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ABSTRACT This article proposes an adaptive parameter optimization energy management strategy suitable
for range-extended electric vehicle (R-EEV), with the optimization objectives of improving vehicle economy,
reducing emissions and extending battery life. First of all, an adaptive two-point energy management
strategy (AT-PEMS) based on the auxiliary power unit (APU) optimal curve is designed, and the APU
system realizes power following in the way of constant speed and variable torque. Then, the oil-electricity
conversion loss rate, comprehensive exhaust emissions and battery capacity loss rate are selected as the
optimization objectives, and the particle swarm optimization algorithm is applied to solve the multi-objective
optimization (MOO) problem in AT-PEMS. The simulation results show that under the same solution, the
three optimization objectives cannot be optimal. We evaluate the individual with the best comprehensive
objective as the final optimization solution. Finally, the paper designs an adaptive parameter optimization
module based on fuzzy controller. The test results show that AT-PEMS play a positive role in extending the
battery life while ensuring high fuel economy and low emissions.

INDEX TERMS Range-extended electric vehicle, energy management, multi-objective optimization, adap-
tive fuzzy control, PSO algorithm.

I. INTRODUCTION
The rapid development of electric vehicle technology has
reduced environmental pollution and the consumption of
non-renewable energy to a certain extent. With the auxiliary
power unit (APU) as the core power system, the range-extend
electric vehicle (R-EEV) has effectively solved the problem
of short drive range of battery electric vehicle, and has gradu-
ally become the main type among new energy vehicles, with
good development prospects. Energy management strategy
(EMS) is an important technology, which has a significant
impact on the performance of R-EEV [1], [2]. The previ-
ous researches show that R-EEV can reasonably allocate
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the power of APU and battery to reduce the energy con-
sumption under various working conditions and the degree
of environmental pollution [3]. Therefore, EMS has a great
impact on the performance of R-EEV, and a more reasonable
EMS helps to improve the comprehensive performance of R-
EEV [4], [5].

A. LITERATURE REVIEW
The flexibility of power distribution of R-EEV vehicle sys-
tem brings more complex electronic control problems. EMS
can generally be divided into two categories: rule-based and
optimization-based. The former can be divided into deter-
ministic rule-based and fuzzy rule-based according to its
implementation. Because of its easy implementation and high
computational efficiency, it has been widely used in prac-
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tice [6]. Rule-based EMS predefines relevant control rules
to ensure that APU works in its efficient area. However, the
development of rule-based EMS rules mainly depends on the
experience of designers, and the threshold is fixed. Because
the whole cycle is not optimized according to the working
condition information, the rule-based EMS performance may
not be optimal [7], [8], [9]. Optimization-based EMS mini-
mizes the predefined cost function under feasible constraints,
and adjusts the control variables according to the numerical
calculation results. Optimization-based EMS can be further
divided into global optimization control and real-time opti-
mization control. Among them, particle swarm optimization
(PSO) [10], model predictive control (MPC) [11], [12], [13],
genetic algorithm (GA) [14], [15], [16], dynamic program-
ming (DP) [17], [18], [19], pseudospectral optimal control
(PSOC) [20] and minimum principle (MP) [21], [22], [23]
are widely used in solving EMS MOO problems. Consid-
ering battery life, Wang et al. [24] proposed a novel EMS
based on the improved deep Q-network (DQN) to reduce
the driving cost of HEV, while considering the life and
energy efficiency of lithium-ion batteries. Based on the DP
method, the effectiveness and optimality of the proposed
EMS are verified. Guo et al. [25] proposed a real-time pre-
dictive energy management strategy (PEMS) for plug-in
hybrid vehicles to coordinate and control fuel economy and
battery life. The results showed that the proposed PEMS
has ideal performance in reducing fuel consumption and
limiting battery aging. Yao et al. [26] proposed an energy
management strategy based on adaptive equivalent fuel con-
sumption minimization strategy (A-ECMS) for R-EEV, and
the research results showed that it can improve battery life
effectively. Zhang et al. [27] analyzed and compared the DP,
Pontryagin minimum principle (PMP) and equivalent con-
sumptionminimization strategy (ECMS) of HEV considering
battery aging, and finally gave their advantages and disad-
vantages. Based on optimization, EMS [28], [29], [30] needs
to use the information of previous driving cycles and find
the optimal energy allocation of various power sources of
the vehicle, with the minimization of energy consumption
as the control objective, which is difficult to apply in real
vehicles. Therefore, EMS based on optimization is often used
as a benchmark to evaluate EMS performance. In rule-based
EMS, range-extended electric vehicle generally operates in
two modes, namely charge depleting (CD) mode and charge
sustaining (CS) mode [31]. In this paper, the CD-CS control
mode is adopted, and the optimization algorithm is used to
design and optimize the control parameters of the rule-based
electromagnetic compatibility system from a multi-scale
perspective.

The improvement of R-EEV performance not only requires
to ensure higher energy efficiency but also lower emission
and longer battery life as far as possible, and some previ-
ous researches on R-EEV have already concerned the MOO
problem. Battery performance makes a great difference to
the various performances of R-EEV, and the charging and
discharging mode of battery determines the battery life [32].

Taking battery life into consideration, this paper designed
an EMS for vehicles. Until now, there has also been some
progress in the research of EMS in terms of battery life.
Yi et al. [33] proposed a PMP global optimization algorithm
for HEV that considers battery degradation and aims to
optimize battery loss. Compared with fuzzy rule strategies,
it effectively reduces energy consumption and delays battery
loss. Anselma et al. [34] developed a battery SOH adaptive
EMS using the parameters of the battery SOH function,
and the results showed that the proposed method effectively
improved fuel economy during battery aging. In addition,
MOO problem with considering fuel consumption emissions
and battery life has not been solved well. Fuel consump-
tion, emissions and battery life should be balanced and
comprehensively optimized in the real-time control system.
Therefore, taking EMS as a MOO problem, this paper not
only focused on minimizing energy consumption, but also
considered other important performance, which made further
research on EMS of R-EEV with the combination of energy
efficiency, emission and battery life.

B. MOTIVATION AND INNOVATION
Compared with other control strategies, rule-based EMS is
well-suited for R-EEV with the feature of high calculation
efficiency. The optimal operating point of APU and the char-
acteristic parameters of off-line optimization are the key point
for EMS based on multi-objective optimization. However,
the fixed parameters of EMS will not be able to match the
complex changes of driving cycles to achieve the ideal com-
prehensive performance. Therefore, it is very important to
develop an adaptive parameter optimization EMS on the basis
of considering the state of the battery. This paper proposed
an adaptive control strategy based on the MOO for R-EEV
balancing the following three aspects: the oil-electricity con-
version loss rate, the comprehensive exhaust emission and
the battery capacity loss rate. The major contributions of this
paper are as follows: Firstly, it proposes a general framework
of MOO by BB-MOPSO which can solve the imbalanced
performance problem directly and designs an AT-PEMS for
APU; the MOO results can provide a reference for the estab-
lishment of rule-based control strategies. Secondly, the strat-
egy with fixed parameters ignores the dynamic information
of the battery, which makes the comprehensive indications
of the strategy reduce to a certain extent. With considera-
tion of the real-time battery SoC information, it designs an
adaptive control method based on key threshold parameters
of fuzzy algorithm to achieve near-optimal comprehensive
performance. Thirdly, it combines offline optimization and
online parameter adjustment to generate the adjustment rule
base, so as to be used in real vehicles.

C. ORGANIZATION OF THIS PAPER
With consideration of SoC and current of the battery, this
paper proposed a two-point energy management strategy
(T-PEMS) and a MOO method to optimize energy consump-
tion, emissions and battery life in the R-EEV. This paper is
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FIGURE 1. Configuration of the studied range-extended electric vehicle.

organized as follows: Section II designs the control strategy of
T-PEMS and the algorithm of adaptive parameter adjustment,
and introduces its principle. Section III describes the MOO
problem and selects the PSO algorithm to solve the MOO
problem. Section IV conducts a series of tests and figures
out the pareto solution sets, and demonstrates the effective-
ness and feasibility of the proposed strategy through bench
tests. The last section summarizes the paper and gives the
conclusion.

II. DESIGN OF ADAPTIVE TWO-POINT ENERGY
MANAGEMENT STRATEGY
Rational power distribution between APU and battery is the
ultimate goal of R-EEV EMS. This paper studies the control
effect of the two-point energy management system of APU
through the analyzation of the power distribution between
APU and battery. On the basis of the T-PEMS and the oper-
ating point switching logic, it considers SoC and current of
battery to contruct the parameter adjustment module based
on fuzzy logic.

A. CONFIGURATION OF THE STUDIED R-EEV MODEL
This paper takes a popular configuration of R-EEV as the
object, and designs relevant EMS according to its character-
istics. The powertrain of this R-EEV is mainly composed of
APU, battery, drive motor and transmission system, as shown
in Fig. 1. The APU contains an internal combustion engine
(ICE) and an integrated starter and generator (ISG). The ICE,
only used to drive the ISG, can’t be used to drive the wheels
directly. Since the ICE speed is not coupled to the vehicle
speed, it can operate continuously in the high efficiency area
to achieve low fuel consumption. The battery is used to
provide electrical energy for motor to compensate power and
to store energy of regenerative braking.

In this paper, the CD-CS control mode is adopted. In CD
mode, R-EEV is driven by pure electricity. It will switch
to CS mode and APU will operate when the battery SoC
reaches a lower threshold.When the required power Preq < 0,
regenerative braking will be implemented, which will convert
the braking energy into electric energy to the maximum and
store it in the battery. The excess braking energy will be

converted into friction heat by the mechanical braking system
and dissipated. When Preq > 0, the APU will operate at its
designed power, if the battery SoC is below its lower thresh-
old. If the power is sufficient to meet the driving demands,
most of it will be used to drive the car, the excess power
will be used to charge the battery until the SoC reaches its
predetermined value. If the power cannot meet the driving
demands, the battery will still provide insufficient power.

B. DESIGN OF TWO-POINT ENERGY MANAGEMENT
STRATEGY OF THE APU SYSTEM
As shown in Fig. 2, the T-PEMS is adopted to control APU at
multiple low fuel consumption points, in which the threshold
parameter is the Preq. APU continuously switches operating
points based on the battery SoC and threshold parameters
to change operating states. The operating points are deter-
mined according to the fuel consumption chart and Preq. The
remarkable feature of this strategy is that it can effectively
avoid the shortage of ICE power and the fluctuation of ICE
speed and torque. This control strategy reduces the number
of charge and discharge cycles, and prolongs the battery life.

The APU working mode is evenly divided into two inter-
vals (number of constant speed operating point, Ncsop = 2),
and each interval corresponds to the constant speed operating
point of the APU system. The maximum power in the first
interval is equal to the minimum power in the second interval.
Combined with the maximum power Pcsop_1_max and the
minimum power Pcsop_1_min in the first interval and the
power fluctuation margin coefficient ε1, the upper and lower
power limits of the APU system at the operating speed n1 are
calculated as follows, and the same applies to the upper and
lower power limits of the APU system at operating speed n2:{

Pcsop_1_up = Pcsop_1_opt +
(Pcsop_1_max−Pcsop_1_min)ε1

2

Pcsop_2_up = Pcsop_2_opt +
(Pcsop_2_max−Pcsop_2_min)ε2

2

(1){
1P1_ε = Pcsop_1_up − Pcsop_1_low
1P2_ε = Pcsop_2_up − Pcsop_2_low

(2){
ε1 =

1P1_ε
Pcsop_1_max−Pcsop_1_min

ε2 =
1P2_ε

Pcsop_2_max−Pcsop_2_min

(3)

Here, Pcsop_1_up and Pcsop_1_low are the upper and lower
power limits of the APU system operating in the first interval;
Pcsop_2_up and Pcsop_2_low are the upper and lower power
limits of the APU system operating in the second interval;
Pcsop_1_opt and Pcsop_2_opt are the power of the APU system
operating at the optimal curve respectively; ε1 and ε2 are
the power fluctuation margin coefficient respectively, which
characterizes the achievable range of output power when
operating at n1 and n2 speed. 1P1_ε and 1P2_ε are the power
coverage area of the APU system operating respectively.
Pcsop_2_max and Pcsop_2_min are the maximum power and
minimum power of the APU system operating in the second
interval.
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FIGURE 2. Rule-based energy management control strategy based on logic thresholds.

According to the above content, the torque at the working
speed in the interval are calculated as follows:{

T1_ε_up =
9550Pcsop_1_up

n1
, T1_ε_low =

9550Pcsop_1_low
n1

T2_ε_up =
9550Pcsop_2_up

n2
, T2_ε_low =

9550Pcsop_2_low
n2

(4)

Here, T1_ε_up and T1_ε_low are the upper and lower torque
limits of the APU system operating in the first interval;
T2_ε_up and T2_ε_low are the upper and lower torque limits
of the APU system operating in the second interval.

The switching threshold values of adjacent two operating
points are set as follows:{

P1_cr_up = Pcsop_1_max,P1_cr_low = Pcsop_1_min

P2_cr_up = Pcsop_2_max,P2_cr_low = Pcsop_2_min
(5)

Here, P1_cr_up is the power threshold value of the APU
system when switching from the first to the second intervals,
P2_cr_low is the power threshold value of the APU system
when switching from the second to the first intervals.

Therefore, the real-time target power and torque values of
the APU system are calculated as follows:

PAPU_1_act =


Pcsop_1_low, P1_cr_low ≤ Preq ≤ Pcsop_1_low
Preq, Pcsop_1_low ≤ Preq ≤ Pcsop_1_up
Pcsop_1_up, Pcsop_1_up ≤ Preq ≤ P1_cr_up

(6)

PAPU_2_act =


Pcsop_2_low, P2_cr_low ≤ Preq ≤ Pcsop_2_low
Preq, Pcsop_2_low≤Preq≤ Pcsop_2_up
Pcsop_2_up, Pcsop_2_up ≤ Preq ≤ P2_cr_up

(7)

TAPU_act =
9550PAPU_act

nAPU_act
(8)

FIGURE 3. Schematic diagram of parameter adjustment of AT-PMCS.

Here, PAPU_1_act and PAPU_2_act are the real-time output
power; nAPU_act is the real-time speed; TAPU_act is the real-
time torque.

C. ADAPTIVE PARAMETER OPTIMAL ENERGY
MANAGEMENT STRATEGY
The parameter fixed EMS is difficult to adapt to complex
and diverse driving cycles. To reduce the adverse impact of
frequent charging and discharging on the battery life, APU
and battery can be effectively combined, and the energy
utilization of the two can be reasonably allocated by referring
to the SoC of the battery. To solve the problem that the
fixed switching threshold parameters can not adapt well to
the actual driving situation, this article designed a parameter
adaptive optimization module based on fuzzy algorithms.
In order to distinguish from the control strategy with fixed
parameters mentioned earlier, the strategy with adjustable
parameters is defined as AT-PMCS, and the principle of the
strategy is shown in Fig. 3.

The fuzzy logic controller is used for real-time adjustment
of AT-PMCS. The composition and functional implementa-
tion of the fuzzy logic controller are shown in Table 1.
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TABLE 1. Composition and functional implementation principle of fuzzy logic controller.

TABLE 2. Parameter adaptive fuzzy control rules.

The article uses theMamdanimethod for fuzzy logic calcu-
lation, selecting triangles as the input and output membership
functions. Set five input membership functions of 1SoC,
namely negative big (NB), negative small (NS), zero (ZO),
positive small (PS), and positive big (PB). Set three input
membership functions of SoC, namely high (H), medium
(M), low (L). Set seven output membership functions, namely
negative large (NL), negative medium (NM), negative small
(NS), zero (ZO), positive small (PS), positive medium (PM),
and positive large (PL).

The rule library is designed according to the following
principles: when the SoC is within a higher battery efficiency
operating range, it reduces 1ε value to increase the battery’s
participation in operation;When the SoC is in a lower battery
efficiency operating range, increase the 1ε value to reduce
the battery’s participation in operation;The fuzzy rules at two
operating speeds are the same, and the control rules are shown
in Table 2.

It should be noted that in order to ensure control accu-
racy and calculation efficiency, offline calculation meth-
ods are used, and the corresponding relationship between
observed values and actual values can be calculated
as follows:

Vf =

n∑
i=1

ωi · Vf _i

n∑
i=1

ωi

(9)

Here, Vf is the final value; n is the number of elements, ωi is
the membersh.

III. MULTI-OBJECTIVE OPTIMIZATION FOR AT-PEMS
EMS is mainly designed to reduce energy consumption,
decrease exhaust emissions and increase battery life. How-
ever, the reduction of energy consumption and emissions
often leads to battery use increase, which shortens battery
life. In order to reasonably coordinate the three designing
objectives, this section proposes an AT-PEMS based onMOO
method to balance the contradiction between energy con-
sumption, exhaust quality and battery life.

A. DESCRIPTION OF MOO PROBLEM
There are many factors that can influence the effect of EMS
control, but some factors with great randomness often change
greatly in reality, such as vehicle mass, road conditions, and
driving habits of driver. However, the vehicle structure param-
eters cannot be changed during use, which makes it difficult
to fully implement the MOO model algorithm. To solve this
problem, the control parameters of EMS should be optimized
and changed in real time.

As mentioned above, the operating point allocation rule
of APU is determined by two working points (n1 and n2)
and power range (ε1 and ε2). The problem described in this
section will be optimized with the objective of Coil_ele, Ecom,
Qloss under multi-dimensional constraints, and the overall
expression of the objective is as follows:

Jmin[n1,n2,ε1,ε2] = arg
∫ Tcyc

0
ωcCoil_ele+ωEEcom + ωQQloss

(10)

Here, Jmin is the minimum value of the multi-criteria cost
function of control system. n1, n2, ε1 and ε2 are a set of
optimization variables that cause the objective function to
obtain its minimum Coil_ele, Ecom and Qloss, respectively.
Coil_ele is the evaluation index of oil-electricity conversion
loss rate, and Ecom is the evaluation index of comprehensive
exhaust emission. Qloss is the battery capacity loss rate, ωC ,
ωE and ωQ are the weight coefficients of Coil_ele, Ecom and
Qloss, respectively.
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B. MULTI-OBJECTIVE OPTIMIZATION MODEL
1) OIL-ELECTRIC CONVERSION LOSS RATE (Coil_ele)
The economic performance of APU are mainly influenced
by engine efficiency and generator efficiency. Achieving the
lowest energy consumption of the APU is a main goal of
studying EMS. The Coil_ele of APU system can be calculated
according to the following:

Coil_ele = 1 −
360 · ηele

ηoil · ρ
(11)

Here, ηele is the power generation efficiency of the generator;
ηoil is the efficiency between the fuel and effective power of
the engine; ρ is the gasoline calorific value, which is 4.6 ×

107 J / kg.

2) COMPREHENSIVE EXHAUST EMISSION (Ecom)
In order to study the relationship between R-EEV exhaust
emissions and APU operating conditions, this article obtains
the gas emissions of CO, CH, and NOx through engine
bench tests. Based on statistical data, the APU comprehensive
exhaust emission characteristic function Ecom is defined, and
the weighted expression for parameter value normalization is
as follows:

Ecom = ξCOECO + ξCHECH + ξNOxENOx (12)

Here, ECO, ECH and ENOx are the CO, CH and NOx gas
emission characteristics functions; ξCO, ξCH and ξNOx are the
weight coefficients of ECO, ECH and ENOx respectively. [ξCO,
ξCH , ξNox]T = [0.4, 0.3, 0.3]T in this paper.

To avoid making the expression complex due to different
measurement units, each parameter needs to be normalized
before calculation, and its expression is as follows:

ew_j =
eij − ej_min

ej_max − ej_min
, (j = 1, 2, . . . . . . , n) (13)

Here, ew_j is the weighted result of i-th emission index; eij is
the result of emission index; ej_min is the minimum value of
the emission index; ej_max is the maximum value of emission
index.

3) BATTERY CAPACITY LOSS RATE (Qloss)
Due to the focus of this study is mainly on control strategies
to reduce battery capacity loss, this paper calculates the bat-
tery capacity loss rate according to the model proposed in
reference [35]. In this paper, the battery operating temper-
ature is 25◦, fitting parameter are taken as B1∗B2 =0.495,
B2 =0.379. Finally, Qloss is obtained as follows:

Qloss =

∫ Tcyc

0
0.495 ×

dIbat (t)
dt

× exp(0.379
Ibat (t)
Ahcell

)

× Ncyc × DODdt (14)

Here, Tcyc is the total cycle time, Ibat (t) is the battery current;
DOD is the depth of charge or discharge, DOD=0.7; Ncyc is
life cycles, Ahcell is the cumulative capacity of the battery.
Considering the different physical meanings and measure-

ment units of the three objective functions: Coil_ele, Ecom

and Qloss, each objective function can be normalized using
the following:

A(nor) =
Ap − Amin

p

Amax
p − Amin

p
(15)

Here, A(nor) is the normalization result of the objective func-
tion, Ap is the raw data in the pareto optimal solution set,Amax

p
and Amin

p are the maximum and minimum values of the raw
data in the pareto optimal solution set, respectively.

Icom =
1

ωcCoil_ele + ωEEcom + ωQQloss
(16)

Here, Icom is the comprehensive performance evaluation
index of the APU system that takes into account energy
consumption, emissions and battery life.

According to the content of this section, the smaller the
value of Coil_ele, the better the economic performance of
APU; the smaller the value of Ecom, the better the quality of
exhaust emissions; the smaller the value of Qloss, the smaller
the degree of battery aging; the higher the value of Icom, the
better the overall performance of the system.

C. MULTI-OBJECTIVE OPTIMIZATION ALGORITHM
Particle swarm optimization (PSO) algorithm is a bionic
optimization algorithm based on multiple particles. When
PSO algorithm is used to solve problems, a certain number
of particles are randomly generated in the feasible region of
the problem space first. Then, these particles use iterative
methods to continuously update their speed and position in
the search space, allowing the entire population to adjust
towards better fitness. In each iteration, the optimal search
direction can be obtained through information sharing and
mutual cooperation between individual particles, ultimately
obtaining the optimal solution. The particle has three eigen-
values: position, velocity, and fitness function. They are
updated by considering their own factors, individual optimal-
ity, and global optimality. The evolutionary process is shown
in Fig. 5. Because the PSO algorithm has few parameters
to be adjusted, does not have too many constraints, and is
easy to implement, it is very suitable for solving the energy
management optimization problem of R-EEV.

The speed update formula as follows:

v(k+1)
ij = ωv(k+1)

ij + c1r1(P
(k)
best_ij − x(k)ij )

+ c2r2(G
(k)
best_ij − x(k)ij ) (17)

Here, v(k)ij is the speed of particle i at the j-th dimension com-
ponent in the k-th generation, ω is the inertia weight, c1 and
c2 are the individual and social learning factors respectively.

The position update formula is as follows:

x(k+1)
ij = x(k)ij + v(k+1)

ij (18)

Here, x(k)ij is the position of particle i at the j-th dimension
component in the k-th generation.
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FIGURE 4. Membership function and output surface of parameter
adaptive adjustment fuzzy controller.

FIGURE 5. Update evolution process of traditional PSO algorithm.

FIGURE 6. Simulation platform of the R-EEV for the MOO problem.

D. VEHICLE MODEL AND OPTIMIZATION PROCESS
The vehicle dynamic model and the proposed AT-PEMS are
established in AVL/Cruise software and MATLAB/Simulink
software, respectively, and the co-simulation model is shown
in Fig. 6.

FIGURE 7. Speed and distance curves of the CCDC driving cycle.

FIGURE 8. The optimization algorithm processes based on PSO.

TABLE 3. Parameters of R-EEV simulation model.

Considering that the used driving cycle needs to reflect
multiple types of driving cycles, this article adopts a Com-
bined Comprehensive Driving Cycle (CCDC) composed of
NEDC, CLTC, and WLTP, as shown in Fig. 7.

The fundamental parameters of the target vehicle
researched are shown in Table 3.
The description of the implementation steps of optimiza-

tion is shown in Fig. 8.

IV. VERIFICATION AND DISCUSSION
In this section, in order to verify that the optimal effect of the
novel AT-PEMS and the proposed MOO method can achieve
a better balance among the energy consumption, emissions
and battery life, energy management strategies described in
Section II are verified in both simulation and experimental
bench.

A. INITIAL PARAMETER OPTIMIZATION RESULTS
Build and integrate the optimization model in Cruise soft-
ware, and set the parameters of each module to complete the
calculation. Through the data analysis window, the changes in
parameter optimization results during the entire optimization
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process can be observed. During the calculation process, the
average value of parameters in each generation is selected
to describe the changes in optimization variables during the
iteration process, as shown in Fig. 9.
According to the observation of the results, all techni-

cal parameters can converge to a stable value range after
approximately 60 iterations, indicating that the optimization
algorithm developed in the study has good performance.
However, the convergence trajectory of optimization vari-
ables during the iteration process varies, as follows:

(1) The fluctuation range of n1 is [1100 r/min, 1750 r/min].
After approximately 30 iterations, the fluctuation range of n1
stabilizes at [1350 r/min, 1750 r/min], and converges steadily
to around 1650 r/min after 60 iterations.

(2) The fluctuation range of n2 is [2500 r/min, 3500 r/min].
After approximately 24 iterations, the fluctuation range sta-
bilizes at [2800 r/min, 3150 r/min], and converges to around
3000 r/min after 45 iterations.

(3) The fluctuation range of ε1 is [0.2, 0.7]. After approx-
imately 30 iterations, the fluctuation range stabilizes at [0.3,
0.55] and converges to around 0.42 after 50 iterations.

(4) The fluctuation range of ε2 is [0.2, 0.8]. After approx-
imately 30 iterations, the fluctuation range stabilizes at [0.5,
0.75] and converges to around 0.65 after 50 iterations.

The optimization results indicate that the AT-PEMS of the
APU system can ensure good power performance of the R-
EEV. The convergence value of the power margin value at
low power operating points is relatively small, which is due
to the low efficiency of the APU system in the low power
operating region, resulting in the optimization results being
‘‘compressed’’ towards the low efficiency range direction;
The convergence value of the power margin value at high
power operating points is relatively large, which is due to the
high efficiency of the APU system in the high power operat-
ing area, and the optimization results ‘‘expand’’ towards the
high efficiency range. According to observation and analysis,
the speed distribution in the dual operating point mode is uni-
form and reasonable, which can better balance the required
power range during the working process.

B. COMPARISON RESULTS OF PARETO
MOO is a method to find the best solution for multiple con-
flicting objective functions. Any decision variable in MOO
may affect the final optimization goal, and its solution set
is essentially a vector optimization. When two conflicting
objects appear, the plane formed by all the optimal solutions
is called the ‘‘Pareto plane’’. The ultimate Pareto optimal
solution is the best result among all optimal solutions, namely
the ‘‘Pareto optimal frontier’’. Any solution in this result can
be called optimal, and there is no reason to prove that any
one of them is absolutely superior to the other solutions. This
article will use the concept of Pareto advantage to evaluate
the quality of solutions. For the MOO problem J (x) within
the defined interval J, if there is no solution x ∈ J and satisfies
x < x∗, then the solution x∗

∈ J is considered to be the Pareto
optimal solution.

In the following text, this method will be used to seek
a set of Pareto optimal solutions with good convergence
and distribution for the MOO problem.The usual method
for solving multi-objective optimization problems is to con-
vert multi-objective problems into single objective solutions
through mathematical transformation. However, in practical
problems, multi-objective optimization problems often have
characteristics such as nonlinearity, non-differentiability, and
discontinuity, making it difficult to solve them using mathe-
matical methods. The study of multi-objective optimization
using multi-objective particle swarm optimization (heuristic
algorithm) belongs to the optimal solution set acquisition
strategy. The optimal solution set obtained by the algorithm
is the optimal solution set of the current population, not the
optimal solution of the overall problem. It can be consid-
ered as an approximate optimal solution set. Based on the
definition of pareto, which is not inferior to the set com-
posed of all other current solutions, the optimal solution
set can be obtained by traversing and judging all solutions.
The MOO-PSO algorithm used in this study preserves the
currently found optimal solution set during each iteration, and
then merges the next iteration found optimal solution set with
the current optimal solution set to select the non-dominated
optimal solution set again.

This section will optimize variables n1 and n2, ε1 and ε2,
and obtain a set of non inferior Pareto solutions based on the
PSO algorithm. The top 100 Pareto solutions among them
will be used as a single objective or comprehensive objective
solution set. the results are shown in Fig. 10.

Pre-adjust the APU to operate in dual point mode. Through
observation and analysis, it can be concluded that when the
minimum Coil_ele is used as the optimization objective, the
speed switching frequency is relatively small, which can
balance the high demand power range with high efficiency
and achieve good economic performance. Because the APU
system does not achieve full power coverage, which increases
the participation of batteries to some extent, the overall effi-
ciency is not optimal. When using the minimum Ecom as the
optimization objective, if the APU parameter ε value is too
small, better emission characteristics will be obtained. This
is because the APU operates with a relatively small power
switching frequency when ε is small, and the APU system
operates more in the low emission areas. The APU output
power coverage is low, and the battery participation is large,
resulting in better overall efficiency. When the optimization
goal is to minimize Qloss and adopt a larger ε value, the
APU system has high power coverage, low battery partici-
pation, and low charging and discharging power, resulting in
a smaller battery capacity loss rate. When the optimization
objective is Icom, the maximum Icom result is obtained when
the ε value is too small. If the ε value is too large, it will
cause the APU system power switching dynamic response to
slow down. Therefore, it can be considered that in the mode
where the ε value is relatively small, it can better balance
system energy consumption, emissions, and battery capacity
loss rate, thus making the comprehensive indicators better.

90208 VOLUME 11, 2023



C. Chang et al.: Research on AT-PEMS and Optimization for R-EEV

FIGURE 9. Convergence of optimization variables results during the iteration process.

FIGURE 10. Pareto solution set of multi-objective parameter optimization
of APU system in two-point operating mode.

C. COMPARISON OF THE RESULTS OF PARAMETER FIXED
AND PARAMETER ADAPTIVE ADJUSTMENT
Fig. 11 shows the distribution of operating points of the APU
system in two points mode of parameter fixed (T-PEMS) and
parameter adaptive adjustment (AT-PEMS).

The gray hollow circle represents the position of the APU
system’s operating points in the MAP diagram. It can be
seen that in the parameter fixed mode, the APU system
operates at a fixed speed point and the optimal power curve.
In the two points mode, the APU system can follow policy
rules, working within the corresponding constant speed and
variable torque working area to respond to demand power,
the distribution of working points is uniform, the fluctua-
tion of working speed is small, and the working points can
work more near the optimal working curve. In AT-PEMS of
parameter adaptive adjustment mode, some operating points
have changed, with approximately 18% of the operating

points shifting from low-power areas to high operating areas.
At the same time, the operating points are more concentrated
near the optimal operating point, which undoubtedly helps
to improve the efficiency of the APU system and optimize
the overall performance indicators of the system to a certain
extent.

D. DISCUSSION BASED ON COMPARISON RESULTS OF
STATICS ANALYSIS
Those parameter ε values are subject to considerable uncer-
tainty or vary with their lifetimes. Comparative study against
benchmark control strategy to comprehensively evaluate the
proposed T-PEMS, two commonly used control strategies
are introduced as comparison basics. In the following com-
parison and discussion, the optimization strategy is to use
the work points selected based on experience as parameters
before parameter optimization (BT-PEMS). After PSO opti-
mization decision-making, the parameters will be a fixed and
invariant strategy is defined as a parameter invariant strat-
egy (T-PEMS). The strategy of adaptive optimization control
is defined as an adaptive adjustment strategy (AT-PEMS).
As depicted in the optimal curve region in Fig. 11, the smaller
ε is, the smaller the power following coverage area is, and the
APU tend to work at the optimal working point.

The charge-discharge ratio λ and APU operating point
switching ratio η are introduced to discuss the test results of
the three control strategies on three driving cycles (NEDC,
CLTC and WLTP). λ and η are calculated as follows:

λi_C =
ti_C
T

(19)

λi_Dis =
ti_Dis
T

(20)

ηi =
ni
N

(21)
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FIGURE 11. Distribution of operating points of APU system in two-point operating mode.

FIGURE 12. Statistical results of the control strategies on three driving
cycles.

Here, λi_C and λi_Dis are the proportion of battery charging
and discharging time in the i-strategy.When battery charging,
λi < 0; when battery discharging, λi > 0. T is the total
working time; ti_C and ti_Dis are the battery working charging
and discharging time; ηi is the proportion of APU operating
point switching times; ni is the operating point switching
times; N is the operating point times, the sampling frequency
of the study is 5 Hz.

As shown in the Fig. 12, λ and η are all different and
the proportion of charging on the P1 is the largest. Further,
the average working point switch frequencies (12%-24%)
for APU are tolerable. In contrast, the BT-PEMS results in
much more APU power transients and on-off cycles and
frequent battery charging and discharging (APU works alone
without battery, accounting for only about 3%). Moreover,
the proposed T-PEMS urges multiple energy sources working
towards more battery discharge condition, AT-PEMS can bet-
ter adapt to demand power and achieve better comprehensive
performance. As the working conditions become more com-
plicated (obviously, vehicle speed/power in WLTP fluctuates
greatly and irregularly than NEDC), the overall trend of
statistical results between strategies is similar, the robustness

FIGURE 13. Comparison of normalized evaluation indicators: NEDC; CLTC;
WLTP.

of the strategies is proven. In addition to considering the
results of the energy storage system, the simulation results of
system fuel consumption, emission and battery life are shown
in Table 4.

The developed control strategy shows good performance in
energy consumption, emission and battery life. In particular,
the significant reduction of battery life attenuation can greatly
reduce the service cost of the whole vehicle economically.
Similar to the previous study, due to the different units
and scales, before comparing the performance of the three
strategies on different cycles horizontally, the normalization
parameters of the performance indicators are calculated as
follow:

µik =
Iik − Imin

ik

Imax
ik − Imin

ik

(22)

Here, µik is the normalized index of k-th evaluation index
on i-strategy; Iik is the index value; Imin

ik and Imax
ik are the

minimum and maximum values of the index, respectively.
DP is used as an optimal off-line baseline under the test

driving cycle in this paper. And optimal control with Icom
as the objective function. The implementation details of the
DP algorithm can be found in reference [36] and [37]. Even-
tually, the data domain used for normalization analysis is
determined, which includes the simulation results under the
above strategies in NEDC, CLTC, and WLTP driving cycles,
as well as and the result data under the single target based on
Pareto solution set. Based on formula (22), the normalized
statistical results are shown in the Fig. 13.

As shown in Fig. 13, the proposed AT-PEMS strategy has
the closest performance to the DP strategy with the best
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TABLE 4. Test results on CCDC.

FIGURE 14. The experimental platform system structure.

TABLE 5. Vehicle components parameters of experimental platform.

performance reference, and each single performance indica-
tor in the three driving cycles is superior to the corresponding
performance indicators of other strategies. By comparing the
performance of each strategy in each driving cycle, it can be
seen that under different cycles, the performance results of
each strategy show similar performance. Among them, the
AT-PEMS strategy studied in this article can achieve a better
balance among the three performance goals.

E. EXPERIMENTAL TEST IMPLEMENTATION AND ITS
RESULTS
As shown in the results, the different EMS significantly
influence the performance. This requires further verification.
The verification was completed on the AVL test bench. The
experimental platform structure is shown in Fig. 14. The
components parameters are shown in Table 5.

The experimental process is as follows: Firstly, vehicle
parameters and preset driving cycle (WLTP) are loaded in

road load simulation software. Then, the AVL system per-
forms speed and torque closed-loop control on the motor and
electric dynamometer respectively to simulate the road load
of the vehicle. The real-time electric power Preq is calculated
with the DC bus voltage and current consideration. Further
then, control system collects the battery SoC and executes
the T-PEMS, and outputs the engine target speed and gener-
ator target torque. Finally, APU coordinated control strategy
completes the power output of the APU system. To realize the
verification of the power trajectory tracking, the calculated
APU power is regarded as the target power; then, experi-
mental on three strategies proposed were implemented. The
test results compares the fuel economy, exhaust emission and
final battery SoC for control strategies ran over two repeated
CCDC. The terminal SoC of the three control strategies
are different, it is unreasonable to directly evaluate the fuel
consumption value. The comparison of 100 km equivalent
fuel consumption (Ge) between three control strategies after
the modification of terminal SoC (the SoC corrected fuel
efficiencies) are shown in Table 6.
The total consumption of the original strategy with

BT-PEMS slightly increased by about 2.85% than those of
the T-PEMS, and the results of the AT-PEMS are better than
those of the T-PEMS by approximately 10.1%. Hence, it can
be concluded that AT-PEMS is slightly better than the T-
PEMS. Compared with BT-PEMS, the Ecom of T-PEMS and
AT-PEMS are reduced by about 1.2% and 1.89%, respec-
tively. This proves that the proposed AT-PEMS can achieve
higher emission quality. In contrast, the BT-PEMS emission
quality is poor due to the reality that the APU operating point
switches frequently. The proposed AT-PEMS will adjust the
APU works on the Pcsop_1 or optimal efficiency curve to
reduce the number of switching times, which is the main
reason for the reduction of the total consumption.

Compared with BT-PEMS, the Qloss of T-PEMS and
AT-PEMS significantly are reduced by about 19.1%
and 28.9%, respectively. The battery capacity of R-EEV
decreases to less than 30% of the new battery state, which
can be regarded as the end of the service life. In other
words, the life span of the battery in the presently proposed
configuration is about 1.3 times of that in conventional
rule-based strategies without SoC information consideration
during the whole trip. The results of the experimental are
consistent with the conclusions of the simulation results. The
proposed AT-PEMS is optimized to change the APU working
point for reduce battery capacity loss rate. Synthetically,
considering these three factors, there is obvious difference
between strategies. In summary, the energy management
results are confirmed to be feasible, and the results proved
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TABLE 6. Test results of experimental test.

that the proposed T-PEMS with parameter adjust module
based on MOO in the mode of taking comprehensive curve
as reference, AT-PEMS could achieve a more comprehensive
vehicle performance (good balance between multiple goals).
Although the energy consumption could be slightly compro-
mised, the comprehensive performance can be improvement
significantly. This research and optimization method may
provide a more useful reference for the design and optimiza-
tion of EMS.

V. CONCLUSION
In order to effectively achieve the goals of energy conserva-
tion, emission reduction, and long service life of power bat-
teries in R-EEV, this paper studies the system oil to electricity
conversion loss rate Coil_ele, comprehensive exhaust emis-
sion characteristic function Ecom, and battery capacity loss
rateQloss under different operating modes of the APU system
from the perspective of multi-objective optimization. Using
the PSO algorithm to solve the multi-objective optimization
problems involved, the APU system’s working mode/region
optimization design is carried out based on the dual operating
point speed value of the APU system and the power range
(power fluctuation margin coefficient εi) corresponding to
this operating point as the optimization objects, and the key
parameters in the control strategy are optimized and analyzed.

After analyzing and researching the entire text, the follow-
ing conclusions can be drawn: (1) The APU system designed
in this study has good performance in three aspects: energy
consumption, exhaust emissions, and battery capacity attenu-
ation under Ncsop =2 operating mode, with high Icom perfor-
mance indicators. (2) Utilize adaptive parameter adjustment
using fuzzy algorithms to adjust charging and discharging
based on the battery SoC. According to the experimental
results, reducing the current and frequency of charging or dis-
charging power batteries while maintaining the same energy
consumption and emission levels can effectively improve
their service life. (3) Compared with the strategy without
parameter optimization, the optimized strategy significantly
improves energy consumption, exhaust emissions, and bat-
tery capacity degradation. Through experimental analysis, the
control strategy adopted in this article is feasible and has
certain promotion value in the application of R-EEV.

The research work carried out in this article mainly solves
some problems of the current R-EEV energy management
strategy. During the research process, intelligent energy man-
agement strategies and experimental researchwere conducted
on the target problem. The research results can provide some
reference for the theoretical research on energy management
of R-EEV, and also provide a certain technical reference
for the industrial production technology of R-EEV. In the

subsequent research work, it is possible to further improve the
prediction model of future operating conditions, integrate the
deep reinforcement learning algorithm with model predictive
control, and improve the performance of MPC based energy
management strategy in a data-driven manner. At the same
time, considering that the application of autonomous driving
technology on R-EEV will lead to changes in energy man-
agement technology, future work will focus on researching
how to more fully utilize various sensors on R-EEV to col-
lect multi-dimensional information, in order to propose more
intelligent energymanagement strategymethods and improve
the overall performance of the vehicle.
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