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Abstract 

Extended-range electric vehicle is considered to be the ideal transition type for electric 

vehicle. The optimal operation curve control strategy was proposed for a 12 meter-long 

range extended electric bus. With exponential function inertia weight adjustment and 

local chaos substitution, an improved chaotic particle swarm optimization algorithm was 

applied to optimize the key parameters of energy management strategy. Based on 

MATLAB/Simulink, full vehicle model and corresponding control strategy were built. The 

simulation results with typical city driving cycles illustrate that, comparing with standard 

particle swarm optimization, the new algorithm can greatly improve the convergence 

speed and optimizing precision, and the optimal parameters can be obtained. 
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1. Introduction 

Extended-range electric vehicle (E-REV) can overcome the short driving range and 

long charging time of a pure electric vehicle, and its structure is relatively simple. 

Therefore, it is considered to be the ideal transition type for electric vehicle [1]. 

Energy management control strategy’s design and development are the key technology 

of E-REV. At present, HEV’s energy management control strategies mainly focus on the 

optimization-based strategy, including instantaneous optimization strategy and global 

optimization strategy [2]. However, in terms of practical engineering application, the rule-

based energy management control strategies are more clear and easy to be implemented 

and developed. Some optimization algorithms are used to optimize the key parameters of 

E-REV energy management strategy, such as Particle swarm optimization (PSO) and 

genetic algorithm (GA) optimization, which could effectively improve vehicle 

performance [3-4]. 

Since Standard particle swarm optimization (SPSO) has slow convergence rate and was 

easily trapped in local optimum, an improved chaotic particle swarm optimization 

(ICPSO) was presented. By means of introducing chaotic mutation, using inertia weight 

adjustment strategy, velocity and position selection strategy for particles beyond the 

boundaries, ICPSO can improve the convergence accuracy and convergence rate of 

SPSO. In this paper, combining with the characteristics of the dynamic system of EREV, 

ICPSO is applied to optimize the parameters of E-REV energy management control 

strategy. 
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2. E-REV Energy Management Control Strategy 

 
2.1. Power-Train System Structure 

At present, most extended-range electric vehicles are refitted based on the traditional 

vehicles, and the E-REV power-train system structure shown in Figure 1. Which includes 

battery, drive motor, the engine-generator unit (APU), gear box and drive wheels, etc. As 

the primary power source, the battery is directly connected to the system bus, which 

meets the desired vehicle dynamic performance and provides pure electric driving range. 

APU and battery are in parallel connection on the DC bus, which provides drive motor 

with auxiliary power and charges the battery to increase the vehicle driving range. The 

power output of drive motor through the main reducer and differential to drive wheels [6]. 

 

Engine Generator Motor

Battery

Gear
box

 

Figure 1. E-REV Power-Train System Structure 

The study reported by Society of Automotive Engineers (SAE) showed that the biggest 

difference between E-REV and P-HEV is: when the E-REV’s batteries energy is 

sufficient, the batteries and drive motor can meet all the desired vehicle dynamic 

performance, the engine can be started directly, and switch to extended-range mode 

instantly [7]. Thus, the energy and power requirement of E-REV’s batteries and drive 

motor is rather high with a large size. And the driving power of the engine only needs to 

satisfy the power demand of particular conditions under extended-range mode. As a 

result, low power and small size can be selected. 

 

2.2. Optimal Operation Curve Control Strategy 

Based on E-REV operation mode, the study of its energy management control strategy 

is accordingly divided into two stages: pure electric stage and extended-range stage. The 

control of the former is relatively simple, which main goal is to research and control the 

vehicle required torque. For the extended-range stage, we should control the power 

allocation of APU and batteries to reduce fuel consumption and obtain good fuel 

economy. Since APU is mechanically independent of the drive shaft, the rotational speed 

and output torque of engine is irrelevant to the drive motor. That is to say, the engine can 

work in any torque-speed plane.  

The optimal operation curve control strategy is based on power-following. According 

to the battery SOC and the power demand (PL), several different intervals were divided. 

Each interval has a rule, and each rule corresponds to the specified speed and power of 

engine. When engine starts, it works on the Engine optimal operation curve which is 

calculated according to the engine fuel consumption characteristics map and the 

efficiency map of generator, as shown in Figure 2.  
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Figure 2. The Optimal Operation Curve of Engine  

The logic rules of optimal operation curve control strategy are shown as in Tab.1. 

Where
low

SOC 、
high

SOC  are the threshold of battery charging and discharging respectively; 

low
Pe 、

high
Pe  are the power demand threshold of engine turning on/off respectively. 

Table 1. The Logic Rules of Optimal Operation Curve Control Strategy 

          SOC 

P
L
 

SOC<SOC
low

 
low high

SOC SOC<SOC  
high

SOC>SOC  

0<P Pe
L low
  On, Pe=Pe

low
 Hold, Pe=Pe

low
or Pe=0  Off, Pe=0  

Pe <P Pe
low L high

  On, Pe=P
L

 Hold, Pe=P
L

or Pe=0  Hold, Pe=P
L

 

P >Pe
L high

 On, Pe=P
L

 Hold, Pe=P
L

or Pe=0  On, Pe=P
L

 

P 0
L
  Off, Pe=0  

In this paper, five parameters of the energy control strategy are selected as optimization 

variables, as shown in Tab. 2. Where, t  is the minimum duration of the engine start-stop 

interval. (The maximum output power of engine is 82kw ) 

Table 2. The Optimization Variables of Optimal Operation Curve                     
Control Strategy 

Optimization variables 
Lower limit Upper limit 

low
SOC  0.2 0.4 

high
SOC  0.4 0.6 

low
Pe  20 50 

Pe
high

 50 82 

t  0 50 

 

 

3. Improved Chaotic Particle Swarm Optimization (ICPSO) Algorithm 

Particle swarm optimization was presented by Kennedy and Eberhart at IEEE 

International Conference on Neural Networks in 1995 [8]. Particle swarm optimization is 

a biologically-based algorithm that can be applied to the domain of combinatorial 
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optimization. PSO can dynamically adjust the velocity and trajectory of each particle in 

the solution space based on the flight experience of itself and others. The state of each 

particle can be described by a set of position and velocity vectors, which donate the 

feasible solutions and the direction of movement in the solution space respectively [9]. In 

one-iteration, each particle adjusts its own trajectory in order to move towards its best 

position and the global best according to the following equations: 

 

 

                                                                                                                                                  

(1) 

 

 

for j=1,…,d, where d is the number of dimensions; i=1,…,n where n is the number of 

particles; t is the iteration number, w  is the inertia weight, 
1

r  and 
2

r  are two random 

numbers uniformly distributed in the range [0,1]; 
1

c  and 
2

c  are the acceleration factors. 

 

3.1. Chaotic Mapping 

In standard particle swarm optimization (SPSO), the initial population is randomly 

selected, and the solution space is too large to guarantee uniformity in the whole solution 

space traversal. Therefore, the global search ability of SPSO would be reduced, which 

makes the algorithm trapped in local optimal solution. The ergodicity of chaotic mapping 

can effectively overcome the above problems. Using the typical Logistic mapping to 

generate chaotic variables, and it can be turned into the optimization variables by linear 

mapping: 

1
4 (1 )

n n n
x x x


   , (0,0.5) (0.5,1)x                                                                                     

(2) 
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n n

y a b a x                                                                                                                     

(3) 

Where b and a  are the upper and lower limit of the optimization variables respectively. 

When the above conditions are met, the chaotic variables can completely traverse on the 

interval [0,1], and corresponding optimization variables can traverse on its value range. 

So the ergodicity of initial population can be ensured in the whole solution space. 

 

3.2. Exponential Function Inertia Weight Adjustment Strategy 

In PSO, the inertia weight is an important adjustable parameter. The larger one can 

enhance the global search ability of the algorithm, and the smaller one can enhance the 

local search ability [10].  

As shown in Ref.5, in comparison with linear function and quadratic function, 

exponential function inertia weight adjustment strategy can achieve higher accuracy and 

faster convergence speed in solving unimodal or multi-peak function optimization 

problem. 

The equations of exponential function inertia weight adjustment strategy are as 

follows: 
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Where 
max

T donates the maximum number of iterations; T is the iteration number; 
start

w

、
end

w are the initial and the final value of inertia weight respectively, which are specified 

as 0.9 and 0.4;  、   are the adjustment coefficient of exponential function, which are 

generally specified as 0.312 and 10. 

  

3.3. Local Chaos Substitution  

In SPSO, when the algorithm encountered the local optimal solution during the 

optimization process, all particles are likely to fall into the local solution, which makes 

the algorithm stagnant and unable to get rid of the local optimal state. In this paper, 

chaotic particles are introduced to improve the ability of escaping from local optimal and 

strengthen the local search capacity. Therefore, when the PSO trapped in local optimal 

solution, using chaotic iterative to replace the particles with poor fitness and increase the 

diversity of the population. 

 

4. Parameters Optimization based on ICPSO Algorithm 
 

4.1. Optimization Objective 

The goal of the energy management control strategy of E-REV is to improve the 

vehicle fuel economy and increase the driving range as much as possible without reducing 

the vehicle dynamic performance in the extended-range mode. The parameters 

optimization based on ICPSO algorithm is as follows: 

 

J(X) [FC(X),SOC(X)]

(X , 1 , ,0 ,) 2

Min

jgi n 









                                                                                                          

(5) 

Where X donates the parameter vector; FC(X) donates the comprehensive one-

hundred-kilometer fuel consumption of E-REV, which equals to the engine fuel 

consumption plus the equivalent battery fuel consumption; SOC(X) donates the deviation 

from target SOC value. 
i
(X)g , j is a set of nonlinear inequality constraints, which 

represents the vehicle dynamic performance demand, such as maximum speed, 

acceleration time and the change of battery. 

The comprehensive one-hundred-kilometer fuel consumption can be achieved by 

calculating with the equivalent fuel consumption. An equivalent fuel consumption method 

can be calculated using Eq.(6). 

_

3600k
fuel

fuel fuel low eng gen

E
V

D Q  




  
                                                                                            

(6) 

Where, fuelV  is the equivalent fuel consumption (L);  kE  is the battery energy 

consumption; fuelD  is the fuel density, which is defined as 0.85 g/cm
3 
for diesel; _fuel lowQ  

is low calorific value of fuel combustion, which is defined as 43000J/g for diesel; eng  

and gen  are the average efficiency of engine and generator during one driving cycle 

respectively. 
 

4.2. Parameters Optimization 

Based on ICPSO algorithm, the concrete steps of parameters optimization for E-REV 

energy management control strategy are as follows: 
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(1) Initial population with chaotic mapping, set the population size as 30, 1 2
2C C  , 

max
T =1000, the chaos search replace probability is 0.3, and stagnation times and chaos 

search times are 50 and 30 respectively. 

(2) Calculate the fitness of all particles, and save the global optimal solution and 

individual optimal position to gbest and pbest respectively.  

(3) Update the velocity and position of each particle using Eq.(1) 

(4) If the algorithm is stagnated, turn to Step5, otherwise Step6. 

(5) Generate chaos particles, local search near the gbest with the set chaos search 

times, replace the poor fitness particles with probability of 0.3, update velocity and 

position of the remained particles using Eq.(1) 

(6) Update the velocity and position of each particle using Eq.(1), calculate the fitness 

and update the value of gbest and pbest 

(7) If the algorithm reach the termination condition, then stops, and output the optimal 

solution, otherwise turn to Step2. 

The flow chart of ICPSO algorithm is illustrated in Figure 3: 

 

Start

Initial population with chaotic mapping

Update the velocity and position of each particle using Eq.(1)

Algorithm 
stagnation

Generate chaos particles

Replace the poor fitness particle with probability of 0.3

Calculate the fitness, update gbest and pbest

Termination 
condition

Output the optimal solution

End

N

N

Y

Y

 

Figure 3. ICPSO Processes 

 

5. Simulation and Result Analysis 

In order to validate the accuracy and effectiveness of the proposed E-REV energy 

management control strategy, a backward-in-power nonlinear vehicle model is established 

in Matlab/Simulink which neglects the effects of driver. The China typical city bus cycle 

(CTCBC) is used as the basic driving cycle to the simulation based on GB/T 19754-2005. 

The initial value of SOC is set as 0.3 to reduce the program running time and obviously 

observe the change of SOC. The simulation results are shown in Figure 4- 5. 
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Figure 4. Convergence Rate Contrast Figure of SPSO and ICPSO 
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Figure 5. SOC Trajectories in One Driving Cycle 

As shown in Figure 4, ICPSO can greatly improve convergence speed and optimizing 

precision than SPSO, this is due to the better local search capacity of it. If the algorithm 

was stagnated, ICPSO could escape from local optimal more quickly. Thus, ICPSO is 

better suits than SPSO in a multi-parameter optimization problem of E-REV energy 

management control strategy. 

Figure 5 shows the battery SOC trajectories of optimal operation curve control strategy 

in one driving cycle. It shows that SOC can be limited at the range of 0.25 to 0.35, and the 

final value is approximately equal to 0.3, which proves that the proposed energy 

management control strategy is correct and effective. However, comparing to the non-

optimized one, parameters optimization with ICPSO can reduce the fluctuation of SOC, 

which means less effect on the battery during the process of driving. 

The optimization results are shown in Tab.3. Where, Qc is the Comprehensive one-

hundred-kilometer fuel consumption, Qf is the Engine one-hundred-kilometer fuel 

consumption, 
final

SOC  is the final value of SOC. 
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Table 3. Optimization Results 

Optimization variables 
without optimization ICPSO optimization 

low
SOC  0.3 0.3377 

high
SOC  0.5 0.4158 

low
Pe  35 39.6591 

Pe
high

 65 58.3421 

t  30 0.6384 

Qc（L/100km） 29.1253 26.4896 

Qf（L/100km） 34.1638 28.5294 

finalSOC  0.3097 0.3006 

In general, the one-hundred-kilometer fuel consumption of a traditional diesel bus is 

48L/100km on average. And this of a traditional hybrid electric bus is 40L/100km [11]. 

Therefore, in comparison with the other traditional vehicles of the same size, the optimal 

operation curve control strategy could observably improve the economic performance of 

E-REV. That is, the proposed strategy is very effective.  

On the basis of the optimization results, parameters optimization with ICPSO can 

improve control performance. The Qc and Qf are reduced by 9.05% and 16.5% 

respectively, and the final value of SOC is closer to the target. 

 

6. Conclusions 

(1)The optimal operation curve control was provided to investigate the energy 

management strategy for E-REV. The full vehicle dynamic model and control strategy 

were built based on Matlab/Simulink, and the simulation was conducted under typical city 

driving cycles. The simulation results show that, the battery SOC can be limited to a small 

range, and APU works on the optimal operation curve, which means less fuel 

consumption, better economy and extending of driving range. 

(2)Aiming at the shortcomings of SPSO, an improved chaotic particle swarm 

optimization algorithm was proposed to optimal the key parameters of E-REV energy 

management control strategy. The results indicate that ICPSO can greatly improve 

convergence speed and optimizing precision compared with SPSO, showing the 

superiority of ICPSO in respect of the effects of control parameter optimization for E-

REV． 

(3)With ICPSO optimization, the comprehensive fuel consumption and engine fuel 

consumption of E-REV are reduced by 9.05% and 16.5%. In addition, the battery SOC 

changes more gently and the final value of SOC is closer to the target, which could 

effectively control the variation of battery and benefit battery life. 
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