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Abstract—Vehicle energy management is the core 

technology of hybrid vehicles, which determines the fuel 

economy and emission performance of the vehicle. At present, 

most of the common energy management is based on known 

operating conditions, without considering actual road traffic 

information, which makes vehicles unable to achieve optimal 

energy management. With the development of GPS and ITS, 

future traffic information can be obtained in advance. In the 

paper, a hierarchical energy control method for hybrid 

electric vehicles is proposed. Model predictive control 

algorithm is utilized to predict the optimal vehicle velocity in 

the upper controller. The lower controller is designed to 

follow the optimal velocity, and uses the neural network 

control algorithm to optimize the power distribution between 

the engine and the motor to reduce fuel consumption. 

Compared with the traditional energy management strategy, 

the proposed method can prevent the vehicle from stopping 

at the red light, thereby reducing the fuel consumption of the 

vehicle to achieve the purpose of saving fuel consumption.   

Keywords—Hierarchical Control, energy management, 

neural network, connected environment 

I. INTRODUCTION 

The growing environmental pollution and energy crisis 
have restricted the development of conventional Internal 
Combustion Vehicles. To meet these challenges, new energy 
vehicles have become the focus of research around the world 
due to their advantages of low energy consumption and low 
pollution [1,2]. Although pure electric vehicles have the 
characteristics of no pollution and zero fuel consumption, due 
to the limitations of current technology, such as small power 
battery capacity, short life, short driving range, etc., severely 
restrict the further development of pure electric vehicles. 
Therefore, hybrid vehicles that combine the advantages of 
pure electric vehicles and conventional vehicles have become 
the development trend of automobiles at this stage. 

Energy management is the core technology of hybrid 
electric vehicles, and plays a vital role in fuel economy and 
emission performance of automobiles [3]. Vehicle energy 
management is related to many factors, such as vehicle 
velocity, road slope, and traffic information. Most of the 
current vehicle’s energy management is based on known 
operating conditions, without considering actual road traffic 
information, which prevents the vehicle from achieving 
optimal energy control [4]. In recent years, with the 
development of Intelligent Transportation System (ITS) and 
Global Positioning System (GPS), vehicles can communicate 
with vehicles (V2V), and can communicate with 
transportation facilities (V2I) [5]. All this information can 
help optimize vehicle energy management, thereby improving 
fuel economy performance [6]. 

Literature [7] puts forward an energy management 
strategy based on stochastic model predictive control, which 
makes use of vehicle position, driving direction and terrain 
information in this area to make hybrid electric vehicles drive 
in hilly areas with traffic congestion. Because the road 
information is known in advance, excellent energy 
management of the vehicle is realized. Literature [8] 
incorporated road terrain preview information into the energy 
management system of parallel hybrid electric vehicle, and 
studied the benefits of integrating future information (such as 
road slope) to the energy management of the whole vehicle. 
In the literature [9], model predictive control method is used 
to predict the traffic conditions, and the optimal control 
strategy is calculated within a certain prediction range, so as 
to avoid frequent braking at red light, so as to improve the fuel 
economy and realize the economical driving of the energy 
management system of hybrid electric vehicles. In reference 
[10], a hierarchical optimal controller for the velocity and 
power system of HEVs is constructed. At the vehicle level, 
velocity limit information and future road fluctuation 
information are used to optimize vehicle acceleration. At the 
power system level, the power distribution is determined by 



the future road slope and the optimal acceleration. The results 
show that the framework can better maximize fuel efficiency 
by optimizing power distribution and vehicle acceleration. 
Literature [11] proposed a stochastic dynamic programming 
(SDP) energy management method based on traffic 
information for commuter cars. This method not only meets 
the battery charge maintenance constraints and overall 
requirements, but also minimizes the average equivalent fuel 
consumption to the driving performance requirements of the 
vehicle power. Literature [12] proposed an energy 
management method for plug-in hybrid electric vehicles, 
whose driving cycle is predicted by GPS/GIS traffic 
information on uphill roads, thereby improving vehicle fuel 
economy. 

In view of the above problems, the hierarchical energy 
management structure to improve the vehicle energy 
optimization is studied in the paper. The hierarchical 
management structure is composed of two controllers, where 
the upper controller predicts the vehicle optimal target 
velocity using model predictive control algorithm with the 
traffic information, the lower controller uses the control 
algorithm based on the neural network to allocate the required 
power of the vehicle between the engine and the motor 
according to the predicted velocity obtained by the upper 
controller, so as to achieve the purpose of improving fuel 
economy. 

II. VEHICLE MODELING 

The vehicle model used in the study is a typical parallel 
hybrid electric vehicle, whose structure is shown in Figure 1. 
The model will be built in MATLAB/Simulink, whose 
mathematical principles are not described in detail here. 
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Fig1. Structure of parallel hybrid electric vehicle 

III. THE CONTROLLER DESIGN 

The designed vehicle energy management method is a 
hierarchical controller, whose specific structure is shown in 
Figure 2. 

The upper controller uses the traffic information obtained 
by V2V and V2I to solve the optimal target vehicle velocity 
based on the traffic signal phase and timing model and model 
predictive control algorithm (MPC) to avoid the hybrid 
electric vehicle stopping at red light. The lower controller 
adopts the energy management optimization algorithm based 
on neural network control, and takes advantage of the target 
velocity information obtained by the upper controller to 
calculate the optimal torque distribution of power components, 
so as to reasonably distribute the vehicle's required power 
between the engine and the motor. 
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Fig2. Hierarchical energy management structure 

A. Velocity Optimization for Eco-driving 

The dynamic model of hybrid electric vehicle is as follows: 

{
𝑥̇(𝑡) = 𝑓(𝑥(𝑡), 𝑢(𝑡)) = −𝑓𝑔 −

1

2𝑚
𝐶𝐷𝐴𝜌𝑣(𝑡)

2 − 𝑔𝛼 + 𝑎(𝑡)

𝑥(𝑡) = [𝑠(𝑡) 𝑣(𝑡)]𝑇
 () 

Among which, 𝑠 , 𝑣 , 𝑎 , 𝑚  are the position, velocity, 
acceleration and mass of the vehicle respectively; 𝐶𝐷 is wind 
resistance coefficient; 𝜌 is air density; 𝐴 is frontal area; 𝑓 
is rolling resistance coefficient; 𝛼 is the road slope. 

In the paper, the traffic signal timing model is applied to 
solve the target velocity range for the sake of avoiding the 
vehicle stopping at red light. The calculation principle 
diagram of the target velocity range is shown in Figure 3 [13]. 
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Fig3. Schematic diagram of velocity range calculation principle 

When the next intersection is a green light and meets the 
constraint of the maximum driving velocity, the vehicle can 
accelerate to the maximum possible value that is not allowed 
to exceed the maximum allowable speed, so as to ensure that 
it passes through the intersection before the arrival of the red 
light (at this time, it is the upper speed limit); or slow down to 
ensure that passing through the intersection just changes from 
red light to the next green light (at this time, it is the lower 
speed limit). When the next intersection is a red light, the 
vehicle must slow down to ensure that passing through the 
intersection just changes from red light to green light (at this 
time, it is the upper speed limit); or slow down to pass the 
intersection before the end of the next green light (at this time, 
it is the lower speed limit). Based on this principle, the upper 
and lower limits of the vehicle target speed range are as 
follows [14]: 



 𝑣ℎ(𝑡) =

{
 
 

 
 

𝑑𝑎(𝑡)

𝐾𝑤𝑡𝑐−𝑡𝑔−𝑡
𝑟𝑒𝑑 𝑙𝑖𝑔ℎ𝑡

𝑣𝑚𝑎𝑥 𝑔𝑟𝑒𝑒𝑛 𝑙𝑖𝑔ℎ𝑡 &
𝑑𝑎(𝑡)

𝐾𝑤𝑡𝑐−𝑡
≤ 𝑣𝑖𝑚𝑎𝑥

𝑑𝑎(𝑡)

𝐾𝑤𝑡𝑐+𝑡𝑟+𝑡𝑦−𝑡
𝑜𝑡ℎ𝑒𝑟 𝑐𝑎𝑠𝑒 𝑎𝑡 𝑔𝑟𝑒𝑒𝑛 𝑙𝑖𝑔ℎ𝑡 

 () 

 𝑣𝑙(𝑡) =

{
 
 

 
 

𝑑𝑎(𝑡)

𝐾𝑤𝑡𝑐−𝑡
𝑟𝑒𝑑 𝑙𝑖𝑔ℎ𝑡

𝑑𝑎(𝑡)

𝐾𝑤𝑡𝑐−𝑡
𝑔𝑟𝑒𝑒𝑛 𝑙𝑖𝑔ℎ𝑡 &

𝑑𝑎(𝑡)

𝐾𝑤𝑡𝑐−𝑡
≤ 𝑣𝑖𝑚𝑎𝑥

𝑑𝑎(𝑡)

(𝐾𝑤+1)𝑡𝑐−𝑡
𝑜𝑡ℎ𝑒𝑟 𝑐𝑎𝑠𝑒 𝑎𝑡 𝑔𝑟𝑒𝑒𝑛 𝑙𝑖𝑔ℎ𝑡

 () 

 𝑣𝑙(𝑡) ≤ 𝑣𝑡𝑎𝑟𝑔𝑒𝑡(𝑡) ≤ 𝑣ℎ(𝑡) () 

 𝑡𝑐 = 𝑡𝑔 + 𝑡𝑟 + 𝑡𝑦 () 

 Where, 𝑣𝑡𝑎𝑟𝑔𝑒𝑡  is the vehicle target velocity,  𝑣𝑙  and  

𝑣ℎ are the upper and lower limits of the ideal vehicle velocity 
respectively. 𝑑𝑎(𝑡)  is the distance between the vehicle’s 
position 𝑠  and the traffic signal light 𝑎 , 𝐾𝑤  is the cycle 
number of traffic signal lights, which is an integer;  𝑡𝑟、
𝑡𝑔and 𝑡𝑦 are the durations of red light, green light and yellow 

light respectively. 𝑡𝑐 is the time of a traffic signal light cycle；
𝑡 is the driving time；𝑣𝑚𝑎𝑥  is the maximum velocity of the 

vehicle. 

In the paper, the model predictive control algorithm is used 
to solve the optimal target velocity of vehicles, whose specific 
expression is as follows: 

𝑚𝑖𝑛 𝐽 = ∑ 𝜔1
𝑚𝑓̇ (𝑡)𝛿(𝑡)

𝑠(𝑡 + 𝑇 − 1) − 𝑠(𝑡)
+ 𝜔2[𝑣(𝑡) − 𝑣𝑡𝑎𝑟𝑔𝑒𝑡(𝑡)]

2
+𝜔3𝑎(𝑡)

2

𝑘+𝑇−1

𝑡=𝑘

 

  () 

 𝑣𝑚𝑖𝑛 ≤ 𝑣(𝑡) ≤ 𝑣𝑚𝑎𝑥 () 

 𝑎𝑚𝑖𝑛 ≤ 𝑎(𝑡) ≤ 𝑎𝑚𝑎𝑥  () 

Among which, 𝜔𝑖(𝑖 = 1,2,3)is a weight coefficient, 𝑚𝑓̇  

is the equivalent fuel consumption rate of vehicle, 𝑣𝑡𝑎𝑟𝑔𝑒𝑡  is 

the vehicle target velocity, and T is a model prediction time 
length, 𝑣  is vehicle driving velocity, 𝑎  is vehicle 
acceleration (control variable), 𝑡 = 𝑘 represents the time 𝑘, 
𝑣 is minimum vehicle velocity, 𝑣𝑚𝑎𝑥  is maximum vehicle 
velocity, 𝑎𝑚𝑖𝑛 is minimum acceleration, 𝑣𝑚𝑎𝑥 is maximum 
acceleration. 

The first item of the objective function optimizes the fuel 
consumption per unit mileage, that is, optimizes the fuel 
economy; The second optimization is the difference between 
the driving velocity and the target velocity obtained based on 
traffic information, that is, the optimized velocity is as close 
as possible to the ideal target velocity, thus reducing the 
vehicle stopping in front of the red light; The last optimization 
is the longitudinal acceleration of the vehicle. The goal is to 
reduce the times of acceleration and deceleration and the 
absolute value of acceleration, so as to improve fuel economy. 
The optimized variables output by this formula are the optimal 

target velocity 𝑣𝑡𝑎𝑟𝑔𝑒𝑡 and position 𝑠 of the hybrid electric 

vehicle at the current moment. 

To solve the objective function of model predictive control 
shown in formula (6), it is necessary to transform formula (1) 

into a state space model, as shown in the following formula 
(9): 

 

{
 
 

 
 𝑥̇(𝑡) = 𝑓(𝑥(𝑡), 𝑎(𝑡))

𝑓(𝑥(𝑡), 𝑎(𝑡)) = [
𝑣(𝑡)

−𝑓𝑔 −
1

2𝑚
𝐶𝐷𝐴𝜌𝑣(𝑡)

2 − 𝑔𝛼 + 𝑎(𝑡)
]

𝑥(𝑡) = [𝑠(𝑡) 𝑣(𝑡)]𝑇

 () 

Then, the formula (9) is transformed into the discrete state 

space model form formula (10)： 

 

{
 
 

 
 

𝑥(𝑘 + 1) = 𝐴𝑥(𝑘) + 𝐵𝑎(𝑘)

𝐴𝑥(𝑘) = [
𝑣(𝑡)

−𝑓𝑔 −
1

2𝑚
𝐶𝐷𝐴𝜌𝑣(𝑡)

2 − 𝑔𝛼
]

𝐵 = [0   1]𝑇

 () 

The MPC objective function described in formula (6) is 
rewritten into the quadratic programming form shown in 
formula (11): 

 

{
 
 

 
 𝑚𝑖𝑛 [

1

2
(𝑦𝑖 − 𝑦𝑖𝑜𝑏𝑗)

𝑇
𝑄𝑖(𝑦𝑖 − 𝑦𝑖𝑜𝑏𝑗)]

𝑃𝑖𝑦𝑖 ≤ 𝑞𝑖
𝐶𝑖𝑦𝑖 = 𝑏𝑖

𝑦𝑖 = [𝑢𝑖(𝑡), 𝑥𝑖(𝑡 + 1),⋯𝑢𝑖(𝑡 + 𝑇 − 1), 𝑥𝑖(𝑡 + 𝑇)]
𝑇

 () 

Among which, 𝑦𝑖 and 𝑦𝑖𝑜𝑏𝑗  are state variables and 

corresponding target values in the form of quadratic 
programming; 𝑄𝑖  is diagonal matrix; 𝑃𝑖 , 𝑞𝑖 , 𝐶𝑖 and 𝑏𝑖  are 
all matrices related to state variables. 

B. Power Split Under the Optimal Velocity 

The lower controller designed in the paper is an energy 
management optimization algorithm. After the upper 
controller obtains the optimal vehicle target velocity, the 
lower controller performs optimal torque distribution. On the 
one hand, it follows the optimal target velocity obtained by the 
upper controller, on the other hand, it realizes the optimal 
distribution of vehicle power demand between the engine and 
the motor. 

The energy management optimization problem of hybrid 
electric vehicle is a typical nonlinear, multivariable and multi-
constrained problem. Excellent control cannot be achieved by 
conventional control methods. Because artificial neural 
network is a mathematical model to simulate the thinking 
mode of human brain and an important way to simulate human 
intelligence, which reflects some basic characteristics of 
human brain function. Neural network control is an intelligent 
control method developed by combining neural network with 
control theory, consequently neural network control for 
energy management is chosen in the paper. 

In order to realize the optimal torque distribution of hybrid 
electric vehicle, neural network control method is applied to 
optimize the energy management in the paper. In the neural 
network, the input nodes of the neural network are used to 
represent the input signals, i.e. the required torque 𝑇𝑟𝑒𝑞  and 

the battery SOC, and the output nodes are used to represent 
the output signals, i.e. the engine torque 𝑇𝑒.  

Figure 4 shows the structure of neural network, which is 
composed of input layer, hidden layer and output layer.  
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Fig4. Vehicle velocity optimization on the upper controller 

The system is composed of two kinds of networks, 
namely forward network and backward network, in which 
the forward network calculates the current loss in turn from 
front to back, and the backward network updates the system 
parameters from back to front by gradient descent method. 

1) Forward Network 
The first layer of the network is the input layer, whose 

node distribution corresponds to the input variable 

𝑥𝑖(𝑇𝑟𝑒𝑞、SOC), so that the input vector is transmitted to the 

second layer, and the output of each node 𝑖 in the layer can 

be expressed as formula (12): 

 𝑓1(𝑖) = 𝑥𝑖 () 

The second layer of the network is hidden layer, The input 
of hidden neurons is the weighted sum of all inputs, namely 

 𝑥𝑗 = ∑ 𝜔𝑖𝑗𝑥𝑖𝑖  () 

Among which, 𝜔𝑖𝑗  is the weight between the input layer 

and the hidden layer. 

The output 𝑥𝑗
′  of hidden layer neurons applies sigmoid 

function to excite 𝑥𝑗 as following formula (14): 

 𝑥𝑗
′ = 𝑓(𝑥𝑗) =

1

1+𝑒
−𝑥𝑗

 () 

Derive the output 𝑥𝑗
′ of hidden neurons as formula (15): 

 
𝜕𝑥𝑗

′

𝜕𝑥𝑗
= 𝑥𝑗

′(1 − 𝑥𝑗
′) () 

After solving the similar multi-layer hidden layer, the 
output of neurons in the output layer can be obtained as 
follows: 

 𝑦𝑚(𝑘) = ∑ 𝜔𝑗𝑜𝑗 𝑥𝑗
′ () 

Among which, 𝜔𝑗𝑜  is the weight between the hidden 

layer and the output layer. 

2) Backward Network 
After constructing the neural network, it is necessary to 

constantly update the weight coefficient 𝑤𝑖𝑗  between the 

input layer and the hidden layer and weight coefficient 𝑤𝑗𝑜 

between the hidden layer and the output layer by gradient 
descent method. The following is the specific update method: 

Assuming that the expected output of the network is 𝑦 
and the actual output is 𝑦𝑚, the approximation error of the 
network is as following formula (17): 

 𝑒(𝑘) = 𝑦(𝑘) − 𝑦𝑚(𝑘) () 

The gradient descent method is used to modify the 
adjustable parameters, and the following objective function 
(18) is defined: 

 𝐸 =
1

2
∑ 𝑒(𝑘)2𝑟
𝑖=1  () 

The 𝛿 learning algorithm is applied to adjust the weights 
of each layer. The weight of the output layer is adjusted by 
formula (19): 

 ∆𝑤𝑗𝑜(𝑘) = −𝜂
𝜕𝐸

𝜕𝑤𝑗𝑜
= 𝜂𝑒(𝑘)𝑥𝑗

′ () 

Among which, 𝜂 is the learning rate, 𝜂 ∈ (0,1)。 

At time 𝑘 + 1, the weights of the neural network are as 
follows: 

 𝑤𝑗𝑜(𝑘 + 1) = 𝑤𝑗𝑜(𝑘) + ∆𝑤𝑗𝑜  () 

The learning algorithm of connection weight 𝑤𝑖𝑗 
between hidden layer and input layer is as follows: 

 ∆𝑤𝑖𝑗(𝑘) = −𝜂
𝜕𝐸

𝜕𝑤𝑖𝑗
= 𝜂𝑒(𝑘)

𝜕𝑦𝑚

𝜕𝑤𝑖𝑗
 () 

Among which, 

𝜕𝑦𝑚
𝜕𝑤𝑖𝑗

=
𝜕𝑦𝑚
𝜕𝑥𝑗

′

𝜕𝑥𝑗
′

𝜕𝑥𝑗

𝜕𝑥𝑗

𝜕𝑤𝑖𝑗
= 𝑤𝑗𝑜

𝜕𝑥𝑗
′

𝜕𝑥𝑗
𝑥𝑖 = 𝑤𝑗𝑜𝑥𝑗

′(1 − 𝑥𝑗
′)𝑥𝑖  

At time 𝑘 + 1, the weights of the neural network are as 
follows: 

 𝑤𝑖𝑗(𝑘 + 1) = 𝑤𝑖𝑗(𝑘) + ∆𝑤𝑖𝑗 () 

To avoid oscillation and slow convergence in the process 
of weight learning, it is necessary to consider the influence of 
the last weight change on the current weight change, that is, to 
add momentum factor 𝛼 . The adjusted weight learning 
algorithm of the output layer is formula (23): 

𝑤𝑗𝑜(𝑘 + 1) = 𝑤𝑗𝑜(𝑘) + ∆𝑤𝑗𝑜 + 𝛼 (𝑤𝑗𝑜(𝑘) − 𝑤𝑗𝑜(𝑘 − 1)) 

𝑤𝑖𝑗(𝑘 + 1) = 𝑤𝑖𝑗(𝑘) + ∆𝑤𝑖𝑗 + 𝛼 (𝑤𝑖𝑗(𝑘) − 𝑤𝑖𝑗(𝑘 − 1)) 

  () 

Among which, 𝛼 is momentum factor , 𝛼 ∈ (0,1) 

IV. SIMULATION RESULTS AND ANALYSIS 

A. Simulation Parameter Setting 

In the upper controller, the initial velocity of the vehicle is 
set to 0, the maximum and the minimum velocity are 



respectively 20m/s and 0m/s, and the target driving distance is 
6000m; The number of traffic signal lights is set to 11, with 
the duration of red, green and yellow lights being 18s, 20s and 
2s respectively, and the intervals of traffic signal lights being 
450m, 500m, 300m, 500m, 700m, 500m, 600m and 1000m; 
Set the simulation iteration step size to 0.05s; Set the initial 
value of battery’s SOC to 0.7; The parameters for hybrid 
electric vehicles are shown in Table Ⅰ below. 

TABLE I.  PARAMETERS OF VEHICLE’S MAIN COMPONENTS 

The main components parameter name parameter 

engine maximum power 41KW 

motor maximum power 75KW 

battery capacity 16AH 

vehicle 

vehicle mass 1350kg 

frontal area 2m2 

radius of vehicle 0.343m 

rolling resistance coefficient 0.018 

final reduction drive gear ratio 4.8 

wind resistance coefficient 0.335 

air density 1.2kg/m3 

In order to intuitively understand the advantages and 
disadvantages of the proposed neural network energy 
management optimization method, rule-based energy 
management strategy of hybrid electric vehicle, which has 
been widely used at present, is selected to compare in the 
paper, so as to analyzes its performance. 

B. Simulation Results 

The black curve in Figure 5 is the trajectory of the hybrid 
electric vehicle. In the figure, the green solid line represents 
the green light time window, the yellow solid line represents 
the yellow light time window and the red solid line represents 
the red light time window. It can be seen from the figure that 
there is no intersection between the vehicle trajectory and the 

red、yellow solid lines, which indicates that the vehicle did 

not encounter red lights when passing all traffic lights, and the 
slope of the trajectory is not equal to zero. Therefore, the target 
velocity prediction model based on the information of road 
traffic lights can effectively avoid the hybrid electric vehicles 
stopping at red lights. 

 

Fig5. Trajectory of hybrid electric vehicle 

Figure 6 is the predicted vehicle velocity graph of hybrid 
electric vehicle based on road traffic signal information and 
MPC. It can be seen from the figure that the velocity of 
vehicles does not remain constant, but rises and falls, which is 
a reasonable change brought by the vehicle to avoid stopping 
at the red light of the traffic signal light. The application of 
model predictive control is to ensure that the vehicle velocity 

changes smoothly with the variation of traffic, without drastic 
changes, so as to achieve the purpose of saving fuel. 

 

Fig6. Prediction of vehicle velocity based on SPAT and MPC 

Figure 7 shows the SOC trajectory of power battery when 
the lower controller of hybrid electric vehicle is controlled 
based on rules and neural network. It can be seen from the 
figure that the initial values of SOC of power battery are all 
around 0.7. From the range of SOC fluctuation, the SOC of 
battery based on neural network control adopted in this paper 
drops more obviously. This is because the vehicle velocity is 
constantly changing, and it is more economical to drive with 
motor frequently than with engine. 

 

Fig7. SOC change curve of power battery 

Figure 8 is the exhaust emission variation curve of the 
lower controller based on rules and neural network. It can be 
seen from the figure that the emission of HC, CO and NOx 
corresponding to the lower control method based on neural 
network is lower than the emission of exhaust gas under the 
rule-based control. 

 
Fig8. Emission based on neural network and rules 

Table2 compares a series of simulation results of vehicles 
based on neural network and rules. On the one hand, it can be 
seen from the table that HC, CO and NOx emissions of 
vehicles are 0.498g/km, 2.664g/km, 0.283g/km and 
0.557g/km, 7.879g/km and 0.286g/km under neural network 
and rule-based control, respectively. Compared with the rule-
based control method, the HC, CO, and NOx emission 



performance based on the neural network are increased by 
10.56%, 66.19% and 1.05%, respectively. Therefore, the 
energy management control method based on neural network 
has achieved excellent emission performance of hybrid 
electric vehicles. 

On the other hand, it can be seen from the table Ⅱ that for 
hybrid electric vehicles, the fuel consumption per 100 km 
corresponding to the lower control method based on neural 
network is lower than that based on rules. The average fuel 
consumption per 100 kilometers of vehicles is 2.8L/100km 
and 4.3L/100km under neural network and rule-based control, 
respectively. Compared with the rule-based control method, 
the fuel economy under neural network is improved by 
34.88%. Therefore, the energy management control method 
based on neural network improves the fuel economy of hybrid 
electric vehicles. 

TABLE II.  COMPARISION OF SIMULATION RESULTS  

item 
control strategy 

Based on rule Based on neural network 

CO (g/km) 7.879 2.391 

HC (g/km) 0.557 0.492 

NOx (g/km) 0.286 0.243 

FC (L/100km) 4.3 3.4 

End SOC 0.6493 0.6230 

motor driving efficiency 0.59 0.72 

vehicle system efficiency 0.147 0.164 

From the analysis of the above simulation results, it can be 
seen that for the upper controller, on account of that the hybrid 
electric vehicle can obtain the road traffic information in 
advance in the connected environment, the vehicle can 
effectively avoid stopping at the red light when passing 
through the traffic lights. In addition, the velocity and required 
power of the vehicle can be predicted in advance, so that the 
required power can be distributed between the engine and the 
motor more reasonably, and the fuel economy can be 
improved. As for the lower controller, on the premise of 
satisfying the dynamic performance of HEV, the neural 
network control strategy can realize the rational distribution 
of energy between engine and motor, and improve the 
efficiency of motor and vehicle control system. More 
importantly, it not only improves the fuel economy of the 
vehicle, but also reduces the emissions of CO, HC and NOx. 

V. CONCLUSION 

In this paper, the energy management optimization of 
hybrid electric vehicles in connected environment is studied, 
where a hierarchical controller is designed. 

The upper controller makes use of the traffic information 
obtained by V2I to solve the optimal target velocity of hybrid 
vehicles based on the traffic signal timing model and model 
predictive control algorithm. The vehicle does not encounter 
the red light when passing through the traffic signal, which 
effectively avoids the situation of vehicles stopping at the red 
light, thus reducing fuel consumption. 

The lower controller adopts the energy management 
optimization algorithm based on neural network control. 
Using the target velocity information obtained by the upper 
controller, on the one hand, it can achieve vehicle velocity 
following; on the other hand, it can achieve torque distribution 
of various power components, effectively avoiding frequent 
engine start and stop, thus realizing reasonable distribution of 
vehicle power demand between engine and motor. Compared 
with the rule-based control method, the average fuel economy 
of the vehicle is improved by 34.88%, and the emission 
performance of HC, CO and NOx is improved by 10.56%, 
66.19% and 1.05% respectively under the neural network 
control, thus achieving excellent fuel economy and emission 
performance of the hybrid electric vehicle. 
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