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Abstract: Under the dual−carbon goal, the research on energy conservation and emission reduction
of new energy vehicles has once again become a current hotspot, and plug−in hybrid electric vehicles
(PHEVs) are the first to bear the brunt. In order to improve the fuel economy of PHEV, an adaptive
energy management strategy is designed on the basis of the intelligent prediction of driving cycles.
Firstly, according to the vehicle dynamics model, the optimal control objective function of PHEV is
established, and the relationship between vehicle fuel consumption and driving cycle is analyzed.
Secondly, the initial weights and threshold of the backpropagation (BP) neural network are optimized
using the particle swarm optimization (PSO) algorithm, and a PSO−BP neural network vehicle
velocity prediction controller is established. Thirdly, combined with the approximate equivalent
consumption minimization strategy (ECMS) algorithm to calculate the optimal initial equivalent
factor in the prediction time domain, the fast−planning SOC and PI control are introduced to
determine the optimal equivalent factor sequence, and the optimal torque distribution ratio of the
engine and motor is calculated. Lastly, three different energy management strategies are simulated
and verified under six China light−duty vehicle test cycle−passenger car (6*CLTC−P) driving cycles.
Simulation results show that the established velocity prediction model has good prediction accuracy,
and the proposed adaptive energy management strategy based on prediction is 9.85% higher than the
rule−based strategy in terms of fuel saving rate and 5.30% higher than the ECMS strategy without
prediction, which further improves the fuel saving potential of PHEV.

Keywords: plug−in hybrid electric vehicle; driving cycle prediction; energy management strategy;
equivalent fuel consumption minimization

1. Introduction

While automobiles bring great convenience to the transportation of people and goods,
they also further aggravate environmental pollution and energy shortages. In the context
of the continuous promotion of energy conservation and emission reduction around the
world, the “dual−carbon target” and “new energy automobile industry development plan”
promulgated by the Chinese government have accelerated the development of new energy
vehicles such as pure electric vehicles (EVs) and plug−in hybrid electric vehicles (PHEVs).
In the face of a series of problems such as the short endurance mileage of pure electric
vehicles that need to be solved urgently, various large car companies have promoted the
development and production of more valuable plug−in hybrid vehicles. Plug−in hybrid
electric vehicles take into account the advantages of traditional fuel vehicles and pure
electric vehicles. On the one hand, it improves energy utilization efficiency and reduces the
emission pollution of traditional fuel vehicles. On the other hand, it has a large−capacity
battery, which can be charged externally, taking into account the braking energy recovery
function, which alleviates the mileage anxiety of pure electric vehicles and has a very broad
development prospect [1–5].
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As the core control part of plug−in hybrid electric vehicles, the energy management
strategy (EMS) aims to reasonably allocate multiple power sources to improve the vehicle
fuel economy under the premise of meeting dynamic performance requirements. This
paper analyzes the energy management strategy of new energy vehicles, and strives to
achieve driving information prediction, as well as a reduction in the fuel consumption of
vehicles, through optimization strategies, so as to alleviate the anxiety of energy shortage.
At present, the management strategies of PHEV are mainly divided into two categories.
One is the rule−based energy management strategy, and the other is the optimized en-
ergy management strategy [6]. The production vehicle mainly adopts the rule−based
energy management strategy, such as the charge depleting–charge maintenance (CD−CS)
strategy. According to the logical threshold set by the designers, the vehicle operation
mode is controlled, and the fuel−saving potential gradually deteriorates with the increase
in driving mileage [7]. Since the energy management system of plug−in hybrid electric
vehicles is a nonlinear control system with constraints, the optimal control theory was
gradually introduced into the study of the energy management problem of PHEV, and the
energy management strategy based on global optimization, instantaneous optimization,
and intelligent optimization methods was, thus, born. The classical dynamic program-
ming (DP) algorithm [8], Pontryagin’s minimum principle (PMP), equivalent consumption
minimization strategy (ECMS) [9], and other methods are used to optimize and improve
the control performance of PHEV during operation. DP and other global optimization
methods can achieve ideal optimal control effect under fully known driving cycles, but
the uncertainty of driving cycles and heavy computational burden make it difficult to
achieve online real−time control. At present, they are mainly used to solve the optimal
control sequence in an offline state to provide a reference for the design of other energy
management strategies including instantaneous optimal control. ECMS based on the PMP
principle is a kind of instantaneous optimization strategy that can be used online, which
aims to output the control sequence that minimizes the equivalent fuel consumption of the
vehicle under the premise of satisfying the dynamic performance. However, the selected
equivalent factors are usually not well adapted to the changing actual road conditions,
which leads to the failure to achieve the desired control effect.

Driving conditions play an extremely important role in the design and development
of energy management strategy. Therefore, the energy management strategy combined
with intelligent optimization methods such as driving cycle identification [10], intelligent
transportation system [11], and driving cycle prediction [12] came into being. Li [13] used
the genetic algorithm optimized k−means clustering algorithm for the identification of
driving conditions, and an adaptive energy management strategy combined with the ECMS
algorithm was proposed. Simulation results showed that the proposed energy management
strategy reduced vehicle fuel consumption by 6.84% compared with the traditional ECMS.
Kazemi [14] obtained relevant information from the intelligent transportation system (ITS)
to predict driving conditions and traffic flow. On the basis of the above information, an
adaptive ECMS that can dynamically adjust the equivalent factor was proposed. The
strategy improves the fuel economy of the vehicle by combining the intelligent transporta-
tion system with the energy management strategy. Hu [15] used the K−NN algorithm
to predict the future driving conditions, thus establishing an online monitoring control
strategy is established. Compared with the traditional ECMS strategy, the proposed op-
timization strategy greatly improved the fuel economy of the vehicle in both standard
and actual conditions. The energy management strategy based on condition identification
can improve the adaptability of management strategy to driving conditions to a certain
extent, so as to improve the fuel economy of the vehicle. However, it relies on historical
vehicle velocity information, which will cause large errors when the road condition is
unknown, and the fuel−saving potential of PHEV cannot be fully exerted. In view of the
shortcomings of energy management strategy under known driving conditions, the slope
information, vehicle velocity information, and other short−term future driving conditions
can be used for the prediction, in order to further improve the fuel efficiency of the energy
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management strategy [16]. At present, the prediction methods of driving conditions mainly
include index prediction, Markov prediction, and neural network prediction [17]. The
index prediction parameters are fixed, which cannot reflect the dynamic change charac-
teristics of the vehicle. Markov chain prediction has random uncertainty, which cannot
achieve predictive prediction when the vehicle motion trend changes. When there are a
large number of historical working condition data, the short−term future motion trend
and driving condition information can be reasonably predicted using a trained neural
network. In this paper, a backpropagation neural network (BPNN) with good nonlinear
mapping ability and generalization ability is used to predict the future short−term driving
conditions to optimize the PHEV energy management strategy and improve the vehicle
fuel economy.

A plug−in hybrid vehicle with P2 configuration was selected as the research object of
this paper, and the energy management strategy of PHEV based on condition prediction
was studied through a co−simulation using Matlab/Simulink and Cruise software.

This paper is structured as follows: Section 1 discusses the research progress of energy
management strategies in recent years and the research content of this paper. Section 2
presents the PHEV architecture adopted in this paper and an appropriately simplified
model. The optimal control problem of PHEV is analyzed in Section 3, which provides a
theoretical basis for the optimization of energy management strategies in the next step. In
Section 4, we optimize the weights and thresholds of the BP neural network with the particle
swarm optimization algorithm to complete the establishment of the PSO−BP vehicle
velocity prediction model. In Section 5, we propose an A−ECMS energy management
strategy with the potential for online implementation, with the goal of minimizing the
equivalent fuel consumption, combined with vehicle speed prediction. We summarize and
analyze the simulation results in Section 6.

2. PHEV Vehicle Modeling
2.1. Vehicle Architecture and Component Parameters

In this paper, the coaxial P2 configuration PHEV is used as the research object, which
is mainly composed of an engine, motor, power battery, and transmission system. The
engine and ISG motor are arranged in coaxial parallel, and their maximum power is 83 kW
and 30 kW, respectively. As shown in Figure 1, during the operation of the vehicle, the
engine plays a different role according to the operation state of the vehicle. It can drive
the vehicle alone, drive the vehicle at the same time with the motor, or drive the motor
to charge the power battery. The key component parameters of the PHEV are shown in
Table 1.
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Table 1. Key component parameters.

Parts Parameter Value

Engine Maximum torque (N·m) 170
Maximum power (kW) 83

Motor
Maximum torque (N·m) 140
Maximum power (kW) 30

Battery Capacity (A·h) 35
Rated voltage (V) 300

Gear box Speed ratio 3.84/2.43/1.71/1.27/1/0.82/0.69
Final condenser gear Speed ratio 3.94

2.2. Model of Vehicle Dynamics and Key Components
2.2.1. Vehicle Dynamics Model

Considering the main research purposes of vehicle power performance and fuel
economy in this paper, a simplified vehicle longitudinal dynamic model was established.
When the vehicle accelerates uphill at velocity v and acceleration dv/dt, the force analysis
is as shown in Figure 2.
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Figure 2. Force analysis chart of parallel PHEV.

The driving resistance of vehicles can be described as

Ft = Ff + Fω + Fi + Fj = G f cos α + 0.5CD Aρv2 + G sin α + δmdv/dt, (1)

where Ft is the driving resistance, Ff is the rolling resistance, Fω is the air resistance, Fi
is the slope resistance, Fj is the acceleration resistance, G = mg, m represents the vehicle
mass, f represents rolling resistance coefficient, CD represents the air resistance coefficient,
A represents the windward area, ρ represents the air density, δ represents the rotation mass
conversion coefficient, and v represents the velocity. Accordingly, the required torque of
the vehicle can be calculated as

Treq = Ftr =
(

G f cos α + 0.5CD Aρv2 + G sin α + δmdv/dt
)

r, (2)

where r is the rolling radius of the tire.
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2.2.2. Engine Model

By only considering the fuel consumption characteristics of the engine, the engine
model can be appropriately simplified. Here, the static graph modeling method was used
to replace the complex modeling. The engine universal characteristic curve is shown in
Figure 3. Engine instantaneous fuel consumption can be described as

.
m f = f (Te, ωe), (3)

where Te and c are the torque and revolution speed corresponding to a certain operation
time of the engine.
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2.2.3. Motor Model

The ISG motor used in the drive system can not only provide the required torque of the
vehicle as a power source, but also provide charging when the battery power is insufficient.
The maximum torque output of the motor during charging and discharging is 140 N·m.
For most working areas, the working efficiency of the motor (the efficiency of the inverter
is not included here) is maintained between 80% and 90%, and the maximum efficiency is
92%; what needs to be determined is that the efficiency of the inverter is 89%. The motor
characteristic diagram shown in Figure 4 was constructed using the experimental data of
the motor. The real−time charging and discharging efficiency of the motor was obtained
by inputting the motor revolution speed and torque.

The power of the motor under different states can be calculated using the follow-
ing formula:

Pm =

{
nmTm

9550ηm
, Drive

nmTm
9550 ηm , Charge

, (4)

where nm is the rotational speed, Tm is the torque, and ηm is the corresponding motor efficiency.
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2.2.4. Battery Model

If the thermal temperature effect and transient are ignored, the physical model of the
battery can be considered as a static equivalent circuit. According to Kirchhoff’s voltage
law, the equivalent circuit equation can be described as

UL = Uoc − IbatRint, (5)

where UL is the terminal voltage, Uoc is the open circuit voltage, Rint is the equivalent
internal resistance, and Ibat is the current of the battery.

The battery state of charge (SOC) is defined as the ratio of the charge stored in the
current battery to the total charge; the change rate of the battery charge state over time can
be described as

S
.

OC = − Ibat
Qbat

= −Uoc −
√

U2
oc − 4RintP(t)

2RintQbat
, (6)

where P(t) is the power of the battery, and Qbat is the capacity of the battery.

2.2.5. Transmission Model

Due to its high transmission efficiency and fuel−saving advantages, dual−clutch
gearboxes are favored by domestic and foreign manufacturers and are widely used in
hybrid vehicles. A seven−speed dual−clutch gearbox is adopted in this paper to achieve a
smooth output of vehicle power and high fuel economy. Figure 5 shows the transmission
efficiency of the gearbox in different gears.
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3. Energy Management Optimization Problem

There are many multi−objective optimization problems with constraints in reality,
which aim to minimize the cost input under the conditions [18,19]. The energy management
optimization problem of PHEV is one of them. It can be described as the process of
solving the instantaneous optimal control sequences of the engine and motor to satisfy the
minimum optimization objective function and constraints of the vehicle control system [20].
The equivalent fuel consumption is selected as the optimization objective of the control
system, with the SOC of the power battery as the state variable and the motor torque as
the control variable. The constraint conditions of the optimization objective function are
defined as the constraints on the output torque, power range of the engine and motor,
power of the battery, SOC, and other parameters. According to the above conditions, PHEV
optimal control problem can be described as u∗ = argmin

∫ te
0

.
mequ(x, u)dt

.
x = f (x, u)
u ∈ U

, (7)

where u∗ is the optimal control sequence satisfying the constraints, te is the time at the end
of the trip,

.
mequ is the equivalent fuel consumption, and U is the set of physical constraints

that the control system needs to meet during vehicle driving. When SOC is taken as the
state variable, the constraint set of the above optimization problem can be described as

SOC(t f ) ≥ SOCmin
SOCmin ≤ SOC ≤ SOCmax
Pbat_min < Pbat < Pbat_max

Te min ≤ Te ≤ Te max
Tm min ≤ Tm ≤ Tm max

, (8)

where SOCmin is the SOC expectation at the end of the stroke, set to 0.30, SOCmax is the
initial value of the battery SOC, set to 0.70, Pbat is the battery power, Te is the torque of the
engine, and Tm is the torque of the motor. According to the description of PMP, the optimal
control sequence u∗minimizes the Hamilton function value and minimizes the optimization
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objective function [21]. After the cooperative state variable λT(t) = [λ1(t), λ2(t), . . . , λn(t)]
is introduced, the Hamilton function can be described as

H(x, λ, u, t) = L(x, u, t) + λT f (x, u, t). (9)

Introducing cooperative state variables, the global optimization problem of energy
management of the vehicle power system can be transformed into n instantaneous solving
problems with Hamilton functions. At this time, the Hamilton function is equal to the
sum of the instantaneous fuel consumption of the engine and another part, which can be
understood as the product of the cooperative state variable and the instantaneous change in
the SOC of the power battery. By solving the minimum value of the Hamiltonian function
at each moment, the torque distribution of the powertrain can be obtained accordingly.
According to the above description, the Hamilton function of the PHEV system can be
changed to

H(x(t), u(t), λ(t), t) =
.

m f (u(t), t) + λ(t) · f (x(t), u(t), t), (10)

where
.

m f (u(t), t) is the instantaneous fuel consumption of the engine, λ(t) is the coopera-
tive state variable at time t during driving, and f (x(t), u(t), t) is the system state transition
equation, which can be interpreted as the change rate S

.
OC of the power battery SOC

over time. In the process of using the PMP control strategy to solve the energy control
optimization problem offline, the change range of the cooperative state variable is very
small, which can be regarded as a constant.

.
λ(t) = 0, λ(t) = λ(0). (11)

In order to better solve the PHEV control problem, the cooperative state variable λ is
equivalent to the fuel−electricity equivalent factor s in the ECMS, and the instantaneous
equivalent fuel consumption rate of the vehicle at time t can be described as

.
mequ(x(t), u(t), t) =

.
m f (u(t), t) + s · .

mm(x(t), u(t), t), (12)

where
.

mm is the fuel consumption equivalent to the instantaneous power of the motor.
When the required torque of the whole vehicle is known, according to the relationship
among the engine, the motor, and the total required torque, the optimal output torque
T∗m(t) sequence of the motor is calculated, and the optimal output torque of the engine
is obtained.

T∗e (t) = Treq(t)− T∗m(t). (13)

The derivative of the equivalence factor varies so little with time that it is usually
constant over the entire travel. Subject to the minimization of the objective function in the
ECMS, the fuel economy of the vehicle under different driving cycles is closely related to
the selection of the equivalent factor. As shown in Figure 6, as the key parameter for the
conversion of fuel and electricity consumption in ECMS, if the equivalent factor is selected
too large, the system tends to use more engine drive and increases fuel consumption. On
the contrary, if the equivalent factor is too small, it is more inclined to use the motor, reduce
the driving power of the engine, and lose the power maintenance [22]. The actual driving
road conditions are complex and changeable. How to automatically adjust and change
the appropriate equivalent factor according to the driving cycle is an urgent problem to be
solved to give full play to the potential of the PHEV’s fuel−saving efficiency.
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4. Driving Cycle Prediction

The premise of the excellent optimal control effect of the ECMS strategy for the PHEV
control system is that the driving cycles are completely known, and the driving cycle
information in the future can be predicted using some methods. Information on future
driving cycles can be obtained through intelligent transportation systems and predicted by
mathematical models. Mathematical model prediction methods such as the exponential
function prediction method and neural network prediction method are used to predict
future driving cycle information because of their fast and reliable performance [23]. The
velocity information involved in this paper is a kind of timeseries information, which has
strong nonlinearity and time variability [24,25]. Therefore, the backpropagation neural
network with good nonlinear mapping ability and generalization ability was selected for
velocity prediction. Lastly, in order to improve the prediction accuracy, the PSO algorithm
was used to optimize the BPNN.

4.1. Principle of Neural Network Cycle Prediction

According to the different types of data information, the neural network can conduct
the corresponding prediction through the complex learning between multiple neurons.
When the type of prediction information is velocity information, assuming Yin and Yout are
the input and output of the neural network prediction model, and the prediction step is the
h step, the model output of the neural network at T time can be described as

Yout = Vi+1, Vi+2, Vi+3, · · · , Vi+h. (14)

A single variable or multiple variables can be used as the input of the neural network
velocity prediction model. The common velocity prediction input mainly includes historical
velocity information, historical acceleration information, weather information, and traffic
information [26]. The trained neural network can predict and continuously adjust the future
vehicle velocity according to the selected single or multivariate historical information. Here,
the historical velocity information of the past n time steps is selected as the input of the
prediction model.

Yin = Vi−n, Vi−n+1, · · · , Vi−1, Vi. (15)

Through the above analysis, the driving cycle prediction principle of the neural
network can be described as

[Vi+1, Vi+2, · · · , Vi+h−1, Vi+h] = xn[Vi−n, Vi−n+1, · · · , Vi−1, Vi], (16)

where xn is the mapping function of the selected neural network.
Figure 7 illustrates the principle of using a neural network to predict the vehicle

velocity. The established velocity prediction model starts to predict the velocity information
of the h timestep in the future after having sufficient historical velocity information input.
The velocity information is used to solve the optimal equivalent factor by referring to the
ECMS until the vehicle reaches the destination.
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4.2. Establishment of Comprehensive Driving Cycle

The neural network prediction model needs a large amount of effective velocity
sequence information to train to ensure high prediction accuracy. However, the single
standard working condition has less data, which cannot reflect the characteristics of the
changing working conditions on the actual road. Therefore, it is necessary to establish a
representative and large amount of data for the comprehensive driving cycle to train the
prediction model.

The characteristic parameters used to describe vehicle driving cycles mainly include
average speed, average acceleration, average deceleration, and driving mileage. These
parameters are an important basis for dividing different working conditions [27]. In this
paper, the maximum speed, maximum acceleration, average acceleration, and average
deceleration of driving cycles were determined as the clustering center by clustering
identification, which were used as the classification criteria of driving cycles. The 21
standard driving cycles including NEDC, UDDS, NYDC, and US06 were selected to classify
and compare similar driving cycles. Table 2 shows the classification results.

Table 2. Categories of 21 driving cycles and similar conditions.

Classification Driving Cycles

Congestion condition CBDTRUCK, MANHATTAN, NYCC
Urban traffic condition JPN1015, ARTERIAL, NurembergR36, WVUCITY, WVUSUB
High−speed condition FTP, UDDS, COMMUTER, SC03, NYCCOMP, HWFET, LA92, WVUINTER

Ultrahigh−speed condition ARB02, ECE_EUDC, HL07, NEDC, US06

In view of the fact that the vehicle is in the urban condition for a long time in the actual
driving process and the road condition is complex and random, this paper selects a cycle
in each category and enters the urban condition again after the end of the high−speed
condition. Five typical driving cycles (MANHATTAN + NurembergR36 + WVUINTER +
US06 + WVUCITY) are finally combined into a representative comprehensive driving cycle.
The structure is as follows: congestion condition + urban condition + rapid condition +
high−speed condition + urban condition. The established comprehensive driving cycle
is used for the training of the neural network predictor to improve its prediction effect.
Figure 8 shows the speed–time curve under combined conditions.
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Figure 8. Comprehensive driving cycles.

The comprehensive driving cycle basically includes all kinds of driving cycles of most
people’s daily travel, and it has a certain working condition time guarantee. In theory, the
neural network prediction model is trained using the comprehensive driving cycle shown
in the above graph, which can ensure that the prediction effect is better in the prediction
application process.

4.3. Driving Cycle Prediction Based on PSO−BP Neural Network

The BP neural network is one of the widely used neural networks with self−learning
and adaptive ability. It can realize the minimum error by continuously adjusting the
weight of the model, which is mainly used in system model prediction or control. The BP
neural network is generally composed of an input layer, hidden layer, and output layer.
Each layer contains different numbers of neurons to realize the mutual transmission of
information [28,29]. Figure 9 reveals the topological structure of the BP neural network,
and the structure of the BP neural network and the number of neurons can be adjusted
according to different learning tasks.
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The original data need to be normalized before network training and testing. In
this paper, the comprehensive driving cycle dataset for training was divided into an
80% training set and 20% test set, which was verified by other cycles. After continuous
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comparative analysis, the velocity information of the past 10 s was determined as the
input value of the BP neural network, and the three−layer neural network structure (input
layer–hidden layer–output layer) was determined for velocity prediction. There is still
no clear formula to solve the optimal number of neural network neurons. In this paper,
the number of hidden layer neurons was determined to be 25 through a combination of
an empirical formula and the trial−and−error method. The empirical formula of neuron
numbers is shown in Equation (17).

h =
√

a + b + i, (17)

where h is the number of hidden layer nodes, a, b are the number of input layer and output
layer nodes, and i is a constant between 1 and 10.

With the continuous development of industrial engineering, the need for process
optimization is also increasing. After the advent of the meta−heuristic algorithm, it quickly
gained widespread attention and application in the scientific community, and it has solved
many industrial engineering problems. Meta−heuristic algorithms are usually inspired
by some phenomena in nature, and they achieve the optimal solution in the entire search
space while constraining the search process. Common meta−heuristic algorithms mainly
include the red deer algorithm (RDA), whale optimization algorithm (WOA), and particle
swarm algorithm (PSO). The red deer algorithm is a new evolutionary algorithm inspired
by the mating of Scottish red deer in the breeding season, which has high efficiency in
solving combinatorial optimization problems [30]. Whales are very intelligent and athletic
animals. People got inspiration from the specific hunting behavior of humpback whales and
proposed a whale optimization algorithm, which is characterized by improving the rules
of candidate solutions in each step of optimization [31]. The particle swarm optimization
algorithm is inspired by the predation behavior of birds. It mainly uses the information
sharing between each particle to make the movement of the entire particle swarm produce
an evolution process from disorder to order in the problem solving space, to obtain the
optimal solution to the problem [32,33]. The PSO algorithm is widely used to search
for the global optimal solution in the engineering field because of its few parameters
and high efficiency. The principle can be described as follows: there is a particle swarm
containing N individuals in a D−dimensional search space; each individual is regarded
as a particle without volume and weight, which can fly at a certain speed V and height
H in the search space. The flight process is a process to find the optimal solution of the
global optimization problem. The m−th particle is represented as a D−dimensional vector
→
x m = (xm1, xm2, · · · xmD), m = 1, 2 · · ·N, the position of each particle is a potential solution,
and the adaptation to measure the pros and cons of the solution can be calculated by
bringing

→
x m into the objective function degree value. The flight speed and group experience

in the search process are constantly changing. At time step t, the coordinates X and velocity
V of each generation of particles can be derived from Equations (18) and (19). Assuming
f (x) as the objective function to be minimized, the current best position of individual m can
be determined by Equation (20). The fitness function f of PSO is expressed as Equation (21).

X(t+1)
md = X(t)

md + V(t+1)
md , (18)

V(t+1)
md = ωV(t)

md + c1r1

(
p(t)md − X(t)

md

)
+ c2r2

(
p(t)gd − X(t)

md

)
, (19)

p(t+1)
md =

{
p(t)md → f (x(t+1)

md ) ≥ f (p(t)md)

X(t+1)
md → f (x(t+1)

md ) < f (p(t)md)
, (20)

f =
1
N

N

∑
a=1,b=1

(yab − xab)
2, (21)

where ω is the inertia weight, which can be calculated using Equation (22), c1, c2 are
the learning factors, set to 1.4913, r1, r2 are random numbers between 0 and 1, pmd and
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pgd are the optimal position of the m−th particle in the historical space and the optimal
position of the global particle in the historical space, m = 1, 2, 3 · · ·N, yab and xab are the
corresponding actual output value and expected output value, and the spatial dimension
D can be determined from the structure of Equation (23) and the BP neural network.

ω(t) = ωmax −
t(ωmax −ωmax)

Tmax
, (22)

D = b + h + a× h + b× h, (23)

where ωmax is the maximum value of inertia weight, with a value of 0.9, whereas ωmin
is the minimum value of inertia weight, with a value of 0.4. t is the current number of
iterations, and Tmax is the maximum number of iterations set.

The BP neural network has the advantages of a simple structure and strong adaptabil-
ity, but some inherent disadvantages such as slow convergence and easy overfitting also
exist. The nonlinear error function of BP algorithm is prone to settling in a local minimum
in the process of solving, and it is difficult to jump out of the local minimum to find the
global optimal solution. The PSO algorithm can search for the optimal solution in a large
range, but the calculation accuracy is low, which is the advantage of the BP neural network.
In this paper, the PSO algorithm was used to optimize the BP neural network, treating the
weights and thresholds of the BP neural network as particles, and a large−scale global
search within the scope was carried out to avoid the BP neural network falling into a local
maximum, so as to improve the operation efficiency and prediction accuracy of the BP
neural network [34].

In the vehicle velocity prediction model based on the PSO−BP algorithm, only the
particle swarm algorithm is used to output the optimal initial weights and thresholds of
the BP neural network through iterative optimization, while the structure of BP neural
network is not changed. The output of the function can be predicted using the trained BP
neural network. Figure 10 reveals the flowchart of vehicle velocity prediction based on the
PSO−BP algorithm.

Many standards have been used to evaluate the performance of prediction models.
In this paper, the root−mean−square error (RMSE) was used to evaluate the prediction
accuracy of the prediction model in the time domain, which can be defined as

RMSE =

√
1
n

n

∑
i=1

(
vpre,i − vi

)2, (24)

where n represents the number of samples, vpre,i is the predicted velocity, and vi is the
actual velocity. A smaller RMSE indicates a higher prediction accuracy, i.e., the predicted
velocity is close to the actual velocity.

According to the above process, the PSO−BP neural network velocity prediction model
was established, and then the urban dynamometer driving schedule (UDDS) standard
driving cycle was determined to verify the prediction effect of the model. Figure 11
shows the single−step prediction effect of the prediction model. It can be seen that the
predicted velocity followed the actual velocity well. The single−step prediction error was
more concentrated within 1 km/h, and the maximum error was also within 3 km/h, thus
meeting the accuracy requirements of the prediction. Thus, this approach can be used for
multistep prediction.

Table 3 reflects the RMSE for different prediction lengths from 3 s to 9 s. It can be seen
that the RMSE value for a prediction length of 5 s was 1.4437 km/h, and the error between
the prediction velocity and the real value was relatively small, theoretically meeting the
usage requirements. As the prediction length increased, the overall fuel consumption of the
vehicle showed a small overall fluctuating decrease, but increasing the prediction length,
on the other hand, also led to the RMSE value rising significantly and the accuracy of
the prediction decreasing, while putting a heavy computational burden on the processor.
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On the basis of a comprehensive consideration of fuel consumption and computational
burden, this paper selected 5 s as the final prediction length for short−term velocity pre-
diction, which was used for the optimization of the energy management strategy below.
Figures 12 and 13 show the effect of the exponential prediction and the PSO−BP neural
network prediction model on the prediction of vehicle velocity for the next 5 s under the
UDDS cycle. It is clear from the figures that the prediction effect under the exponential
prediction model was relatively simple, generating a large error in the prediction informa-
tion at some timepoints where acceleration and deceleration transitions occurred, while it
could not predict changes in future driving states. In contrast, the PSO−BP neural network
prediction model could reasonably predict vehicle velocity through extensive data learning
and nonlinear mapping between neurons, showing good trend prediction compared to
exponential prediction [35,36]. We can see from Figure 14 that the RMSE of the exponential
prediction model was mostly scattered between 0 and 4 km/h with poor prediction accu-
racy, while the RMSE values of the PSO−BP neural network prediction model were mainly
distributed within 0–2 km/h, and the RMSE value for the whole trip was 1.4437 km/h.
This indicates that the PSO−BP neural network vehicle velocity prediction model used in
this paper had a better prediction effect, indicating its feasibility to be used for short−term
velocity prediction.
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Figure 10. Flowchart of PSO−BP neural network velocity prediction algorithm.
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Table 3. Prediction errors of different prediction durations.

Prediction Duration 3 s 5 s 7 s 9 s

RMSE 0.9201 1.4437 2.5373 3.7103
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5. A−ECMS Energy Management Strategy Based on Driving Cycle Prediction
5.1. Adaptive Equivalent Fuel Consumption Minimization Strategy Framework

The minimum equivalent fuel consumption strategy is an instantaneous optimization
strategy, and the optimization effect depends on whether the selection of the equivalent
factor of the key parameter is appropriate. The optimal equivalent factor under one
driving cycle may be suboptimal under other driving cycles. In order to further improve
the adaptability of energy management strategy to actual road conditions, an adaptive
equivalent fuel consumption minimization strategy based on driving cycle prediction is
proposed in this paper. Before the start of the trip, the driving mileage is determined
according to the navigation, and the reference SOC of the whole trip is reasonably planned.
At the same time, the historical commuter driving cycle is used as the reference velocity
input of the driver, and the required torque is calculated. The ECMS algorithm is used
to solve the power source torque distribution. Then, after reaching the historical velocity
information required by the prediction module, the future short−term velocity prediction
is carried out, which is input to the reference ECMS control module to solve the initial
optimal equivalent factor sequence in the short term in the future. Finally, the modified
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optimal equivalent factor sequence is applied to the real−time calculation of ECMS in the
future prediction time domain, and the optimal power source torque distribution is applied
to vehicle control to achieve the purpose of improving vehicle fuel economy.

Figure 15 illustrates the calculation process of the A−ECMS energy management
strategy based on driving cycle prediction, where Vpre is the predicted velocity, Vtrue is the
actual velocity, Si is the commuting mileage, λ is the equivalent factor, and λ0,opt is the
time−varying optimal initial equivalent factor obtained according to the prediction.
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5.2. Approximate ECMS Algorithm

As shown in Figure 15, after the historical vehicle velocity information is obtained, the
PSO−BP neural network predictor predicts the vehicle velocity information in the next
5 s, and the predicted vehicle velocity information is input to the reference ECMS control
module to obtain the initial optimal equivalent factor sequence. This module includes a
backward vehicle model and an approximate ECMS algorithm, in which the parameters in
the backward vehicle model are consistent with the vehicle model established above, except
that the predicted vehicle velocity is used as the direct input of the vehicle, and the driver
model is cancelled. Combined with the approximate ECMS algorithm, the calculation of the
minimum fuel consumption in the predicted time domain and the selection of the optimal
equivalent factor can be carried out, but the output of the model does not directly control
and change the operating state of the vehicle components.

The approximate ECMS algorithm proposed in this paper was simplified and opti-
mized on the basis of the above ECMS algorithm; the function was unchanged, and the
calculation amount was smaller. The principle was to combine the minimum equivalent
fuel consumption with the vehicle driving mode switching of the backward vehicle model.
First, the driving mode that meets the conditions is selected, and then the instantaneous
equivalent fuel consumption H and the SOC change value of the battery ∆SOC of the initial
equivalent factor are calculated for different numbers in the determined driving mode.
H is sorted corresponding to the initial equivalent factor satisfying the condition ∆SOC,
and the initial equivalent factor with the minimum H is determined by performing curve
fitting as the optimal initial equivalent factor at time t + 1 in the future. Next, continuous
calculation and optimization are carried out in the entire prediction time domain, and the
optimal initial equivalent factor sequence λ0,opt that acts on the ECMS optimization of each
step size in the prediction time domain is finally calculated.
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The established PHEV working mode is mainly divided into driving main mode,
braking main mode, and parking main mode. In the backward vehicle model, the driving
main mode is mainly considered, and other modes and related conditions including brake
recovery and parking charging are not changed. The main driving mode is further divided
into low−speed pure electric driving mode, engine driving mode, charging driving mode,
and combined driving mode. The instantaneous equivalent fuel consumption in driving
mode can be described as

H =
.

mequ =
.

m f (t) + λ∗
1

Qlhv
Pbat, (25)

where Pbat is the battery power, λ∗ is the equivalent factor with a number, Qlhv refers to the
low calorific value of fuel in J/g, and Qlhv = 4.4× 104J/g.

The calculation formula of instantaneous equivalent fuel consumption under different
driving modes is different, which is mainly due to the different working conditions of the
engine and the motor.

(1) Low−speed pure electric driving mode. The switching condition of low−velocity
pure electric drive mode is that the vehicle demand torque is less than the maximum
torque of the motor, the SOC of the battery is greater than the set minimum SOC limit,
and the engine running time is greater than 5 s. In the low−velocity pure electric
drive mode, the engine does not work, the value of

.
m f is set to 0, and the motor torque

is greater than zero, providing the driving demand torque of the vehicle.
(2) Engine driving mode. The switching limit of the engine driving mode is that the SOC

of the power battery is less than the set minimum value, the vehicle demand torque is
greater than the maximum driving torque of the motor, the vehicle demand torque is
less than the maximum engine torque, and the running time is less than 5 s. If one
of the above conditions is satisfied, the mode can be switched. In the engine driving
mode, when the motor does not work, the instantaneous equivalent fuel consumption
is the instantaneous fuel consumption of the engine.

(3) Charging driving mode. The switching limit of the driving mode is that the battery
SOC is less than or equal to the set minimum SOC limit or the vehicle demand torque
is less than the optimal torque of the engine to ensure that the engine can output
power for battery charging. Under the charging driving mode, the engine works in the
optimal region, i.e., the engine torque is equal to the economically optimal torque in
the universal characteristic diagram. At this time, the motor torque and battery power
are both negative, and the motor torque value is equal to the difference between the
vehicle demand torque and the optimal engine torque.

(4) Combined driving mode. The switching limit of the combined driving mode is that
the SOC of the power battery is greater than the minimum SOC limit, and the torque
provided by the engine cannot meet the torque demand of the vehicle. At this time,
the motor is required to be driven by the combined engine. In the combined driving
mode, the engine is still working on the economic optimal curve. The output torque
of the motor is the difference between the vehicle demand torque and the optimal
torque of the engine. Unlike the charging driving mode, the motor torque and battery
power are positive.

In order to reduce the amount of computation in the ECMS reference module, the
optimal initial equivalence factor must be found quickly and efficiently, and the selection
of the initial equivalence factor can be performed within the following range [37]:

− 1
ηmotηinvηbatηeng

≤ λ∗(t) ≤ −ηmotηinvηbat
ηeng

, (26)

where ηmot is the average efficiency of the motor, ηinv is the average efficiency of the inverter,
ηbat is the average efficiency of the battery, and ηeng is the average efficiency of the engine.
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Within the above range, n equivalent factors are selected at equal intervals and num-
bered separately, where n is generally defined as 10 and above. Taking the predicted
driving speed information as the input, the instantaneous equivalent fuel consumption H
is calculated in the backward vehicle model according to the determined driving mode,
and then the minimum H and the corresponding equivalent factor λ∗ in each calculation
are determined. The data are fitted, and the λ∗ corresponding to the minimum H value
in the fitted curve is selected as the output of the reference ECMS module, i.e., the initial
optimal equivalent factor λ0,opt.

5.3. Reference SOC

In order to make full use of the fuel−saving performance of PHEV, it is necessary
to ensure that the battery power is fully utilized during the entire trip, and the power is
only reduced to the set the minimum limit at the end of the planned trip. Therefore, it is
necessary to quickly plan the SOC to provide a reference for the actual SOC decline. Studies
have shown that the optimal SOC decline trajectory of PHEVs has a linear decreasing
relationship with the total travel. When the total travel is greater than the pure electric
cruising range of the vehicle, the relationship between the reference SOC trajectory and the
driving range can be determined using Equation (27) [38]. Figure 16 shows the planning
principle of the reference SOC. Here, the initial value of SOC was determined to be 0.70,
and the minimum limit was 0.30.

SOCre f (t) = SOCint −
SOCint − SOC f in

S
× l, (27)

where l is the actual driving distance at time t, SOCre f (t) is the reference SOC corresponding
to time t, SOCint and SOC f in are the initial SOC value and the final value, and S is the
total stroke.
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Figure 16. Reference to SOC planning principle.

In order to ensure that the SOC of the power battery can closely follow the planned
reference SOC decline trajectory during the actual driving process, so as to reasonably
utilize the power of the power battery and improve the fuel economy of the vehicle, the
equivalent factor is dynamically calculated according to the difference between the SOC
and the reference SOC. When the difference is positive, it indicates that the battery SOC is
less than the planned SOC, and the battery is too low; hence, the equivalent factor needs to
be increased. Otherwise, the equivalent factor needs to be decreased. Finally, the equivalent
factor is determined as the control variable, the deviation between the actual SOC and the
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reference SOC is used as the correction, and the PI controller is introduced to solve the
optimal equivalent factor in real time.

λt = λ0,opt + Kp∆SOC + Ki

∫ t

0
(∆SOC)dτ, (28)

∆SOC = SOCre f (t)− SOC(t), (29)

where Kp and Ki are the proportional and integral parameters of PI controller.
So far, the driving cycle prediction module, reference ECMS module, equivalent factor

correction module, and ECMS algorithm have been combined to establish an adaptive
equivalent fuel consumption minimum energy management strategy based on driving
cycle prediction.

6. Simulation Results and Analysis

The China light−duty vehicle test cycle−passenger car (CLTC−P) is the light−duty
vehicle driving condition independently established by China. It was developed on the
basis of vehicle driving data of 5050 vehicles in 41 representative cities across the country
with a total of 55 million kilometers. Compared with other typical driving conditions,
the cycle is more in line with the actual road driving cycle in our country, such that
the energy consumption and emissions of the vehicle laboratory certification are closer
to the actual level [39]. Under six China light−duty vehicle test cycle−passenger car
(6*CLTC−P) driving cycles, the proposed energy management strategy based on driving
cycle prediction was compared with the typical rule−based and ECMS−based energy
management strategies to evaluate the optimization effect of the proposed adaptive energy
management strategy. Figure 17 shows the velocity–time curve under the 6*CLTC−P cycles
and the velocity−following curve of the PHEV during the simulation. It can be seen that
the established PHEV vehicle model could meet the dynamic requirements of the vehicle
and follow the established cyclic driving cycles well.
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Figure 18 illustrates the battery SOC decline trajectories under different strategies, and
Figure 19 shows the final values of fuel consumption and SOC under different strategies. It
can be seen that the red dotted line represents the preplanned reference SOC trajectory; the
SOC decline curves under both the rule−based and the ECMS−based strategies deviated
from the planned SOC trajectory to a large extent during the trip. Among them, the SOC
decline curve under the rule−based strategy first dropped sharply, and then maintained a
dynamic stability near the desired SOC value in the middle and later stages of the stroke,
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and the power of the battery was difficult to be reasonably distributed. The downward
trend of the SOC based on the ECMS strategy was more in line with the expected effect, but
with the same initial equivalent factor as the adaptive strategy; the second half deviated
from the set reference SOC trajectory, resulting in the final SOC only decreasing to 0.337,
which is higher than the set expected SOC value of 0.30. The SOC drop trajectory proposed
in this paper based on the driving cycle prediction strategy had small fluctuations, and
the SOC was constrained to be near the planned reference SOC trajectory throughout the
process; the final SOC was 0.303, which is very close to the expected value. This indicates
that the introduced adaptive equivalent factor and PI controller could optimize the global
battery power distribution.
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The energy simulation results of different strategies under 6*CLTC driving cycles are
shown in Figure 19 and Table 4. It can be seen that, compared with the rule−based energy
management strategy, the fuel consumption of the PHEV under the A−ECMS strategy after
the introduction of driving cycle prediction was reduced by 9.85% to 3.076 L/100 km; even
if it is comparable to the fuel consumption of the PHEV under the ECMS strategy, there
was still a 5.30% decrease. This illustrates that the proposed adaptive energy management
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strategy based on driving cycle prediction could better exert the potential of PHEV and
further reduce fuel consumption.

Table 4. Fuel consumption under different strategies.

Strategy CD−CS ECMS A−ECMS

Fuel consumption (L/100 km) 3.412 3.248 3.076

Figure 20 shows the comparison of engine torque based on the rule strategy and
prediction strategy. It can be seen that, under the rule strategy, the engine would participate
only when driving at high speed in CS mode. After entering the CD mode, the vehicle enters
the feeding state, the subsequent driving tasks are mainly completed by the engine, and the
motor only completes part of the driving and braking recovery functions. At this time, the
engine spends more time in the low−efficiency working area, and the fuel consumption is
relatively high. With the help of a strategy that includes predictive information, the engine
can participate in driving at the right time throughout the journey, as well as cooperate
with power components such as the motor to maintain a steady decline in the SOC of the
power battery instead of only running when entering the CS stage.
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Figure 20. Engine output torque under different strategies. 

To sum up, the adaptive equivalent fuel consumption minimization strategy com-
bined with vehicle speed information prediction could make the actual SOC follow the 
reference SOC during the trip, optimize the global power battery power distribution, and 
enable the engine to participate in driving while working in the high−efficiency area. 
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To sum up, the adaptive equivalent fuel consumption minimization strategy combined
with vehicle speed information prediction could make the actual SOC follow the reference
SOC during the trip, optimize the global power battery power distribution, and enable the
engine to participate in driving while working in the high−efficiency area. Through the
comparison of different strategies under the same working conditions, it was shown that
the strategy reduced the fuel consumption and comprehensive energy consumption of the
whole trip, and effectively improved the fuel economy of the whole vehicle.

7. Summary

In this study, a new vehicle speed prediction method was developed that combines
the advantages of intelligent algorithms and artificial neural networks. The proposed
model mainly optimized the initial weights and thresholds of the BP neural network
through the particle swarm optimization algorithm, and the representative comprehensive
driving cycles were selected as the training set of the neural network to improve the speed
prediction accuracy during driving. Through a comparison with the exponential prediction
model, the vehicle velocity information in the next 5 s was finally determined to be used
for prediction to optimize the fuel economy of the PHEV. In addition, an adaptive energy
management strategy based on prediction was proven, in which the torque of the engine
and motor was allocated according to the principle of minimum instantaneous equivalent
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fuel consumption. Reference SOC and PI control were also introduced to optimize the
global battery power allocation.

The simulation results under 6*CLTC−P driving cycles showed that the fuel consump-
tion of the PHEV under the proposed adaptive energy management strategy was reduced
by 9.85% compared with the classical rule−based strategy and by 5.30% compared with
the ECMS strategy without prediction, thus further improving the fuel−saving efficiency
of PHEVs.

Our research needs to be further advanced. Restricted to certain conditions, our
current research mainly used the PSO−BP neural network to build a vehicle driving
cycle prediction model, which is a prediction method established by learning historical
data. However, many unexpected situations in the actual driving process often result in the
vehicle not always following the ideal driving cycle. Lastly, we believe that the modification
of the prediction model combined with the vehicle speed in the intelligent transportation
system can further improve the fuel−saving potential of the PHEV.
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