
super capacitor remains idle.

(2) Super capacitor single drive mode: Employed at vehicle startup or during rapid
acceleration to alleviate the load on the power battery. Here, a high-power-density
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super capacitor serves as the primary power source, while the power battery remains
in a standby state.

(3) Co-drive mode of power battery pack and super capacitor: Activated during extended
acceleration or steep slope climbing, where load power demand is high. Both the
power battery and super capacitor work together to meet power requirements.

(4) Regenerative braking energy recovery mode: Applied during deceleration, downhill
driving, or braking to recover braking energy. Super capacitors are primarily used
due to their short charging time and high-power density.

(5) Super capacitors balance the chaotic and transient components in the load power:
Employed when the vehicle experiences frequent load power fluctuations. Super
capacitors help balance the chaotic and transient components, while the power battery
handles low-frequency components. This power shunting enhances efficiency and
prolongs the power battery’s lifespan.
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Figure 1. Composite power topology structure diagram.

3. Compound Power Simulation Model
3.1. Vehicle Dynamics Model

The driving force of the vehicle during operation is analyzed, and longitudinal dynam-
ics are utilized to derive the vehicle’s driving dynamics equation on a smooth road [12].

Ft = Ff + Fw + Fi + Fj (1)

Teigi0ηt

r
= G f cosα +

CD Au2
α

21.15
+ Gi + δm

dua

dt
(2)

where Ft represents the driving force, Ff denotes rolling resistance, Fw signifies air resistance,
Fi represents gradient resistance, and Fj accounts for acceleration resistance. Here, ig
denotes the transmission ratio of the transmission; i0 refers to the transmission ratio of the
main reducer; ηt represents the efficiency of the drivetrain; r is the wheel radius; G is the
car’s weight; f is the rolling resistance coefficient; CD is the air resistance coefficient; A
denotes the windward area; ua is the car’s speed; i signifies the road gradient; δ represents
the conversion coefficient of the car’s rotating mass; m represents the car’s mass; dua/dt
denotes the driving acceleration; α represents the slope angle.

Power balance equation:

P =

(
G f

3600
ua +

CD Au3
a

76140
+

Gsinα

3600
ua + δm

dua

3600dt

)
1
ηt

, (3)

The required power of electric vehicles is matched through the maximum speed.
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3.2. Calculation of Driving Motor Parameters

The permanent magnet synchronous motor (PMSM) is extensively used in the field
of new energy vehicles, with its external characteristic curve depicted in Figure 2. Motor
parameters are matched and calculated based on the motor’s external characteristic curve.

Energies 2024, 17, x FOR PEER REVIEW  5  of  22 
 

 

road gradient;  𝛿  represents the conversion coefficient of the car’s rotating mass; 𝑚  rep-
resents the car’s mass;  𝑑𝑢௔/𝑑𝑡  denotes the driving acceleration;  𝛼  represents the slope 
angle. 

Power balance equation: 

𝑃 ൌ ቀ
ீ௙

ଷ଺଴଴
𝑢௔ ൅

஼ವ஺௨ೌ
య

଻଺ଵସ଴
൅

ீ ௦௜௡ ఈ

ଷ଺଴଴
𝑢௔ ൅ 𝛿𝑚

𝑑𝑢𝑎

ଷ଺଴଴ௗ௧
ቁ

ଵ

ఎ೟
,  (3) 

The required power of electric vehicles is matched through the maximum speed. 

3.2. Calculation of Driving Motor Parameters 

The permanent magnet synchronous motor (PMSM) is extensively used in the field 

of new energy vehicles, with its external characteristic curve depicted in Figure 2. Motor 

parameters are matched and calculated based on the motor’s external characteristic curve. 

power

speedMaximum speedbase speed

peak power

continuous power

Constant power zone

torque
peak torque

Continuous 
torque

Constant 
torque zone

 

Figure 2. External characteristic curve of permanent magnet synchronous motor. 

The peak speed of the driving motor corresponds to the highest speed in the constant 

power range. According to the correspondence between the maximum vehicle speed and 

the maximum motor speed 

max max max
max

0 0 0

2 0.377
3.6

60

r n r r n
v

i i i

     
   


  (4) 

Considering various performance indicators of power, the rated power of the electric 

motor Pe ≥ P1. The peak power and rated power Pmax of the driving motor need to simul-

taneously meet the power requirements of the car at the highest speed P1, climbing on the 

slope with the highest gradient P2, and the required power during the acceleration process 

P3, i.e., Pmax ≥ max (P1, P2, P3). 
2

max max
1 ( )

3600 21.15
D

T

v C Av
P mgf


 

 

(5) 

2

2 ( cos sin )
3600 21.15

i D i

T

v C Av
P mgf mg 


  

 

(6) 

3 2
3 3600 3600 21.15 25920

D
c c c

T

mgf C A m
P v v v


  


 

(7) 

In the formula, vi represents the climbing speed, α denotes the climbing angle corre-

sponding to the maximum slope, where vc is the accelerated speed, and t is the acceleration 

time. 

Figure 2. External characteristic curve of permanent magnet synchronous motor.

The peak speed of the driving motor corresponds to the highest speed in the constant
power range. According to the correspondence between the maximum vehicle speed and
the maximum motor speed

vmax =
ωmax × r

i0
=

2π × nmax × r
60 × i0

× 3.6 =
0.377 × r × nmax

i0
(4)

Considering various performance indicators of power, the rated power of the electric
motor Pe ≥ P1. The peak power and rated power Pmax of the driving motor need to
simultaneously meet the power requirements of the car at the highest speed P1, climbing
on the slope with the highest gradient P2, and the required power during the acceleration
process P3, i.e., Pmax ≥ max (P1, P2, P3).

P1 =
vmax

3600ηT
(mg f +

CD Av2
max

21.15
) (5)

P2 =
vi

3600ηT
(mg f cos α + mg sin α +

CD Av2
i

21.15
) (6)

P3 =
mg f
3600

vc +
CD A

3600 + 21.15
v3

c +
m

25920ηT
v2

c (7)

In the formula, vi represents the climbing speed, α denotes the climbing angle correspond-
ing to the maximum slope, where vc is the accelerated speed, and t is the acceleration time.

The peak torque of the driving motor needs to meet the requirement of the maximum
climbing slope, namely:

Tmax ≥
mg f conα + CD A

21.15 v2
i + mg sin α

ηTi0
× r (8)

The matching results of motor parameters are shown in Table 1.
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Table 1. Basic parameters and performance indicators of the entire vehicle.

Parameter Type Parameter Name Parameter

Whole vehicle
Curb weight/kg 1200

Windward area/m2 1.9

Dynamic
maximum speed (km/h) 180

Maximum grade (20 km/h) 30%

0–50 km/h acceleration time/s 8

Economical Recharge mileage/km 200

Motor
(power device)

Working voltage/V 300

Peak power/Kw 83

Rated power/kW 46

Maximum torque/(Nc·m) 264

Rated torque/(N·m) 88

Power battery
(power device)

Number of batteries 72 × 2

Single rated capacity/Ah 60

Battery pack voltage 302.4

Super capacitor
(power device)

Quantity 52

Single rated voltage 2.7

capacity/Ah 55

Other parameters Tire size 175/70 R14

3.3. Power Battery Model

The power battery model adopts a simplified Rint model that reflects internal resistance
information, with its model parameters resembling the actual working performance of the
battery [37]. As shown in Figure 3, it is simplified into an ideal voltage-internal resistance
series equivalent circuit.
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According to Kirchhoff’s voltage law, the load voltage and required power of a power
battery can be expressed as:

U = Ubat − Ibat × Rbat, (9)

Pbat = U × Ibat = (Ubat × Ibat)− I2
batRbat, (10)

In the formula, Pbat represents the power of the power battery, where a positive value
indicates the discharge state; Ubat is the open-circuit voltage of the battery; U denotes the
battery output voltage; Ibat represents the battery current; Rbat is the equivalent internal
resistance of the battery.
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From the above formula, the battery current is:

Ibat =
Ubat −

√
U2

bat − 4PbatRbat

2Rbat
, (11)

The remaining capacity of the power battery is:

Qres(i, t, τ) = Qinit(τ, i)− ηc(τ)
∫ t

0
Ibat(t)dt, (12)

In the formula, Qres represents the remaining power of the power battery; Qinit denotes
the power battery capacity; ηc stands for the charging efficiency; τ represents the battery
temperature; t signifies the battery discharge time. The state-of-charge formula of the
power battery is:

BSOC =
Qres

Qinit
= 1 −

ηc(τ)
∫ t

0 Ibat(t)dt
Qinit

, (13)

3.4. Super Capacitor Model

The super capacitor model adopts the classic RC circuit model, which has a simple
structure and high accuracy. The simplified circuit structure is shown in Figure 4.
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The super capacitor model mainly comprises terminal voltage, current module, capac-
ity module, and so on. The working voltage range of the super capacitor is [Umin, Umax],
and the capacity formula of the super capacitor is:

Q =
C1(Umax − Umin)

3600
, (14)

In the formula, C1 represents the nominal capacity; Umax stands for the maximum
value of the working voltage of the super capacitor; Umin denotes the minimum value of
the working voltage of the super capacitor. Its state of charge is expressed by CSOC, and
the calculation formula is:

CSOC =
U − Umin

Umax − Umin
(15)

The working voltage across the capacitor is:

U(t) = CSOC × (Umax − Umin) + Umin, (16)

3.5. The Main Parameters of the Vehicle

Based on the reference model data and the parameter matching results, the simulation
parameters of the hybrid electric vehicle are calculated, as shown in Table 1.
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3.6. Establishment of a Vehicle Energy Management Model

Based on MATLAB 2019a/Simulink, we develop a simulation model for a hybrid
electric vehicle system to explore the coupling characteristics and energy management
strategies of multi-energy systems under complex operating conditions [38], as shown
in Figure 5. The results from parameter matching are incorporated into the Powertrain
Block set module, and the constructed model replaces the standard model framework.
Subsequently, operational condition data are imported into the simulation model. Utilizing
the Haar wavelet transform power shunt strategy, we extract the high-frequency component
from the load demand power. Taking advantage of super capacitors’ characteristics in
managing transient and instantaneous power, these components are effectively balanced
by them. Meanwhile, the low-frequency component of the demand power is handled by
the energy management controller. The Haar wavelet, known for having the shortest filter
length in the time domain and the equivalence between wavelet transform and its inverse,
is chosen for its suitability in implementing real-time online energy management strategies.
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4. Composite Power Energy Management Strategy

In the simulation model, we collect real-time operational data and calculate the re-
quired load power and SOC values for both the power battery and the super capacitor [39].
Employing the wavelet transform for load power shunting allows for the extraction of
high-frequency components from the overall power demand. Due to the advantages of
super capacitors in terms of transient power, these transient components are balanced by
super capacitors. The remaining low-frequency components of the power demand are
allocated to the power lithium battery. The Haar wavelet has the shortest filter length in
the time domain, and the Haar wavelet transform and its inverse transform are equivalent;
this approach can simplify the composition of the program and improve the execution
efficiency of the code, making it ideal for the implementation of real-time online energy
management strategies. Hence, the core concept of our system’s energy management
strategy is as follows: utilizing wavelet theory, we employ the super capacitor to balance
the high-frequency component of power demand. The fuzzy logic controller utilizes the
low-frequency component of load demand power and the SOC values of the supercapacitor
and power battery as input parameters to determine output control factors [40]. Subse-
quently, after energy distribution using wavelet theory and fuzzy logic, we conduct global
optimization through dynamic programming. The optimized output of the power battery
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and super capacitor forms the ECU system. During the vehicle’s operation, the sensor
signals are acquired in real time and sent back to the data signal acquisition system. The
flow chart of the energy management system is shown in the Figure 6 below.
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4.1. Power Split Based on Haar Wavelet Theory

This research focuses on load power distribution strategies grounded in wavelet
transform theory. Super capacitors are adept at managing transient power. They handle
the high-frequency component of load power, while the low-frequency components are
primarily directed to the power battery. The Haar wavelet, characterized by its brief filter
length in the time domain, simplifies programming and enhances code execution efficiency.
It is well suited for real-time online energy management strategies [41]. The expression of
the Haar wavelet is as follows:

ψ(t) =


1 t ∈ [0, 1/2]
−1 t ∈ [1/2, 1]
0 other

, (17)

The specific mathematical expressions of the high-pass and low-pass filters are:

Hk(z) =
1
M

(
z−k+1 − z−k

)
, k = 1, . . . M (18)

H0(z) =
1
M

(
1 + z−1 + · · ·+ z−M+1

)
, (19)
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Using the Haar wavelet transform, the original power demand signal x(n) is decom-
posed into a reference signal and detail signal through the low-pass filter H0(z) and high-
pass filter Hk(z). The two signals are down sampled by a factor of M, reconstructed by the
interpolation method of factor M, followed by reconstruction filter Gk(z), k = 1, . . . M − 1.
Considering the simplicity of calculation and the principle of frequency limitation, in
the composite power system, the third-order Haar wavelet is used to decompose and
reconstruct the load demand power to realize the power distribution of the power sup-
ply, as shown in Figure 7 below. The sampling method decomposes and reconstructs
the parameters.
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4.2. Fuzzy Logic Control Scheme

Considering the specific conditions of vehicle operation, a dynamic adjustment con-
trol strategy based on adaptive fuzzy logic is proposed. This approach allows for the
distribution of power between the power battery and the super capacitor while fulfilling
the vehicle’s power requirements. Notably, it exhibits robustness and effectively tackles
nonlinear and intricate challenges [42]. The control system considers the characteristics of
random dynamic conditions and the real-time state parameters of the composite power
supply during vehicle operation. It employs the super capacitor to balance the high-pass
component G1(z) after load power reconstruction, while the low-pass component G0(z)
acts as input power for the fuzzy logic controller.

Pr = Pbat + Pcap, (20)

In the formula, Pr represents the low-pass component of vehicle demand power, Pbat
provides power for the battery, and Pcap provides power for the capacitor.

Let us define Kbat as the battery power scale factor, which represents the proportion of
battery output power, namely:

Kbat =
Pbat
Pr

, (21)

The main factors that affect system power distribution are load demand power, low-
pass and high-pass components of power, as well as the state of charge of batteries and
super capacitors. A power distribution scheme is established based on the principle of
fuzzy logic. The fuzzy control system takes inputs, such as the load demand power low-
pass component Pr, the battery state of charge (BSOC) and the super capacitor state of
charge (CSOC) value. The output is the battery power distribution factor Kbat. When the
actual control system is working, the output power of the power battery is Kbat × G0(z),
and the output power of the super capacitor is G1(z) + (1 − Kbat)× G0(z).

4.3. Fuzzy Controller Design

The fuzzy logic controller is devised based on the aforementioned control scheme,
employing the Mamdani architecture featuring a single output and three inputs. Pr, BSOC
and CS0C are utilized as the input parameters of the fuzzy logic controller, while Kbat
serves as the output parameter of the controller.
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4.3.1. The Domain of Control Variables and the Determination of Fuzzy Subsets

Theoretically, the domain of the membership function of the required power Pr is [−1, 1].
However, considering that the regenerative braking power of the motor is less than the
maximum power of the motor drive, the domain of Pr is adjusted to [−0.3, 1] and divided
into six subsets: Pr = [NB NM NS ZE PS PM PB].

The fundamental domain of the battery (BSOC) and super capacitor (CSOC) lies
between [0, 1]. Upon analyzing the characteristics of the power battery and super capacitor,
it is noted that when the value of battery SOC is less than 0.2, the internal resistance
of the power battery changes greatly. It affects the charging and discharging efficiency.
Hence, the range of BSOC and CSOC is adjusted to [0.2, 1.0] and divided into three subsets:
BSOC = [LE ME GE], CSOC = [LE ME GE].

The basic domain of the scale factor Kbat is set to [0, 1], divided into five subsets:
Kbat = [LE ML ME MB GE]. The fuzzy parameters of the variable are determined according
to the domain of the variable, as shown in Tables 2–4.

Table 2. Fuzzy parameters of input variable Pr.

Level 1 2 3 4 5 6 7

fuzzy language NB NM NS ZE PS PM PB
NB represents negative large; NM is negative middle; NS is negative small; ZE is zero; PS is positive small; PM is
positive middle; PB is positive large.

Table 3. Fuzzy parameters of input variables BSOC and CSOC.

Level 1 2 3

fuzzy language LE ME GE
LE represents less; ME is middle; GE is large.

Table 4. Fuzzy parameters of the output variable Kbat.

Level 1 2 3 4 5

fuzzy language LE ML ME MB GE
LE represents less; ML is medium less; ME is middle; MB is medium big; GE is large.

4.3.2. Determination of Membership Function

The shape of the membership function significantly influences the controller’s sensitivity.
The triangular membership function offers simplified calculation, rapid response, and effective
control performance, making it suitable for representing the demand power Pr. Conversely,
the Gaussian membership function, characterized by its symmetrical distribution and smooth
transitions controlled by parameters σ and c, is chosen for the power battery SOC, super
capacitor SOC, and power output Kbat. This selection is based on the Gaussian function’s
favorable attributes, including its large symmetrical distribution ratio and smooth transition
characteristics. Figure 8 illustrates the membership function for the required power Pr.
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The membership degrees for the power battery SOC, super capacitor SOC, and scale
factor Kbat are depicted in Figures 9–11.
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4.4. Fuzzy Rule Establishment

After filtering out chaotic and transient components of the required power, various
control schemes are adopted according to the difference in the steady-state variable Pr of
the required power. The formulation of a fuzzy strategy is simplified into four modes:

(1) When the super capacitor CSOC is high, if the BSOC is low and Pr is not very high, the
super capacitor solely provides power. If Pr is high, regardless of the power battery BSOC
level, both the power battery and the super capacitor provide the power for the vehicle.

(2) When the super capacitor CSOC is in an intermediate state, if Pr is low, either the
power battery or the super capacitor shares the power output. If the BSOC is low and
the CSOC is high, the super capacitor supplies energy independently. If Pr is high,
then both the power battery and super capacitor together carry out energy output.

(3) When the CSOC is low, irrespective of the Pr level, all energy is supplied by the power
battery. When the power demand of the vehicle is small and the power battery has
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sufficient power, the battery can provide energy to the super capacitor to supplement
its necessary power.

(4) When Pr is less than 0, it is the braking energy recovery mode, and the super capacitor
is used for braking energy recovery. The control strategy is formulated differently
according to the SOC value of the power battery and the SOC value of the super
capacitor: if the CSOC is relatively low, the super capacitor recovers the braking
energy and charges the power battery after it is fully charged; if the BSOC is low and
the CSOC is high, the energy recovered by the super capacitor will charge the power
battery; if the BSOC and CSOC are both high, the super capacitor and the power
battery are allowed to be appropriate charge.

According to the above rules, the fuzzy logic control rules are formulated as shown in
Table 5.

Table 5. Fuzzy logic control rule table.

Kbat
Pr

NB NM NS ZE PS PM PB

BSOC
(CSOC = LE)

LE ME ME ML LE MB MB MB
ME ML ML LE LE GE GE MB
GE LE LE LE LE GE GE GE

BSOC
(CSOC = ME)

LE MB ME ML LE ML LE ML
ME ME ML LE LE ML ME MB
GE LE LE LE LE MB GE GE

BSOC
(CSOC = GE)

LE GE GE GE LE LE LE ML
ME MB ML ML LE LE ML ME
GE ML LE LE LE LE ME MB

4.5. Fuzzy Control System Model

A three-input single-output variable model was constructed using the Fuzzy Logic
Controller module. The compound power fuzzy control system, depicted in Figure 12, was
then established to conduct simulation experiments for the control strategy of compound
power electric vehicles.
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5. Simulation Analysis of Control Strategy

The simulation experiment was conducted under the standard UDDS working condi-
tion, as shown in Figure 13. This condition has a cycle time of 1369 s, covering a driving
distance of 11.99 km, with a maximum speed of 91.25 km/h and an average speed of
31.51 km/h. The vehicle stops for a total of 259 s, occurring 17 times during the cycle. Uti-
lizing the previously developed energy management strategy, simulations were performed
for both single energy source and compound power electric vehicles employing the fuzzy
control strategy.
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5.1. Wavelet Theory Power Split

The standard UDDS operating condition data curve was loaded into the simulation
model to analyze the system demand profile. Based on the wavelet transform algorithm
to separate the high- and low-frequency demand power and based on the MATLAB code
to determine the optimal three-layer decomposition threshold, the corresponding optimal
values of d1, d2, and d3 are 5.3709, 6.7233, and 7.1788; the corresponding load power curve
after three-layer Hart wavelet processing is shown in Figure 14. Following the optimal
threshold three-layer Haar wavelet processing, the required power is allocated, and some
chaotic and transient components are balanced with super capacitors to prevent the power
battery from processing the rapidly changing power demand and improve the life of the
battery system and the economy of the vehicle. The a3 curve is the low-frequency part after
the UDDS working condition power is shunted, and this component is used as the input
variable of the load demand power in the fuzzy logic controller. The super capacitor is
used as a power buffer to absorb the transient fast power variable, that is, the power of the
d1 to d3 curve in the figure, which extends the life of the power battery and improves the
energy efficiency of the system.
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5.2. Fuzzy Logic Control Simulation
5.2.1. Comparative Analysis of Power Battery SOC and Current Value

Under UDDS cycle conditions, each power system is matched with the same capacity.
Comparing the simulation results in Figure 15, it is evident that the SOC of the power
battery in the single energy source system decreased to 0.668, while the SOC of the power
battery in the composite power system decreased to 0.69. This indicates that the SOC of
the power battery in the composite power system decreased by 12.5%, showcasing an
enhancement in efficiency.
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The driving range of an electric vehicle is a crucial metric. Figure 16 illustrates that the
peak output current of a single power source reaches 36 A, significantly affecting the power
battery. In contrast, the peak output current of the power battery in the composite power
system is 15 A. This indicates that the composite power system effectively mitigates the
impact of high-current charging and discharging on the power battery, thus safeguarding
its longevity and extending the overall life of the power battery.
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5.2.2. Comparative Analysis of Discharge Efficiency

Figure 17 presents a comparison curve of the discharge efficiency of the power battery
between a single power supply and a composite power supply pure electric vehicle oper-
ating under UDDS conditions. Notably, the discharge efficiency of the power battery in
a composite power electric vehicle exhibits higher, denser, and more stable performance
compared to that of a single power battery system.
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6. Optimizing the Control Strategy Based on the Dynamic Programming Algorithm

To obtain optimal control, the best distribution of power and energy must be achieved
within the composite power system. While fuzzy logic control is well suited for instan-
taneous optimal power distribution, it struggles to maintain optimal control throughout
the entire cycle [43]. This section explores global optimal control of the composite power
system using the dynamic programming (DP) algorithm. With the objective of minimizing
power battery losses, we dynamically plan the control strategy based on real-time state
parameter values under UDDS driving conditions. This ensures the optimal distribution of
power between the power battery and the super capacitor [44].

6.1. Optimize the Objective Function

By considering the power loss of the power battery in the composite power system
as the cost function, our optimization objective is to minimize this cost function. We em-
ploy the vehicle power balance equation to determine the power demand of the vehicle’s
composite power system during cycle driving conditions, thereby achieving the optimal
distribution of energy between the power battery and the super capacitor. The optimiza-
tion process can be described as follows: the system optimization path is divided into
multiple stages and searches for the optimal control amount from the initial state to the
final state according to the required power of each system section. This approach aims to
minimize battery energy loss throughout the entire standard operational condition [43].
The optimization objective function is:

J =
N−1

∑
k=0

fbat(x(k), u(k), k) · k, (22)

In the formula, x(k) and u(k), respectively, represent the state variables and control
variables of the system.

When the power of the battery or super capacitor is determined at any given moment,
the other power is automatically determined. Consequently, the control system operates in
a univariate mode. The control variable is expressed in terms of the required power of the
power battery. A constraint function is derived, with the power battery and super capacitor
serving as state variables for the global optimization of the system [45], as indicated in the
following formula:

u(k) = {Pbat(k)}, (23)

x(k) = {BSOC(k), CSOC(k)}, (24)
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In the formula, x(k) = g[x(k − 1), u(k − 1)], g is the state transition function.

x(k) =


BSOC(k + 1) = BSOC(k)− ∆t

QcapUoc

CSOC(k + 1) = CSOC(k)

+
CSOC(k)Umax+

√
[CSOC(k)Umax]

2−4PcapRcap

2RcapCcapUmax

, (25)

6.2. Optimization Constraint Problems and Solutions

The optimization problem is subject to the performance constraints of the power
source, including the state constraints of the power battery and super capacitor SOC, as
well as their respective power constraints. The constraints are as follows:

BSOCmin ≤ BSOC(k) ≤ BSOCmax, (26)

CSOCmin ≤ CSOC(k) ≤ CSOCmax, (27)

Pbat_min ≤ Pbat(k) ≤ Pbat_max, (28)

Pcap_min ≤ Pcap(k) ≤ Pcap_max, (29)

In the formula, Pcap_min and Pcap_max represent the minimum and maximum power of
the super capacitor, respectively, while Pbat_min and Pbat_max represent the minimum and
maximum power of the power battery, respectively. Combining Equations (20)–(23), these
constraints can be folded into a single constraint.

The dynamic programming method uses the reverse calculation method. When the
initial state is given, we calculate from k = N, and then calculate the optimal decision and
function of each stage. After the reverse calculation is completed, a forward calculation
is needed, and the reverse calculation result is used as the known quantity. The optimal
control quantity at each moment is calculated by interpolating the Interp function.

Before executing dynamic programming, as a part of DP, the equation must be con-
verted from continuous space to discrete space. The battery charge state is simply divided
into 72 possibilities, and the value function V and the optimal controller u_star are assigned
in advance.

Suppose the control quantity at time m is Pbat(m), and the state BSOC(m + 1) at time
(m + 1) can be obtained according to the system state variables. However, BSOC(m + 1)
may not precisely match a specific time (m + 1) state value, as the value function V is
defined on the SOC grid. Interpolation between grid points is conducted to determine the
corresponding battery energy loss J(m).

6.3. Comparative Analysis of Optimization Results

To validate the optimization effectiveness of the energy management system controlled
by DP, the dynamic programming program was compiled through Python 3.8, and the
program was run based on Anaconda 3 2019. 10 software.

Figure 18 illustrates the power output comparison curve of the power battery and super
capacitor after DP-optimized control. Under the high-demand power of electric vehicles and
frequent load power conversion, the composite power system uses super capacitors to weaken
the load borne by the power battery, which plays a “peak shaving” role. Additionally, when
the required power value is less than zero, the super capacitor is used to recover braking
energy. During the whole cycle, the working power of the power battery is stable, and the
peak value is reduced to prevent the impact of high current on the power battery, thereby
safeguarding it and enhancing the energy utilization efficiency of the system.
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Figure 18. Controlling power allocation under dynamic programming.

Figure 19 depicts a comparison chart of the change curve of the power battery SOC
value under three working conditions. In the 1369 s cycle working condition, under
dynamic programming optimization control, the SOC of the power battery drops to 0.724,
which is compared with the fuzzy control of a single battery. In other words, the DP
optimization control increases the SOC of the battery by 25%. Compared with the fuzzy
control of the compound power supply, the SOC of the battery increases by 14.2% in
the dynamic programming algorithm. The energy efficiency of electric vehicles using
composite power sources has been significantly improved, and the designed control based
on the DP algorithm can maximize the energy utilization rate of the vehicle and increase
the driving range of the vehicle.
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In order to verify the effectiveness of the DP algorithm, aside from horizontally
comparing the composite power system (with an initial power battery SOC of 0.9) under
different control strategies, longitudinal comparisons are also simulated under the same
control strategy with different initial values. As illustrated in Figure 20, the overall SOC of
the power battery remains relatively stable, with minor fluctuations along the downward
curve due to frequent changes in load power and the system’s engagement in braking
energy recovery.
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Table 6 presents the simulation outcomes of two distinct control strategies. The data
indicate that the power consumption per 100 km of the vehicle following dynamic pro-
gramming optimization is marginally lower compared to that of the fuzzy control strategy,
decreasing by 1.632 kWh, equivalent to a 14.7% reduction in power consumption. Conse-
quently, optimization enables finer adjustments in power distribution between the power
battery and the super capacitor, leading to reduced energy consumption and improved
vehicle economy.

Table 6. Comparison of economic performance of vehicles before and after optimization.

Initial Value of SOC
Electricity Consumption per Hundred Kilometers (kWh/100 km)

Comparison Result
Fuzzy Control of Composite Power Supply Dynamic Planning of Composite Power Supply

SOC = 0.90 11.101 9.469 decrease 1.632

7. Conclusions

Under the fuzzy logic control strategy, the composite power system demonstrates a
12.5% increase in the SOC of the power battery compared to a single battery power source,
with the SOC decreasing from 0.9 to 0.69 under 1369 s cycle conditions. Additionally, the
composite power system exhibits a nearly 20 A reduction in peak power battery current
compared to the single power system. The integration of super capacitors in the composite
power system enhances power battery charging and discharging efficiency, leading to a
reduction in the number of power battery discharge cycles and discharge current.

With DP optimization control, the power battery’s SOC decreases from 0.9 to 0.724.
Compared to single battery fuzzy control, the DP algorithm increases the power battery’s
SOC by 25%. In comparison to fuzzy control of the composite power supply, the power
battery’s SOC increases by 14.2%. From an economic perspective, the vehicle’s power
consumption per 100 km after DP optimization decreases by 14.7% compared to the fuzzy
control strategy. This enhances the energy utilization of the power supply system and
extends the vehicle’s driving range.

Therefore, considering the impact of chaotic and transient power demands on the
coupling characteristics of a power battery system during the energy management process
of a hybrid power system, this study achieves mathematical statistics and probability
distribution methods to achieve power shunting. This approach violates the common
control strategy concept in existing research. The power battery processes most of the
low-frequency power demands from wavelet decomposition. Super capacitors provide the
high-frequency part of the power demand. This scheme improves energy utilization and
provides a new low-cost idea for developing an energy management system for hybrid
power systems.

While existing research on composite power sources has primarily focused on fuel
cells, power batteries, and super capacitor systems, this study investigates a composite
power system consisting of power batteries and super capacitors. This system offers great
application prospects in the field of heavy-duty vehicles. Our team focuses on researching
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special-purpose vehicles. However, the existing design schemes cannot be directly applied
to heavy-duty vehicles. Therefore, this research explores the theory of composite power
systems for passenger cars, laying a theoretical foundation for future research on composite
power systems for special-purpose vehicles.
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Nomenclature

SOC State of Charge of the Power Battery
MGs Microgrids
S.E. Hub Smart Energy Hub
IDSM Integrated Demand Side Management
CC Cloud Computing
SC Super Capacitor
NE Nash Equilibrium
DRL Deep Reinforcement Learning
ATSAC Automatic Tuned Soft Actor-critic
HEV Hybrid Electric Vehicle
LiB Lithium-ion Battery
PMSM Permanent Magnet Synchronous Motor
PWM Pulse Width Modulation
BSOC Battery State of Charge
CSOC Super Capacitor State of Charge
UDDS Urban Dynamometer Driving Schedule
DP Dynamic Programming
ECU Electronic Control Unit
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