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SUMMARY: The technology of energy management strategy plays an important role in the
field of hybrid cars. This paper mainly studies the issue of energy management strategy,
which aims at building up a hybrid vehicle simulation model involving vehicle longitudinal
dynamics, engine, generator, drive motor, and power battery of parallel hybrid vehicles. On
the basis of the simulation model, the basic energy circulation ways are studied, and
according to which the optimization objective function is formulated and the initial equivalent
factor is taken as the design variable to be optimized. Furthermore, through optimizing the
initial equivalent factor calculating coefficient, engine starting torque and transmission main
reduction ratio, under the condition that the SOC of power battery is restricted to [-3%,3%],
the hybrid vehicle multi-objective optimization model on energy management strategy is built
by means of the multi-objective particle swarm optimization algorithm. In simulations, an
engine torque fluctuation constraint model is also added, which can turn the engine power
fluctuation into equivalent fuel consumption to achieve the purpose of further enhancing the
vehicle performance under the energy management strategy. According to the hybrid vehicle
energy management strategy multi-objective optimization model proposed in this paper, the
optimal solution set of energy management strategy is gained. Not only can it effectively
improve engine working efficiency, keeping the efficiency of engine within the range of
0.20-0.35, but also can reach 9.82% improvement of the whole vehicle fuel economy on
average.

KEYWORDS: Energy management strategy; Multi-objective optimization model,;
Multi-objective particle swarm optimization; Engine torque fluctuation; Hybrid electric
vehicle

1 Introduction

As fossil fuels become increasingly scarce and the pressure from the environment intensifies,
many countries in the world are implementing tougher standards on the emissions of
passenger cars beyond their current policies [1, 2]. The requirements placed on the
automotive industry in terms of energy consumption and emission levels are becoming
increasingly stringent in the international context. While China's New Energy Vehicle
Industry Development Plan (2021-2035) serves to expand the framework of its previous
Energy-Saving and New Energy Vehicle Industry Development Plan (2012-2020), it is also
the strategy map to guide its future development of new energy vehicles. In the United States,
the Environmental Protection Agency has issued regulations mandating the emissions of
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light-duty trucks be reduced from 10 mg/m=in 2017 to 3 mg/m=3by 2021 [3, 4]. For China,
the regulation called “Emission Limits and Measurement Methods for Pollutants from
Light-Duty Vehicles (China Stage VI)” reduces particulate matter emissions by 67%, while
for the first time introducing particulate number limits, thus setting new requirements for
controlling emissions of light-duty vehicles with gasoline engines [5-7]. Moreover, some
countries around the world are considering banning the sale of traditional fuel-powered
vehicles [8, 9]. Under such circumstances, the passenger cars powered only by internal
combustion engines will not be able to satisfy the needs of the automobile market in the future.
HEV, fuel cell, and purely electric cars can be considered alternative choices to traditional
passenger cars [10-13].

Nonetheless, there are quite some difficulties facing FCVs mainly because of the
extremely harsh conditions of operations in the membrane electrode assemblies (MEA) of the
vehicle. The need for proper water management and thermal management has been identified
while significant temperature gradients at various points within the MEA affect the service
life. Another major issue associated with the development of fuel cell vehicles is related to the
hydrogen storage on board and the hydrogen fueling infrastructures [14-17]. In addition, the
development and utilization of electric cars are hindered by several issues including; low
energy density of onboard batteries which are not easy to increase in the short run, short life
service, short driving range after charging, high cost of purchase and costly maintenance
[18-20]. The HEV technology combines the following main benefits of energy efficiency,
environmental protection, longer mileage range and power performance. It utilizes two or
more sources of power, with the battery pack or super capacitor electric motor taking the
place of the engine under situations when the engine operates inefficiently. It, therefore,
ensures that there is energy conservation and low emissions. As a result, hybrid electric
vehicles have become very popular [21-24]. Nonetheless, the dual usage of an engine
together with an electric drive leads to a relatively complicated structure and requires
advanced control technology [25, 26]. Energy Management System (EMS) constitutes the
core element of the control of new energy vehicles. Strategy for EMS is among the crucial
research areas of HEVs since it makes sure that motor controls the operating point of the
engine thus keeping the engine running at high-efficiency zones, hence saving fuel [27, 28].

HEVs have an engine and energy storage unit as dual sources of energy. When the vehicle
is in use, the energy requirement should be divided between these two sources, and how this
division should be done becomes the key issue in the development of EMS. Reference [29]
uses the K-means algorithm for developing a rule-based multi-objective optimization EMS,
which not only reduces the use of hydrogen but also increases the life of the fuel cell. Its
real-world results deserve consideration. [30] has used the particle swarm optimization-based
multi-objective EMS for the power-split HEV. The above is mainly achieved through
optimizing certain important ECMS parameters and incorporating penalty function to realize
the balance of the current state of charge. Consequently, the reduction in the fuel consumption
of the vehicle is within the range of 7.7% to 9.8%. Considering that there exist trade-offs
between energy consumption, environmental impact and battery lifetime in HEVs, Reference
[31] seeks to balance the three factors. In this case, reference uses multi-objective particle
swarm optimization algorithm and dynamic programming algorithm to design hybrid
point-line energy management system that improves energy consumption, emission reductions
and increases battery life. The use of genetic algorithm by reference [32] to compute battery
charging/discharging criteria under three states, which include minimum hydrogen
consumption rate, battery charge retention rate and fuel cell efficiency depending on different
road driving situations, leads to rule-based real-time energy management system design.
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Reference [33] designs two parallel HEV-EMSs using multi-objective genetic algorithm in
order to improve the fuel economy, electrical system efficiency, battery performance and
increase its life. Compared to traditional rule-based methods of EMS, the designed strategy
improved significantly the battery performance and resulted in reduced fuel consumption.
Reference [34] proposes an efficient multi-objective global optimization algorithm for
series-parallel plug-in HEV-EMS by integrating ladaw pseudo-spectrum connection method
and non-dominated sorting genetic algorithm for optimizing energy savings and battery
lifetime in suburban driving environments. There have been reported energy saving
percentage rates ranging between 26.74% to 53.87%.

Optimized point line methodology, which includes rule based and multi-objective
optimization approaches, is proposed in Ref. [35] to develop a multi-objective adaptive EMS
for HEVs. In doing so, operating costs and fuel cell lifetime depreciation are both decreased
by 35.3% and 42.15%, respectively, and at the same time, battery operational efficiency is
improved. Ref. [36] proposed an EMS for power split HEV by incorporating multi-objective
optimization approach with explainable artificial intelligence (dual layer random forest EMS).
The EMS takes into account power consumption, fuel consumption, battery depreciation, and
engine start-stop counts. Thus, a significant decrease is achieved in all of the latter indicators.
Ref. [37] describes a multi-objective optimized EMS for HEVs with hybrid energy storage
systems, focusing on balancing the relationship between fuel efficiency and battery life when
accelerating and braking. As a result, fuel consumption decreases by 18.9%. Ref. [38]
presents a real-time multi-objective EMS for HEVs using the battery lifespan as a guiding
principle. Fuel efficiency, electrical energy consumption, and battery depreciation are among
the optimization objectives. In addition to cutting down the total cost of operations by 6.15%,
the design of the model using short-term speed prediction models and MPC reference
trajectory planning was able to attain 98.17% dynamic planning efficiency. According to [39],
an EMS for HEVs using MPC that is both health-aware and multi-objective optimized is
presented, aiming at extending the lifespan of the batteries. The proposed scheme is able to
reduce economic costs by up to 50% at certain speeds and cut down energy consumption
levels. In [40], Pontryagin's minimization principle, dynamic programming, and Gaussian
process regression model are used to design a hybrid integer nonlinear MPC-based EMS.
Hybrid MPC (model predictive control) is one of the strategies presented in Reference [41] to
optimize HEV energy management in terms of rule-based control and ECMS. The strategy
allows for the real-time execution while lowering the amount of fuel consumption and
enhancing the quality of pollutant emissions. It outperforms ECMS due to its flexibility and
efficiency.

Reference [42] presents EMS strategies based on reinforcement learning (RL) methods,
including Q-learning, Deep Q-Network (DQN), and Deep Deterministic Policy Gradient
(DDPG). Such methods pay attention to the issues of fuel economy and fuel cell endurance;
hence, the use of RL could be promising due to the continuous development of the technology.
Reference [43] proposes EMS based on Q-learning technique for HEV buses; this strategy
successfully solves issues of fuel economy, state-of-charge maintenance, power fluctuation of
the fuel cell system, and fuel cell lifetime. Reference [44] uses Deep Q-learning method
combined with strongly convex objective function optimization and provides a new EMS for
range-extended HEV cars. It uses predictions about driving cycle and driving conditions in
the process of neural network-based predictive control to provide a solution for the
improvement of adaptability under the changes of the environment, which leads to 30% better
adaptability and 18% decrease in fuel consumption. In Reference [45], authors suggest an
adaptive optimization of the ECMS strategy, which helps to improve energy management in
case of PHEV cars; their approach is mainly based on dual DQN and driving cycle data.
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Reference [46] presents an EMS for HEV, which is based on DQN and competitive DQN;
they help to increase fuel economy by 94.28% and 95.7%, respectively. Test results were
conducted based on Chinese truck driving conditions. Reference [47] introduces a
self-optimizing power matching EMS for HEVs considering the aspects of energy efficiency
and battery aging by applying DDPG. Paper [48] discusses plug-in HEVs by developing an
EMS based on DDPG for the electric drive system, taking into account the thermal behavior
of the electric drive system. Through the developed EMS, the battery and motor temperatures
are regulated, the energy management is optimized, HEV operation stability is ensured, and a
decrease in fuel consumption of 8.46% is achieved. Paper [49] develops a multi-objective
optimization of HEV-EMS with the help of a multi-agent reinforcement learning model.
Within such a framework, where the engine and battery serve as two cooperating agents,
optimal allocation of powers and controls are reached, leading to a decrease in fuel
consumption of 17.66%.

The research starts with modeling of the key system structure of parallel hybrid vehicles
and then analyzes the four energy flow modes that exist in parallel hybrid vehicles. Then, an
objective function for the energy management strategy is established and multi-objective
optimization of multiple decision variables is performed while setting relevant constraints so
that a multi-objective optimization model for energy management strategy of hybrid vehicles
can be designed. Multi-objective particle swarm optimization algorithm is used as the
optimization solution method, which is described step-by-step to implement the
multi-objective optimization for energy management strategy of parallel hybrid vehicles.
Finally, performance of the hybrid vehicle will be examined in terms of power and economic
aspects, and frequency of engine torque fluctuations will be optimized so as to minimize
torque fluctuation. Simulation experiments will be carried out to confirm the effectiveness of
the developed multi-objective optimization model for improving energy management strategy
of parallel hybrid vehicles.

2 Modeling of Parallel Hybrid Vehicles

In this section, the modeling of the car model for a PHEV is proposed. The structure of this
type of car mainly includes an engine, generator, front drive motor, rear drive motor, and
power battery. Considering the emphasis of this research on the economical aspects of PHEVS,
the power supply for the front and rear drive motors will be allocated equally.

2.1  Vehicle Longitudinal Dynamics Model

The balance relationship between the vehicle's driving force and various resistive forces
during operation must satisfy the equilibrium condition shown in Equation (1).

F,=F+F,+F+F (1)

In the equation, F, represents the vehicle driving force; F, represents rolling

resistance; F, represents air resistance; F, represents gradient resistance; F, represents
acceleration resistance. Expanding the resistances in Equation (1) yields Equation (2):

F, = mgf cos#+0.5pAC,v> +mgsin 0+5m% )
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In the equation, m represents the vehicle mass; g denotes gravitational acceleration;
f is the rolling resistance coefficient; @ indicates the road gradient; p signifies air
density; A denotes the frontal area; C, represents the drag coefficient; v indicates
vehicle speed; and ¢ denotes the vehicle's rotational mass coefficient.

2.2 Engine Model

The information regarding the engine used in this paper comes from engine bench test results.
Once an input consisting of the engine's rotation speed and torque is sent to the engine model,
the model searches the engine fuel consumption map to find out the related fuel consumption,
as illustrated in Equation (3):

Ifnfuel = f (Teng’a)eng) (3)

In the equation, m,, represents the engine fuel consumption value; T, denotes the

fuel

engine torque; a,,, indicates the engine rotational speed.

2.3 Generator Model

Because the method introduced in this paper mainly focuses on the consumption behavior of
the vehicle, the model of the generator is assumed to be in its steady-state operation. This
means that the thermal and electrical effects of the motor are not considered and that the
generator is assumed to be able to react quickly to the command for torque generation. The
power produced by the generator can be written in Equation (4):

{Pgen =Tgena)gen /Ugen

4
ngen = f (Tgen , a)gen) ( )

In the equation, P, represents generator power; T, represents generator torque; a,,

gen

represents generator rotational speed; 7, represents generator efficiency.

2.4  Drive Motor Model

The drive motor model, similar to the generator model, has also been appropriately simplified.
The power calculations for the front and rear drive motors are shown in Equation (5):

b _ T.0./n,,T.o,>0
" T on.,T.o <0 (5)
77m = f (Tm’a)m)

In the equation, P, represents the drive motor power; T denotes the drive motor

torque; ,, indicates the drive motor rotational speed; and 7, signifies the drive motor
efficiency.

2.5 Power Battery Model
Power batteries are an important component in the powertrain structure. In this study, a power
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battery comprises 100 cells that are joined in parallel connection. Power battery modeling is
done through the R-int model, which considers the battery as a source of voltage that is
connected to a resistor in parallel. Open circuit characteristics of the cell voltage and its
resistance are shown in Figure 1 below.
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Figure 1: Characteristics of Battery OCV and Resistance

The mathematical expression for determining the State of Charge of a battery based on the
existing method of integrating current will be as expressed in Equation (6):

Y
SOC(t) = SOC, ——— ['I (t)d
(t) o [ 1Mt ©6)

In the equation, SOC, represents the initial battery SOC state; Q,, denotes the battery

capacity; 1,(t) indicates the battery output current. The calculation of 1, (t) is given by
Equation (7):

Upe () = JUZ (1) 4R, (1) P (1)

L0 2R (1)

(7)

From the above equations, U_(t)denotes battery OCV; R, (t) denotes battery internal
resistance while P, (t) stands for battery output power. This paper utilizes a semi-empirical

approach to build battery life cycle model expressed in Equation (8). The factors considered
include charge/discharge rate, temperature, and State of Charge.

—E, +¢&l
— B e act C —
Qs Xp( R(Tya + 273.15)] A

B=aSOC+p3 (8)

| = |Ib|
e T —
Qbat
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In the equation, Q,, represents the percentage of battery capacity loss; B denotes the
pre-exponential factor; E,, is the activation energy; & is the correction factor; |

Cc
indicates the battery charge/discharge rate; R is the molar gas constant; T, is the battery
temperature; A, is the cumulative charge throughput; z is the power exponent factor; «
and S are constant terms.

End of life (EOL) of batteries refers to when there is a loss of capacity by 20 percent.
Rated life of the battery refers to the battery capacity throughput at its EOL and is based on
equation (8), giving us equation (9):

r- 20 )

_Eact + Qtlc nom
Bexp '
R(T,y +273.15)

In the equation, | represents the battery charge/discharge rate under rated conditions.

c,nom

Relative to the battery's rated operating conditions, the influence factor o (l,,6,SOC)

quantifies the impact of actual operating conditions on battery aging, as expressed in Equation
(10):

EOLI d
o(1o.50C) =T [y oo Oft 0

7(1,0,50C)  [**)1 (ot

0

In the equation, 7(Ic,¢9, SOC) represents the total charge flowing through the battery at

end-of-life under actual operating conditions. Within the EMS, battery aging costs are
expressed in terms of effective capacity as shown in Equation (11):

Ay () = o(1,,6,50C)|1, (B)]dt (11)

In the equation, Ay (t) represents the effective charge flowing through the battery. When
Ay, =T, the battery is considered to have reached end-of-life. Therefore, battery aging can be
mitigated by reducing the effective charge.

3 Multi-Objective  Optimization Energy Management
Strategy

3.1 Modes of Operation of Parallel Hybrid System

The type of hybrid system being discussed here is a parallel hybrid system, which is described
in the figure 2 below.



Huang

(GO F{o—®
)

Figure 2: Parallel hybrid configuration P2

There are four energy flow modes in total:

(1) Motor-only drive mode.

This type of system is appropriate for the operations of vehicles at start-up or under low
load conditions. This is because, in such cases, the power battery provides the energy and
supplies electricity to the motor. Power and torque are then transmitted by the motor to the
transmission via the output shaft of the transmission.

(2) Engine-only drive mode.

This drive mode is mainly utilized during the medium to high load periods after starting
the vehicle. At this point, the vehicle requires a higher amount of torque, which means that the
engine will be operating near its optimum operational range. Driving the engine at its
optimum range helps minimize the amount of fuel consumed and emissions from the vehicle.
The engine can be driven depending on the battery’s state of charge (SOC) to generate excess
energy to increase its power generation by a certain percentage, and the excess energy
generated is channeled to the generator to generate electrical energy and charge the battery. In
this drive mode, the engine is the main source of power in the hybrid vehicle. Speed and
torque generated by the engine are fed into the input of the transmission system through the
clutch, and then the speed is lowered while the torque is increased to drive the shaft. During
charging, some shaft energy is diverted to drive the generator to generate electrical energy,
which is charged into the power battery.

(3) Engine/Motor Combined Drive Mode.

This operation is designed for scenarios involving heavy loading such as uphill drives and
transportation of heavy loads. Where the engine alone cannot handle the required driving
force, the electric motor is brought in as a secondary source of power. In this case, both the
engine and the motor work together to provide the motive power. The power produced by the
engine’s output shaft is delivered via the clutch and combined with that of the motor’s output
shaft before being delivered to the transmission mechanism. This mechanism reduces speed
and boosts torque to transfer shaft power to the final drive and the wheels. The motor derives
its power from the power battery in this operation.

(4) Brake Energy Recovery Mode.

The brake regeneration mode operates when there is a need for deceleration and braking.
It starts when the driver presses the pedal down. The control system analyzes the state of
charge (SOC) of the power battery, and once the SOC is below the maximum point, the brake
regeneration operation can start. The negative torque generated during braking is transmitted
through the wheels, main reduction gear, and transmission to the motor. The motor is forced
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to rotate, cutting through magnetic field lines to generate electricity that charges the power
battery. When the driver presses the brake pedal, if the required braking force exceeds the
force needed to drive the motor for power generation, the mechanical braking system engages.
Excess braking force is dissipated as thermal energy through the brake calipers.

3.2 Development of Multi-Objective Optimization Models

3.2.1 Optimization Objective Function

These are the steps of the optimization process used in this research:

(1) Optimize the objective function by establishing an objective function with fuel
consumption and emissions as dependent variables.

(2) Decision variables: In the established hybrid system, initial equivalent factor s,

equivalent factor calculation coefficients c,,c,, engine starting torque T and main

strat !
reduction ratio i of the drive shaft are selected as decision variables.

(3) Constraints: In its most usual form of transportation, vehicles need to have the
capacity to adjust themselves according to changing terrain, hence making power constraints
essential to the system. These would include acceleration from 0 to 100 km/h, acceleration
from 40 to 100 km/h, and satisfactory hill-climbing capacity. Another important constraint is
the state of charge of the battery which forms part of the vehicle itself. It should be noted that
HEVs do not require electrical inputs from any outside source as plug-in HEVs do. Hence, the
state of charge of the battery at the end of a typical driving cycle should be constant to its
initial value or vary very little.

Based on the above steps, the optimization objective function is first established as shown
in Equation (12):

min[ f (fuel); f (CO); f (HC); f (NOx)] (12)

Among these, f(fuel) represents the fuel consumption of the engine during one cycle,
measured in milligrams; f(CO), f(HC), f(NOX) denote the cumulative CO, HC, and
NOx emissions during one cycle, respectively, measured in milligrams.

3.2.2 Optimization of Decision Variables

Hybrid systems are strongly coupled nonlinear systems where the value of an optimization
objective function is often influenced by multiple decision variables. Optimizing all decision
variables sequentially during system optimization would result in an enormous computational
burden, making it impractical. Therefore, for certain decision variables with minimal impact
on the optimization objective function, this paper excludes them from consideration. Only
those decision variables exerting significant influence on the optimization function are
selected for optimization as follows:

(1) Initial equivalent factor s, .

To enhance the ECMS strategy's adaptation to the WLTC cycle and differentiate it from
rule-based energy management strategies in terms of fuel consumption and pollutant emission
control, the equivalent factor s within the ECMS strategy is first selected as one of the
design variables for multi-objective optimization. Within the ECMS strategy, the equivalent
factor represents the cost coefficient converting electricity consumption into fuel consumption.
As the equivalent factor increases, the fuel consumption equivalent to a given amount of
electricity consumed also increases. This indicates insufficient power, prompting the control
strategy to prioritize charging the traction battery. In the ECMS strategy developed herein, the
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equivalent factor adapts dynamically based on operating conditions. While its value fluctuates
throughout the test cycle, the initial equivalent factor requires manual specification,
significantly influencing the strategy's initial control phase. Therefore, the initial equivalent
factor s, is designated as a design variable.

(2) Calculation coefficients c;,c, for the equivalent factor.
Within the ECMS strategy, the equivalent factor calculation is influenced by formula (13):

5(t) =5, —¢,(SOC(t)~SOC,; )¢, - j;(soca) ~SOC, )-dt (13)

Here, s, denotes the initial value of the equivalent factor s at the start of the cycle;
SOC(t) represents the current SOC value of the power battery; SOC,, denotes the target

value for the terminal SOC of the power battery. Since the hybrid system studied in this paper
is a non-plug-in hybrid system, all electrical energy for the power battery originates from the
engine's combustion of gasoline. To ensure the power battery maintains sufficient charge to
sustain vehicle operation under any conditions, the target is for the power battery's SOC value
to remain near its initial value at the end of each driving cycle. Here, SOC, denotes the

target SOC value for the terminal power battery, typically set within -10% of the initial value;
The coefficient c, corrects the current equivalent factor s(t) based on the difference

between the current power battery SOC and the terminal target power battery SOC; The
coefficient c, corrects the current equivalent factor s(t) by integrating the difference

between the current SOC of the power battery and the target SOC of the power battery.

(3) Engine starting torque T, -

The ECMS strategy incorporates a torque limit to prevent frequent engine starts. Such a
value will be used for the design of the conditions for the engine start, and the correct design
is of great importance for ECMS. In case of setting the limit at a too low level, the engine will
start too often and the vehicle may work in modes with low speed and load; it will be harmful
to its fuel consumption and pollutant emissions. In case of a very high limit value, the load
factor of the motor will increase and cause the extra discharge of the power battery. Hence,
the reasonable design of the starting torque of the engine is necessary.

(4) Main Reduction Ratio i of the Drive Shaft.

When it comes to the dual-shaft parallel hybrid system, it is obvious that the speeds of the
engine and motor depend on the speed of the wheels, i.e., the vehicle speed. It is important to
state that the main reduction ratio greatly affects the engine's operational range of speed. The
optimal choice of the main reduction ratio will allow using the engine in its most efficient
zone, and hence save fuel and reduce emission.

3.2.3 Formulation of Constraints

The SOC of the power battery is frequently taken as an assessment criterion in the control
strategy of non-plug-in hybrid systems. The control strategy typically strives to keep the
maximum value of the SOC variation below 3%, while the SOC at the conclusion of a driving
cycle should lie within #3% of its starting point value. Therefore, the power battery SOC
becomes a restriction in this optimization procedure. Within the context of the model
employed in this study, the SOC value of the power battery is initially fixed at 80%. The SOC
restriction can then be defined using Equation (14):

—3% < ASOC < 3% (14)
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3.3  Optimizing Algorithm Workflow

Multi-objective particle swarm optimization represents a method that extends particle swarm
optimization into the field of multi-objective issues. As a result of the many similarities
between particle swarm optimization and evolutionary algorithms, such as collaborative
searching and communication of information throughout the search procedure, the two
strategies have a significant number of similarities in their general problem-solving methods.
However, differences exist: multiple optimal positions may coexist within the population, and
multiple particles may achieve their own optimal positions during iterations. Consequently,
selecting between G, and P, requires specific strategies. More importantly, MOPSO

Best
maintains external archives for both G, and P, a feature absent in multi-objective

Best Best 1
evolutionary algorithms. This necessitates MOPSO to consider archive size and diversity
when managing these external archives. Additionally, due to the introduction of the external
archive concept, the velocity and position update formulas in MOPSO differ slightly from
those in PSO, as shown in Equations (15)-(16):

VEL[i +1] =W xVEL[i]+ R, x (Py [i] - POP[i]) + R, x (REP[n] -POP[i])  (15)
POPY[i +1] = POPYi] +VEL[i] (16)

In the formula, REP denotes the external archive set composed of non-dominated
solutions. Particles are selected from REP to form G The following outlines the basic

execution process of Pareto-based MOPSO:

(1) Initialize particle velocity VEL[i] and particle position POP[i]. Compute the fitness
function for each particle and add non-dominated solutions to the external archive REP.

(2) Randomly update the initial G;,, and P, of particles.

Best Best

(3) Ensure particles move within the search space while adjusting their individual optimal
solutions by calculating each particle's fitness function based on its movement trajectory.

(4) Maintain the external REP archive based on the new non-dominated solutions while
selecting anew Gg,, for the population.

(5) Check if the termination condition is met. If not, return to step (3). If met, output the

results.
The basic execution flow of Pareto-based MOPSO is illustrated in Figure 3.

Best *
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Initialize parameters such as population size,
inertia weights, and number of iterations

v

Initialize the initial velocity and position of
the random particle

v

Update the initial velocity and position of the
particle

v

Calculate the fitness value and assign it

v

Storing the location of an undominated
solution in REP

v

Update the individual historical optimal
adaptation value and position for each particle

v

Update population historical optimal
adaptation values and locations

Are the conditions for closure met?

Yes

Output optimal solution

End

Figure 3: Multi-objective optimisation flowchart

4 Validation of Energy Management Strategies Based on
Multi-Objective Optimization Models

The main components of this chapter are: (1) simulation test for the validation of the power
performance and fuel consumption of the hybrid vehicle with the use of the proposed energy
management method; (2) tests to solve the issue of excessive torque variations due to the
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optimized energy management method; and (3) the results and analysis of the multi-objective
optimization model.

4.1 Whole Vehicle Performance Validation

4.1.1 Verification of Power Performance

According to the vehicle characteristics and its power performance requirements, the top
speed of a parallel hybrid vehicle in a fully loaded mode should be no less than 90 km/h, the
max gradeability in fully loaded mode should be no less than 20%, and the acceleration time
from 0 to 50 km/h in a fully loaded mode should not exceed 50 seconds. While testing the
max acceleration time and speed, the open state of the engine throttle valve is considered
equal to 100%. For maximum gradient verification, the operating condition speed is set to 5
km/h, the transmission gear is set to 1st gear, and the gradient is set to 20%. Based on the
above performance metrics and simulation validation settings, the vehicle model simulation
results are shown in Figure 4: maximum speed and gear performance in (a), gradeability
performance in (b), and 0-50 km/h acceleration time with gear performance in (c).
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Figure 4: Power performance Verification Results
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From Figures 4(a)-(c), the curve of the maximum speed shows that the hybrid vehicle
attains its top speed of 119.37 km/h, thereby achieving the objective of the minimum
maximum speed greater than or equal to 90 km/h. From the speed-maximum gradient curve,
the maximum gradient attainable from the hybrid train was calculated as 42.73% at a speed of
10 km/h, and it achieves the target of the maximum gradient of 20%. Finally, from the 0-50
km/h acceleration time curve, it can be seen that the acceleration time attained is 19 s, below
the target time of 50 s.

4.1.2 Economic Performance Verification

The operating condition selected for the analysis of this paper is the C-WTVC full-load test
cycle. The full load operation cycle simulates the complete drive pattern of cars in urban,
suburban, and highway drives using the transient speed curve. The operating speed (S1) of the
car model designed and the following speed (S2) have been plotted on figure 5. As can be
seen from the figure below, the operating speed (S1) is close to 100% overlap with the
following speed (S2).

7 —— 100
80

60

Speed(km/h)

40

1800 1500 1200 9q0 600
Time(s)

Figure 5: Variation of operational speed with following vehicle speed

Meanwhile, the economic performance of the hybrid railcar adopting the energy
management strategy from the multi-objective optimization model in this paper is
simultaneously tested. The performances of power distribution are presented in Figure 6(a),
the variations of the battery SOC are presented in Figure 6(b), while the fuel consumption
comparisons between the hybrid railcar (C1) and the pure fuel railcar (C2) are presented in
Figure 6(c). With the C-WTVC full-load operation, the demand power (P1), engine output
power (P2), and battery output power (P3) for the hybrid railcar can be kept in the range of
(-650, 400) kW. Specifically, the battery output power (P3) is relatively stable with the lowest
variability among them. The battery SOC varies between 0.595 and 0.630 within a period of
1800 seconds. It should be noted that when compared with the pure gasoline vehicle (C2),
which consumes 8070.98 g of fuel, the hybrid railcar in this paper consumes 7493.21 g of fuel,
with an improvement of 7.16%.
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Figure 6: Economic performance verification results

4.2  Limitations on Engine Torque Fluctuations

As demonstrated in the previous section, the power performance and fuel efficiency of
parallel hybrid vehicles have been further enhanced through the application of multi-objective
optimization models. This stems from the energy management strategy's ability to allocate the
optimal torque for the vehicle at every instant, achieving instantaneous optimization in energy
management at each moment. However, due to the relatively slow response of the engine
system in real-world hybrid vehicles, the optimal torque allocation strategy from the previous
instant affects the subsequent instant's strategy, leading to frequent large instantaneous torque
fluctuations in the engine.

To address the issues of increased fuel consumption, emissions, and reduced engine
efficiency caused by large output torque variations, this paper incorporates an engine torque
fluctuation constraint model into the energy management control strategy. Assuming no
instantaneous change in rotational speed, the model converts engine power variations into
equivalent fuel consumption. In the simulation scenario, the WLTC cycle test condition was
selected to evaluate engine torque variations during the Coasting Stage (CS). Figure 7 shows
engine torque variations before incorporating torque fluctuation limitation. Figure 8 illustrates
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engine torque variations after implementing torque fluctuation limitation.
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Figure 7: Variations without torque fluctuation limits
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Figure 8: The changes after adding the torque fluctuation limit

By analyzing Figures 7 and 8, one can see that, on average, the relationship between
engine torque trends and fuel consumption under conditions of equal fuel consumption with
and without torque fluctuation is basically the same. Nevertheless, after introducing the
limitation of torque fluctuation, the occurrence of great engine torque fluctuation becomes
much rarer, especially during the 0-800 s period when the engine torque fluctuation never
exceeds 120 Nm. This occurs because the performance metric requires minimizing the overall
fuel consumption at every instant. The mathematical significance of the engine torque
fluctuation constraint lies in increasing the equivalent fuel consumption associated with large
torque fluctuations. Consequently, determining the torque distribution reduces the likelihood
of large torque fluctuations, thereby enhancing engine performance.

4.3 Simulation Experiments and Analysis of Multi-Objective
Optimization Models

For solving the optimization problem of energy management for parallel hybrid vehicles
based on multi-objective optimization model and algorithm, this paper performs repeated
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simulations to obtain multiple optimal solutions. On this basis, 10 typical optimal solution
sets are selected and shown in Table 1. Set 1 represents the values of parameters and
performance indices before optimization. The selected optimization parameters are P,:

maximum engine power (KW), Nb: number of battery pack modules (blocks), F,: main
transmission ratio, H,. : upper limit of battery charge (%), Ly : lower limit of battery
charge (%), T, : battery charging torque (N*m), K_. : minimum engine torque coefficient,
T, : engine shutdown coefficient, EX,: initial temperature of catalytic converter (<C), N,:
lower limit of the engine rotational speed (r*min™), R,: motor overload coefficient. There
are also evaluation indicators Q,.: HC pollutant emissions (g/km), QNOX : NOX pollutant
emissions (g/km), Q. : CO pollutant emissions (g/km), f1: overall vehicle fuel economy
(g/km), f2:combined emissions (L/km), f3:combined driving performance (m/s3).

Table 1: The optimal result and the values of the optimized parameters

Group| 1 2 3 4 5 6 7 8 9 10 11

P. | 41.99 | 69.69 | 69.94 | 68.02 | 65.33 | 66.09 | 70.93 | 70.98 | 66.53 | 46.15 | 42.41

Nb | 2.36 | 18.50 | 18.50 | 17.50 | 17.50 | 17.50 | 20.50 | 19.50 | 17.50 | 17.50 | 15.50

F 154 | 214 | 227 | 242 | 229 | 213 | 216 | 215 | 243 | 2.89 | 3.48

Heoc | 1.23 | 166 | 1.64 | 164 | 1.65 | 1.65 | 1.66 | 1.64 | 1.64 | 1.77 | 1.62

Lsoc | 1.55 | 1.38 | 1.35 | 1.34 | 1.38 | 141 | 1.35 | 1.39 | 1.34 | 1.19 | 1.08

T, | 16.23 | 22.71 | 23.42 | 23.67 | 23.27 | 23.09 | 22.46 | 22.44 | 23.67 | 21.22 | 24.02

Kpin | 1.38 | 1.85 | 1.93 | 1.94 | 1.88 | 1.86 | 1.83 | 1.83 | 1.94 | 157 | 1.79

Te | 097 | 116 | 1.18 | 1.19 | 1.19 | 1.18 | 1.15 | 1.14 | 1.19 | 1.22 | 1.20

EX, | 20.98 | 15.22 | 15.99 | 16.36 | 15.33 | 15.21 | 15.19 | 15.18 | 16.51 | 15.29 | 20.96

N, [100.46| 82.00 | 82.00 | 82.00 | 82.00 | 82.00 | 82.00 | 82.27 | 81.00 | 92.00 | 80.98

R, | 278 | 351 | 354 | 353 | 357 | 363 | 34 | 344 | 351 | 25 | 2.85

Quc | 138 | 1.35 | 1.35 | 1.35 | 1.35 | 1.35 | 1.35 | 1.35 | 1.35 | 1.36 | 1.45

Qw, | 134 | 131 | 1.3 | 131 | 1.3 | 131 | 131 | 1.31 | 1.31 | 1.36 | 1.38

Qo | 359 | 307 | 36 | 321 | 369 | 311 | 3.05 | 3.02 | 3.2 | 3.96 | 8.63

fl | 849 | 703 | 6.82 | 6.93 | 691 | 6.94 | 7.12 | 7.08 | 6.92 | 7.32 | 13.49

f2 |11.20 | 10.13 | 10.45 | 10.27 | 10.64 | 10.17 | 10.13 | 10.04 | 10.26 | 11.6 | 17.34

f3 ]217.14|166.51|160.32|196.46|158.52|165.25|166.51|167.46 |195.65|148.85|129.99

As can be seen from Table 1, the 10 optimal solution sets selected in this paper have been
optimized to a certain extent. Among them, the most concerned f1 vehicle fuel economy
(g/km) index is improved by 18.60%, and the average value of the selected 10 sets of data is
improved by 9.82%. The average optimization degree of f2 comprehensive emission
(L/km) index is 0.87%, and the average optimization improvement of f3 comprehensive
driving performance (m/s3) index is 23.76%, which is the largest.

The solution set is chosen randomly for the analysis with the following parameters:
variation of SOC, power generation from the engine, power generation of motor, power
demand, efficiency points of the engine before and after optimization, and efficiency points of
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the motor before and after optimization. Figure 9(a) depicts the comparison of the demanded
speed and actual speed. Error obtained by comparing demanded speed and actual speed is
illustrated in Figure 9(b). Demand speed and actual speed curves match almost identically and
error lies within the range (-0.2, 0.2) s. Therefore, the deviation between the obtained
simulation speed and the required speed is minimal and can be considered almost negligible.
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Figure 9: Working condition following situation

Further analysis of the power requirements versus motor and engine power reveals the
engine efficiency distribution before optimization (Al) and after optimization (A2) as shown
in Figure 10. After optimization (A2), the overall operational efficiency of the engine has
improved, stabilizing within the 0.20-0.35 range. Low-efficiency points have significantly
decreased, and the number of operating points has reduced compared to the pre-optimization
state (A1). This reduction is attributed to the multi-objective optimization model employed in
this study, which has effectively increased the number of operating points for the motor.
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Figure 10: Engine operating point efficiency distribution

As presented in Figure 11, the efficiency distribution of the automotive electric motor
working points for before optimization (Al) and after optimization (A2) is depicted. Before
optimization (Al), the motor had very good efficiency in the beginning up to 0-400 seconds;
however, the efficiency was close to zero thereafter. However, after optimization (A2), there
were improvements in the efficiency distributions of the working points of the engine. The
primary reason for the shift in the engine's operating point lies in the pre-optimization control
strategy, which focused solely on fuel economy to reduce emissions by lowering fuel
consumption. However, in actual operation, the fuel-efficient operating region and the
emissions-efficient operating region of the engine do not align, preventing emissions
optimization. Therefore, the multi-objective optimization method can further enhance engine

performance.
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Figure 11: The efficiency distribution at the operating point of the motor
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5 Conclusion

This paper constructs an optimization objective function min][f (fuel); f (CO); f (HC);
f (NOx)] based on the operational characteristics of parallel hybrid systems. The initial

equivalent factor S, is designated as the design variable, with the power battery SOC

constraint range set at -3% to 3%. The multi-objective optimization model for energy
management strategy of hybrid vehicles based on multi-objective particle swarm optimization
algorithm is built up as the selected algorithmic method. Concurrently, an engine torque
fluctuation constraint model is introduced to address frequent transient torque fluctuations
caused by energy management strategy optimization.

Application experiments of the multi-objective optimization model were conducted on the
constructed parallel hybrid vehicle simulation model. For the fully loaded condition, the speed
limit of the vehicle model reached 119.37 km/h, higher than the stipulated speed limit of 90
km/h, while the gradient limit reached 42.73% at 10 km/h, surpassing the gradient limit of
20.00% of the base vehicle model. The fuel economy of the vehicle model was enhanced by
7.16% when compared with the pure gasoline vehicle, indicating a good balance between its
power performance and economical efficiency. In the research, the multi-objective
optimization model established for hybrid vehicles' energy management strategy can provide
several optimal solutions for such models, with their fuel economy, overall emissions, and
driving performance improved by 9.82%, 0.87%, and 23.76% respectively on average.
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