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Abstract: The energy management strategy (EMS) and control algorithm of a hybrid electric vehicle
(HEV) directly determine its energy efficiency, control effect, and system reliability. For a certain
configuration of an HEV powertrain, the challenge is to develop an efficient EMS and an appropriate
control algorithm to satisfy a variety of development objectives while not reducing vehicle performance.
In this research, a comprehensive, multi-level classification for HEVs is introduced in detail from the
aspects of the degree of hybridization (DoH), the position of the motor, the components and
configurations of the powertrain, and whether or not the HEV is charged by external power. The
principle and research status of EMSs for each type of HEV are summarized and reviewed. Additionally,
the EMSs and control algorithms of HEVs are compared and analyzed from the perspectives of
characteristics, applications, real-time abilities, and historical development. Finally, some discussions
about potential directions and challenges for future research on the energy management systems of
HEVs are presented. This review is expected to bring contribution to the development of efficient,
intelligent, and advanced EMSs for future HEV energy management systems.

Keywords: hybrid electric vehicles; energy management strategy; algorithm; optimization;
classification

1. Introduction

Developing new energy vehicles has been an essential way for global vehicle industry to face
the challenge of global environmental degradation and fuel shortage. Today, the vehicle industry is
experiencing a technological revolution in the powertrains of vehicles. A hybrid electric vehicle (HEV)
is an effective choice to solve the problems of the low energy density of a power battery and the short
driving distance of an electric vehicle (EV). Different configurations of HEVs have different control
strategies, production costs, and applicable conditions. However, for any configuration, the ultimate
goal is to achieve the comprehensive optimization of the efficiency of the engine and the motor so as
to improve the vehicle’s performance parameters such as economy, emissions, and durability. The
procedure of realizing the goal is commonly called an energy management strategy (EMS).

The EMS has always been a key research topic in the field of HEVs, and its strategies and control
algorithms emerge endlessly [1]. In the early EMSs, a rule-based control strategy (RCS) [2] was
adopted, and then a global optimization control strategy (GOCS) was used to obtain global
optimization results under known conditions. Then, the RCS was intelligently extracted from the
GOCS, and an online application of the optimization strategy was realized [3,4]. With the further
development of the EMS, stochastic dynamic programming (SDP), model predictive control (MPC),
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convex programming (CP), evolutionary algorithms (EA), differential evolution (DE), artificial neural
networks (ANNSs), and multi-objective optimization algorithms have been applied to the research of
EMSs for HEVs [5]. In recent years, a variety of advanced intelligent control strategies (ICSs) have
emerged, and a variety of improved efficient EMSs have been proposed [6]. At present, the EMSs of
HEVs can be classified according to the topological structure shown in Figure 1 that can be divided
into two categories: the RCS and the optimization-based control strategy (OCS).

Energy Management Strategy for Hybrid Electric Vehicles

Rule-based Optimization-based
Control Strategy Control Strategy
I I
| I | l
Deterministic Fuzzy Logic Global Instantaneous
Rule-based Rule-based Optimization Optimization
Control Strategy Control Strategy Control Strategy Control Strategy

Figure 1. Classification of energy management strategies (EMSs) for hybrid electric vehicles (HEVs).

This paper is organized as follows. In Section 2, we summarize the classification of HEVs in
various ways. In Section 3, the EMSs of HEVs are classified, and the principle of each EMS is analyzed.
In Section 4, the research status of different control strategies and algorithms are summarized. Section
5 compares different EMSs from multiple perspectives such as their characteristics, practicability,
real-time abilities, and their development history. Finally, the conclusions and prospects are given in
Section 6.

2. Classification of Hybrid Electric Vehicles

Hybrid power systems have different classification methods based on different standards. This
section mainly summarizes and analyzes the classification of HEVs in various ways such as the
degree of hybridization, the position of motor, the configuration layout of the powertrain, and
whether they can be charged by external power supply. Additionally, some important configurations
are further classified and summarized. For example, parallel hybrid electric vehicles (PHEVs) are
further divided into the single-shaft combined and a double-shaft combined types.

2.1. Based on Degree of Hybridization

In order to evaluate the ratio of power distribution among components in the powertrain of an
HEYV, the concept of the degree of hybridization (DoH) was introduced in [7,8].

The DoH refers to the percentage of power of electrical system to the total power of the power
source.

Pelec

DoH =

X 100% 1)
total
where P, is rated power of motor and P, is the sum of the rated power of motor and engine.
The definition of the DoH is slightly different for different configurations of powertrains.
According to different DoHs, HEVs can be divided into the following four categories: micro HEV,
mild HEV, medium HEV, and full HEV [9,10]. Their specific descriptions and a comparison [11,12]
with each other are shown in Table 1. It is worth mentioning that most of the 48 volt mild hybrid
adopt belt-alternator starter generator (BSG) technology. At the same time, there are also 48 volt mild
hybrids with integrated starter generator (ISG) technology, which uses the engine as the main power
source and has a fuel saving effect that is better than that of BSG technology.
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With the continuous development of the technology of HEVs, the full HEV is gradually
becoming the main development direction and research hotspot in the field of HEVs. In particular,
the success of full HEVs such as the Toyota Prius and the General Escape has stimulated the
development and research of the powertrains of full HEVs based on a planetary gear mechanism in
some vehicle enterprises. Among full HEVs, the working modes of plug-in HEVs and extended-range
electric vehicles [13] are very similar. Both of them can be driven in the pure electric mode with the
power battery. When the power battery capacity is close to the set lower limit value, they turn to
another power source to continue to provide the energy needed by the vehicle. At present, both of

them have had good development.

Table 1. Characteristics and applications of different HEVs.

Micro HEV Mild HEV Medium HEV Full HEV
DoH Less than 10% Less than 20% 20-30% 30-50%
An ISG is al in th
The micro HEV is The typical structure of a " S_G is also used o the Compared with a
ipped with mild HEV is composed of ~ edium HEV. Unlikea = 4 i HEV
equipped with a s composed o mild HEV, a medium ediu ,a
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belt-alternator
starter generator
(BSG) system on the
basis of a traditional
engine. At present,
the technology is
basically mature.

an integrated starter
generator (ISG) installed
at the rear end of the
crankshaft of the engine.
A mild HEV can be
obtained by modifying
the traditional vehicle.

HEV generally has a
high-voltage motor.
Compared with a mild
HEV, a medium HEV has
a more complex structure
and higher technical
requirements.

full HEV uses
motors with
higher voltages so
it can provide
more electric
power in the
process of driving.
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The engine is the
main power source
in the driving of the

vehicle, while the

motor does not
provide power to
drive the vehicle.

A mild HEV has the
advantages of relatively
low cost, easy
implementation of
technology, and the
effective reduction of fuel
consumption.

The ISG can drive the
vehicle independently. It
can better improve the
power and economy of
vehicles.

A full HEV has a
pure electric drive
mode, and its
motor can even
drive the vehicle at
high speed.

Engine start/stop

Engine start/stop,

Q (fuel consumption . Engine start/stop, regenerative
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2.2. Based on the Position of the Motor

At present, according to the position of the motor in the powertrain of an HEV, a powertrain

with single motor is mainly divided into five categories named P0, P1, P2, P3, and P4 (Figure 1)
[14,15]. In simple terms, the meaning of “P” is the position of the motor, which is placed in a different
position with a different number code. In Figure 2, the two clutches can separate and engage the
engine and motor separately. When the torque is transmitted from the motor to the engine to start
the engine, it is transmitted by the KO clutch (The letter "K" represents clutch). When the engine and
motor output power to the transmission, they transmit torque through the K1 clutch. Different from
the P1 configuration, the P2 configuration has a clutch between the motor and the engine so the motor
can be used to drive the wheels independently to achieve a pure electric driving mode, and it can
also cut off the connection with the engine during braking energy recovery. Therefore, the engine is
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not dragged in pure electric mode. The summary of these above configurations of powertrains is
shown in Table 2.

- §

Y | =
HihHon=—
K0 . K1 b ‘

(sl

KO=clutch (separation)
Kl=clutch (start-up)
TS=Transmission System

PO
(BSG)

Figure 2. Topological diagrams of various powertrains.

Table 2. A summary of the configurations of powertrains.

Structural . S
Characteristics Advantages Disadvantages Application
The motor is located ft car‘l be achleved'l by . .
. . adding or replacing ~ Low ratio of saving
in front of the engine motors on the basis fuel consumption
PO  andis connected to o N ump AUDI A8
of traditional and a low degree of
the crankshaft of the . e
eneine by belt vehicles. hybridization (DoH).
& y bett The cost is low.
The motor is located
behind the engine The power outout of HONDA CR-Z
and before the KO High reliability and power outp HONDA INSIGHT
P1 . the motor is affected
clutch. The motor is low cost. by the eneine Mercedes-Benz S400
mounted on the y gine. Blue HYBRID
crankshaft of engine.
The motor is located
behind the KO clutch The structure is
and in front of the A large DoH and complex. and the AUDI A3 e-Tron
P2  transmission, which high ratio of saving space ptililzation rate GOLF GTE
is connected to the  fuel consumption. pacett BMW 530LE
_ is low.
input shaft of the
gearbox.
The motor is located e
behind the Great modifications
transmission, which 8¢ DoH and high - are needed to the HONDA i-DCD
P3 ratio of saving fuel transmission on the
is connected to the ) . . BYD-QIN
consumption. basis of traditional
output shaft of the .
vehicles [16].
gearbox.
BMW I
The motor is located =~ EV drive mode can This solution is 8
P4 . . PORSCHE
on the rear axle. be achieved. expensive.
918Spyder

In addition, the P13 configuration, which consists of two motors (one at the P1 position and the
other at the P3 position), is also common. There are many other similar configurations. It is worth
mentioning that the PS (power splitting) configuration generally refers to a powertrain that was
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specially developed for HEVs that is generally integrated by clutch and planetary gear. The PS
configuration has a large DoH, a high ratio of saving fuel consumption, and many degrees of freedom
(working modes). There is also a special configuration, the P2.5 configuration, which mounts the
motor on the back end of the clutch on the odd/even axis of the dual clutch transmission (DCT) and
integrates the motor inside the gearbox; this kind of configuration is an updated version of the P2
configuration.

Among the major international vehicle companies, European vehicle companies prefer the P2
configuration, while Japanese and American vehicle companies prefer the dedicated hybrid
transmission (DHT) configuration. Among them, the most representative ones are Toyota’s THS
(Toyota Hybrid System), Honda’s i-MMD (intelligent Multi Mode Drive) and GM’s Voltec.

2.3. Based on the Components and Configurations

According to the components, configurations and control strategies of the powertrain, HEVs can
be divided into three categories: a series hybrid electric vehicle (SHEV), a parallel hybrid electric
vehicle (PHEV), and a series parallel hybrid electric vehicle (SPHEV) [17,18]. The various HEV
configurations are shown in Figure 3. These three types of HEVs have been introduced and studied
in a large number of studies [19,20], so this paper does not repeat discussions about them.
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(a) SHEV configuration.
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(b) PHEV configuration.
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Figure 3. Classification of HEVs based on the components and configurations. SHEV: series hybrid
electric vehicle; PHEV: parallel hybrid electric vehicle; and SPHEV: series parallel hybrid electric
vehicle.

2.3.1. Based on the Position of Power Coupling

The powertrain of a PHEV can be classified into a single-shaft combined type and a double-shaft
combined type according to the different positions of the coupling between the output power of the
motor and the output power of the engine. Schematic diagrams of the powertrains of single-shaft and

double-shaft PHEVs are shown in Figure 4.

Driving wheel

Battery }—[ Motor Battery H Motor Driving wheel

Driving wheel
(a) Single-shaft PHEV (b) Double-shaft PHEV

Gearbox

Figure 4. Schematic diagram of powertrain of PHEVs.

The vehicle differential shown in Figure 4 is a mechanism that enables the left and right driving
wheels to rotate at different speeds. When the vehicle is turning or driving on an uneven road, the
left and right wheels make pure rolling motions at different speeds. In general, compared with a
traditional mechanical differential mechanism, an electronic differential system can achieve the
accurate distribution of torque. For the gearbox, with the widespread application of motor technology
and motor control technology in new energy vehicles, motor active synchronization technology is
gradually gaining popularity. Due to the fast response characteristics of the motor, the synchronizer
in the transmission can be cancelled. In the process of shifting, the motor is used to directly adjust the
speed of the input shaft of the transmission so that the rotation speed difference of the shifting
executive parts in the transmission is quickly approached, thus assisting to complete the shift process.
This kind of transmission configuration without a synchronizer can shorten the overall axial
dimension and reduce the overall weight of the transmission; at the same time, the maintenance is
also convenient. Therefore, the motor active synchronization technology is a good choice for a HEV
to complete the shift operation without a synchronizer.

For a single-shaft PHEV, the power coupling position between the motor output power and the
engine output power is at the output shaft of the engine. When both the engine and the motor work
at the same time, they have the same speed. In this configuration, the input shaft of the gearbox is a
single shaft, so the system has a compact structure and a high efficiency [21,22]. A single shaft lay-
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out uses often an additional high-speed transmission between e-motor output and the common
gearbox inlet shaft, which has an impact on efficiency. For a double-shaft PHEV, the power coupling
position between the motor output power and the engine output power is at the gearbox or drive
axle. In this configuration, the gearbox has two or more input shafts [23,24].

2.3.2. Based on the Coupling Modes

According to the different coupling modes of the output power of the power source, PHEVs or
SPHEVs are divided into a torque coupling-HEV, a speed coupling-HEV, and a hybrid (power)
coupling-HEV [25]. For HEVs, electromechanical coupling refers to the phenomenon or relationship
among the engine (T,, n,), motor (T;,, n.), and output (T, n), as shown in Figure 5, where T,; and
ng; are the output torque and speed of the engine, respectively; T,,; and n,,; are the output torque
and speed of the motor, respectively; T and n are the output torque and speed of electromechanical
coupling system, respectively; and 7 is the total transmission efficiency of the electromechanical
coupling system.

(Te1s Mgq)

.
.

Ll
(Ten> Moy

:> Electromechanical
(Trn1> M) [ Coupling System
(Tns M) [

Figure 5. Schematic diagram of an electromechanical coupling system.

T, nd E

The mathematical model of the electromechanical coupling system of an HEV in the steady state
is described as follows.

The two sequences [@eq, Qey, ..., Xey] and [apm1, Az, -, Ay ] that are not both zero satisfy the
following equation:

T = Zliv=1(aeiTei + A T, )
0, Ay # 0(A,a €{1,2,+-, N})

The two sequences [fe1, Bezs s Ben] and [Bin1, Binzs - » Bmn] that are not both zero satisfy the
following equation:

n= Z?:l(ﬁeinei + Bmiftmi), 3)
Bors By # 0( Ay €{1,2,--, N})

Only when the electromechanical coupling system meets at least one of the above conditions can
the purpose of power mixing be realized.

Torque Coupling System

The output speed of the torque coupling system is fixed proportional to the engine speed and
the motor speed, while the output torque of the system is the sum of the torque output by the engine
and the torque output by the motor. Therefore, the torque of the engine can be controlled by adjusting
the torque of the motor while the vehicle is driving. A schematic diagram of the torque coupling
system is shown in Figure 6.
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Figure 6. Schematic diagram of torque coupling system.

The mathematical model of the torque coupling system is described as follows:

T =nerie1Ter + -+ NenienTen + MmrimiTms + - + N imn Tnns 4)
n n
n=-—"="T1 ®)
le1 lm1

where i, and 7, are the transmission ratio and efficiency from engine output shaft to
electromechanical coupling system output shaft, respectively, and i,,; and 7,,, are the transmission
ratio and efficiency from motor output shaft to the electromechanical coupling system output shaft,
respectively.

Speed Coupling System

The output torque of the speed coupling system is fixed proportional to the output torque of the
engine and the output torque of the motor, and the output speed of the system is the sum of the
engine speed and the motor speed. The main characteristic of the system is that the engine speed can
be controlled by adjusting the speed of the motor. Figure 7 shows a schematic diagram of the speed
coupling system.

T

ml
R
L™
T
C
n
1,
S
nel

R—Ring gear; C—Planet carrier; S—Sun gear.

Figure 7. Schematic diagram of speed coupling system (single planetary gear system).

The speed conversion of planetary gearboxes is not as easy to understand as that of stationary
transmissions. This is due to the fact that the motion of the rotating planet gears is ultimately a
superposition of three different motions. The rotational speed and the number of teeth of each
component in a planetary gear train satisfy the following formula:

n,z, =n. (2, +2.) —ng -z, (6)

where n,, n,;, and n. are the rotational speeds of planetary gear, the sun gear, and the planetary
carrier, respectively, z, and z. are the number of teeth of the planetary gear and the sun gear,
respectively.

The Willis equation (6) generally applies to all planetary gears. Though the planet gears of a
classic planetary gearbox are enclosed by a ring gear, this does not change the derived relationships
between the sun gear, the planet gear, and the carrier.

The mathematical model of the speed coupling system is described as follows:
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_ ns(k+1) Ny (k+1)
T=—2 T = =2 = =T, @)

n= nel knml
k+1 k+1°

where k is the ratio of teeth of the ring gear to the sun gear and 7, 71,, and 7. are the transmission
efficiencies of the sun gear, the ring gear, and the planet gear, respectively.

According to the design requirements, two inputs and one output of a system can be arbitrarily
combined with the sun gear (S), ring gear (R), and planet carrier (C) of a planetary gear to derive
more forms. However, the relationship between the inputs and outputs is the same as in Equations
(7) and (8), only with different coefficients.

)

Hybrid (Power) Coupling System

Hybrid coupling refers to a coupling method that includes two or more types of torque and
speed coupling. The output torque and speed of an engine are not affected by the vehicle driving
conditions [26,27].

Figure 8a shows a schematic diagram of a hybrid coupling system with a single planetary gear,
in which motor 1 is a generator and motor 2 is an electric motor. The relationship between its input
and output is described as follows:

TmZ R
L") n

1,

e

ey

Tml
n

S

ml

(a) Single planetary gear coupling system.

Tml Tm2
Sl N L) Sz
8
”‘el Cl C2 : Z 2
T

(b) Double planetary gear coupling system.

Se
Ky Tml Tm2 R r
t1 n n 02 n
ml m2
Lo | p
nel ol

St1, g, —Stator of motors 1 and 2; R,;, R,, —Rotor of motors 1 and 2.
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(c) Dual-rotor motor coupling system.

Figure 8. Schematic diagram of hybrid coupling system.

_ (k+Dner  Mma _
Tk k=0 ©)
—kne T,
T= ﬁllel + Mm2Tinzs (10)

The Lexus hybrid system (RX400 h, the Lexus RX is a mid-size luxury crossover sport utility
vehicle.) uses a double planetary gear coupling system, as shown in Figure 8b, that contains a
generator and an electric motor. The relationship between the input and the output is the same as
that in Figure 8a, but the coefficients are different.

Figure 8c shows a dual-rotor motor coupling system. According to the principle of this structure,
the relationship between its input and output is established as:

n="nNe1 — N1, (11)

T = Tel + Tmz, (12)

In theory, hybrid coupling-HEVs do not need a clutch and a gearbox, and they can realize
continuously variable transmission. Compared with the two coupling modes mentioned above, the
hybrid coupling mode has more advantages in the optimization of the engine working point and the
vehicle shifting; on the other hand, the efficiency of the system is reduced and the cost is high.
Additionally, the hybrid coupling mode is considered to have bright prospects.

2.4. Based on Whether It Can Be Charged by External Power Supply

According to whether they can be charged by external power supplies, HEVs are divided into
conventional HEVs that cannot be externally charged and plug-in HEVs. Plug-in HEVs have the
functional characteristics of conventional HEVs and pure EVs [28]. There are two major differences
between plug-in HEVs and conventional HEVs: (1) Plug-in HEVs can be directly charged from an
external power supply. A conventional HEV, on the other hand, mostly uses the engine to charge the
battery and recover the braking energy while the vehicle is driving. (2) Plug-in HEVs have a larger
battery capacity that allows them to travel long distances on electric power. Electric drives account
for a higher proportion of plug-in HEVs and require less engine dependence than conventional HEVs
[29].

Furthermore, plug-in HEVs can also be classified from different dimensions. Based on the
working characteristics of a power system, plug-in HEVs are classified as blend plug-in HEVs and
auxiliary extended range (AER) plug-in HEVs according to whether the electric drive system can
provide all the required driving power under the charging of depleting (CD) phase. The working
characteristics of the plug-in HEVs are shown in Figure 9.

(1) Blend Plug-In HEVs

The characteristics of blend plug-in HEVs are that the electric drive system cannot provide all
the required driving power in the CD phase, and the engine is required for auxiliary driving; thus, it
cannot operate in full-electric mode during the CD phase. This type of plug-in HEV is usually
equipped with a large capacity power battery, thus increasing the driving range in the pure electric
mode. Though its pure electric driving ability is not very strong, it has all the advantages of a full
HEV under the charging of sustaining (CS) phase, and it has a good fuel economy and driving
performance.
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(a) Working characteristics of blend plug-in HEVs.
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Figure 9. Working characteristics of plug-in HEVs. SoC: state of charge.

(2) AER Plug-In HEVs

The characteristics of AER plug-in HEVs are that the electric drive system can provide all the
required driving power during the CD phase and the engine is always in the stopped state.

This type of plug-in HEV usually adds an auxiliary drive or range extension device on the basis
of a pure EV to improve its driving range. The advantage of this is that the pure electric driving ability
is strong, and zero emissions can be completely achieved when the power is sufficient. However, in
the CS phase, the driving ability is usually restricted by the battery power.

No matter the type of HEV, is a very complex nonlinear system. In recent years, with the
continuous improvement of the DoH of HEVs, the structure of the power coupling system has
become more and more complicated, and extremely high requirements have been put forward for its
control strategy.

3. Classification and Principle of EMS for HEV

The EMS of an HEV is the basis for a good performance of the vehicle. The core problem is to
determine the working mode of the powertrain under various driving conditions, as well as the
power distribution between the engine and the motor in each working mode.

Generally, the dynamic model of an HEV can be expressed as:

Continuous time:

X = f(x(k): u(t)); 0<t<T, (13)
Discrete time:

x(k+1) = f(x(k),uk)), k=12,...,N, (14)
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The energy management problems can be described as:

minj (x, u), (15)

s.t G(x) <0, (16)

where x € X is the state variable of the system, u € U is the control variable, G(x) is the constraint
condition, and the control objective of the energy management problems is represented by the cost
function J(x,u).

It is worth mentioning that the EMS of an HEV should not only solve the problem of energy
distribution of each power source—it should also consider the problem of braking energy recovery.
Regenerative braking of is one of the main HEV technologies used to improve their economy. During
the driving process of an HEV, braking energy recovery is an important function that increases the
driving range and affects the fuel economy of the vehicle.

HEVs have different configurations and corresponding EMSs. For a certain configuration, it is
necessary to study the matching EMS to make full use of its advantages. At present, a variety of EMSs
for HEVs have been proposed by many scholars. According to the classification of HEVs based on
configuration, as discussed in Section 2.3, SPHEVs have the characteristics of SHEVs and PHEVs. It
can be said that the EMS of SHEVs and PHEVs are the bases of the EMS of SPHEVs, so this section
focuses on the EMSs of SHEVs and PHEVs, and it summarizes and discusses the principles of EMSs
commonly used in SHEVs and PHEVs.

3.1. EMSs for SHEVs

Since the working state of the engine of an SHEV is not affected by the driving condition of the
vehicle, the main objective of its control strategy is to make the engine work in the optimal efficiency
and emission zones. The EMSs of SHEVs can be roughly divided into the following three categories:
the thermostat control strategy (TCS), the power follower control strategy (PFCS), and the
“Thermostat and Power Follower” Control Strategy (“TPF” CS) [30].

3.1.1. Principle of TCS

The TCS is also called the switching control strategy (SCS). The core idea of a TCS is that when
the state of charge (SoC) of the battery is lower than the set low threshold value, the engine is started
and outputs constant power at the lowest fuel consumption point; one part of the power is used to
drive the vehicle while the other part is used to charge the battery. On the other hand, when the SoC
of the battery is higher than the set high threshold value, the engine stops working and the motor
provides the required power for the vehicle alone [31].

It is the core of the TCS to control the SoC of the battery pack and ensure that the SoC of the
battery pack is always maintained within the optimum range. In this strategy, the motor generally
obtains the required power from the battery pack, so the battery pack must meet all the instantaneous
power requirements; additionally, the battery pack’s discharge current fluctuates greatly, and there
is often a large current discharge. At the same time, ensuring that the SoC value of the battery is
always maintained at the optimal SoC requires that the battery has too many cycles. Therefore, the
strategy reduces the discharge efficiency and service life of the battery pack, which has a negative
impact on the battery pack [30].

The TCS is a single-threshold control strategy. For example, for an extended-range electric
vehicle (EREV), the high and low threshold values of the SoC (namely SoCmin and SoCmax,
respectively) are set as the switching conditions of the auxiliary power unit (APU). The operation
principle diagram is shown in Figure 10.
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Figure 10. Operating principle diagram of the thermostat control strategy (TCS).

3.1.2. Principle of PFCS

Unlike the TCS (the start-stop control of the engine is mainly determined by the SoC), the start—
stop control of engine in PFCS is determined by two factors: the value of the SoC and the power
demand of vehicle. For the application of PECS on EREVs, this control strategy takes the SoC as the
threshold value and the power demand of the vehicle as the switching condition. The APU is closed
when the power demand is low (Piow) and the SoC value is high, the APU is started when the power
demand is high (Pnign) or the SoC value is low, and the APU keeps the state of the previous moment
when these two parameters are between the two extreme values [32]. The operation principle

diagram is shown in Figure 11.
SOC,..
, N

P low P high
[ Engine off Il Engine on

[["] The engine maintains the state of the previous moment

Figure 11. Operating principle diagram of power follower control strategy (PFCS).

An SHEV’s engine is the main power source of a PFCS, and the controller adjusts the output
power of engine to meet the power demand of the vehicle [33]. The PFCS can ensure the best
performance of battery, but the working point of the engine fluctuates frequently, thus reducing the
efficiency of engine.

3.1.3. Principle of “TPEF” CS

Following to the above two control strategies, many scholars have put forward the “TPF” CS,
which combines the advantages of the TCS and the PFCS. According to the load characteristics of the
engine, the high efficiency working area of an engine is determined and the reasonable SoC range of
the battery is set according to the charging and discharging characteristics of the battery. Based on
the power demand and the SoC, the control rules are formulated to make the engine and battery
work in the high efficiency area and achieve the highest overall efficiency.

For the “TPF” CS, although the engine is not running at the optimal working point, the engine
can always work in the area of high efficiency so that the too-frequent speed changes can be avoided
and the performance of power and economy of the vehicle can be better considered.
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The TCS, the PFCS and the “TPF” CS have been proposed in order to better take the performance
of power and economy of a vehicle into account. It is worth mentioning that EMSs for SHEVs also
include the GOCS and the ICS based on fuzzy control, which is introduced in Section 3.2.

3.2. EMSs for PHEVs

It is easy to achieve optimal fuel economy and emission for a PHEV in theory, but the control
strategy is still immature due to its complex structure, which needs further optimization. Most of the
control strategies usually make the engine and motor output the corresponding torque (or power)
according to certain rules based on the SoC of the battery, demand torque, vehicle speed, and other
parameters. The general EMS of a PHEV is torque control. In essence, there are four kinds of EMSs:
the RCS, the instantaneous optimization control strategy (IOCS), the GOCS and the ICS. Of course,
the hybrid approach between the GOCS and the IOCS based on real-time application and optimal
allocation is also a hot research topic.

3.2.1. Principle of RCS

The RCS is also called logic threshold-based strategy [34]. The RCS mainly uses a set of static
parameters obtained by engineering experience or experiments to define the working area of an
engine. The strategy judges and chooses the working mode of a powertrain according to pre-set rules.
At the same time, it determines how to distribute power between the engine and the motor according
to the steady-state efficiency diagram of the power source so as to reduce fuel consumption and
emissions. The RCS is a real-time control strategy that is simple, easy to implement, and has good
robustness. At present, this strategy is widely used in the energy management systems of HEVs.
However, because these static parameters cannot adapt to the dynamic changes of driving conditions,
the powertrain of an HEV cannot achieve maximum efficiency. The authors of [34] proposed an RCS
for plug-in hybrid school bus. There are three modes: the electric vehicle mode (EV), the charging of
depleting mode (CD), and the charging of sustaining mode (CS). A schematic diagram of mode
switching control strategy is shown in Figure 12, where SoC_CD is the switching threshold between
EV mode and CD mode, SoC_CS is the switching threshold between CD mode and CS mode, and o
is the margin for switching from CS mode to CD mode.

/ SoC, SoC_CD,
/ SoC CS. o

~

~SoC2S0C_CD

N l<
< SoC=SoC_CS ==
v N % 1

'— EV mode

CS mode CD mode

) * ) A

-~ SoC2S0C_CSto—=——

Figure 12. Schematic diagram of the mode switching control strategy [34].

3.2.2. Principle of IOCS

In view of the above shortcomings of the RCS, some scholars have proposed the IOCS.
Instantaneous optimization is used to adjust the output torque of the motor and engine to minimize
the sum of the instantaneous fuel consumption of the engine and the equivalent fuel consumption of
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the motor, which is based on the premise of satisfying the dynamic and other performance of the
vehicle. The IOCS does not depend on specific driving conditions, and the instantaneous optimal
results of the optimization objective can be obtained. However, it cannot get optimal results under
all driving conditions, and it cannot take the SoC of the battery into account. At the same time, a large
number of floating-point arithmetic make the control strategy difficult to implement in practice.

The general form of the description of the instantaneous optimization issues based on equivalent
fuel consumption is:

u°?t = arg min{j}
u

J=f@ +s-g) - (17)
h(uw) <0

where u is the control variable, ] is the objective function, f(u) is the corresponding instantaneous
fuel consumption of the engine, g(u) is the corresponding instantaneous power consumption, s is
the conversion factor (equivalent coefficient) of the fuel and electricity consumption, and h(u) is a
constraint in the optimization process.

The equivalent consumption minimization strategy (ECMS) is based on Pontryagin’s minimum
principle. In order to determine the equivalent factor, a new concept “energy ratio” was proposed for
a microturbine-powered plug-in HEV in [35]. By detecting the vehicle position with a telemetry
system and measuring the SoC, the equivalent factor is updated online and used as an input for the
computation of the ECMS. A flowchart of the ECMS based on the telemetry system (telemetry-ECMS)
is shown in Figure 13, where Ppc, Pg, and Pyr are the power of the vehicle direct current bus, battery
output, and microturbine output, respectively. Figure 13 shows that the power flow through the
battery (Pejec), the market price of grid electricity (&), the market price of diesel ({f), and the
microturbine fuel flow rate (1) have effects on minimizing the cost function (min J). Figure 13 also
shows that the ECMS equivalent factor (§g) and the energy ratio (y,) at time t during a specific cycle
have a certain corresponding relationship.

Ppc &g | Equivalent Factor | y,
*1 ECMS -- Telemetry System
Energy Ratios Y
Py
SoC
Battery =
4’6) $ei Pelec )
> min J
+
Py ,m
»| Microturbine e e

Figure 13. The flowchart of telemetry-equivalent consumption minimization strategy (ECMS).

3.2.3. Principle of GOCS

The GOCS is a kind of EMS developed by applying an optimization method and optimal control
theory to study hybrid power systems. The GOCS needs to know the future road condition
information in advance, that is, to find an optimal path to achieve the lowest energy consumption
under known conditions. At the same time, because the system relies on the predetermined road
condition information, real-time control cannot be carried out, and the applicability is not strong so
itis difficult to be applied to the real-time control of vehicles. Usually, the EMS obtained by the GOCS
is used as a reference to help summarize and refine the EMS that can be used for online control.
Therefore, strictly speaking, the GOCS is not a real control strategy but a design method of a control
strategy.
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For continuous systems, the general form of the description of the global optimization issues is
as follows:

u°Pt = arg muin{]}
] = f;f[f(X(u, O,u,t) +s-gle(u,t),ut)lde

x(u,t) = L(x(u,t),u,t)
h(u,x(u, t)) <0

, (18)

The discretization of Equation (18) is as follows:

u°Pt = arg min{J}
u

J = B (x,ulk)) + 5+ g (o), u)] 19
Ax(k) = L(x(k),u(k))
h(u(k), x(k)) < 0

where t, is the start time of optimization; t; is the end time of optimization; f (x(k),u(k)) is the
corresponding fuel consumption per unit time; g(x(k),u(k)) is the corresponding electricity
consumption per unit time; x(u) is a state variable; %(u,t) and Ax(u) are the variations of state
variables in continuous state and discrete state, respectively; and L(x(u),u) is a function of Ax(u)
with respect to u and x.

Dynamic programming (DP) is the most typical GOCS. A schematic diagram of the principle of
DP is shown in Figure 14. The essence of the DP algorithm is to transform a multi-stage decision-
making problem into multiple single-step problems, make decisions one by one, and finally find the
best decision-making path. Figure 14 shows the optimal decision-making trajectory of the SoC with
the minimum energy consumption as the goal under certain cycle conditions.

SOC I
SOCinit
SOC,,4
0 >
log U/s
[ ] State space —— Optimal route

Figure 14. Schematic diagram of the principle of dynamic programming (DP).

3.2.4. Principle of ICS

The inspiration of the ICS came from imitating human brain. Judgment according to the human
thinking mode is the control principle of the ICS. After analyzing a large amount of information and
the current actual situation, a reasonable decision is made on the choice of working mode and the
distribution of the output power of the power source. The strategy can be used to control complex
nonlinear systems, so it is very suitable for the control of HEVs. With the in-depth study of the control
strategy of HEV, scholars began to apply some intelligent algorithms (IAs) such as fuzzy logic (FL),
genetic algorithm (GA), neural network (NN), and particle swarm optimization (PSO) to the control
strategy of power distribution and mode selection in the powertrain of an HEV.

FL control is a typical ICS. The fuzzy controller transforms the input signals into fuzzy variables,
and then, according to the reasoning mechanism formulated by experts, the relevant rules in the rule
base are applied to draw fuzzy conclusions and further convert them into corresponding accurate
variables to coordinate the energy flow of various parts of the vehicle so as to achieve the best
performance of the whole vehicle. A schematic diagram of a typical FL control strategy is shown in
Figure 15.
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Figure 15. Schematic diagram of a typical fuzzy logic control strategy.

4. Research Status of Control Strategies and Algorithms

Though the configurations and working principle of hybrid power systems are different, the
basic principles of their corresponding EMSs are consistent [36]. Common EMSs can be divided into
rule-based and optimization-based. In recent years, the development of ICSs has gradually led to
their wide used in these two kinds of strategies.

4.1. Rule-Based Control Strategy

RCSs are usually formulated based on their designer’s engineering experience. Since RCSs
require less computing from the controller, they widely used in vehicle controllers [37,38]. FL is also
widely used in the research of the EMSs of HEVs [39]. RCSs mainly include the deterministic rule-
based control strategy (DRCS) and the fuzzy logic rule-based control strategy (FLRCS) [40,41].

4.1.1. Deterministic Rule-Based Control Strategy

The DRCS is also called the static logic threshold control strategy (SLTCS). This control strategy
defines the working mode and working area of engine and motor by setting the static threshold value
of the relevant vehicle parameters (e.g., vehicle speed, power demand, pedal opening, and SoC), and
then it adjusts and controls the output of each power source based on the pre-established control
rules and real-time parameters. At present, most EMSs used in engineering are RCSs, such as the
TCS, the PFCS, and the “TPE”CS.

The authors of [42] explained a way to manage the fuel cell (FC) and the Li-ion battery set
powering a vehicle to minimize the cost of a driving cycle. The cost takes both the hydrogen
consumption and the ageing of the battery into account. A flow chart of an energy distribution EMS
is shown in Figure 16. This strategy only contains two inputs: the SoC of the battery (to manage the
current of the FC “ir.”) and the level of the hydrogen fuel storage (SoC Hz). This strategy aims to
minimize the hydrogen consumption and the degradation of the FC by evaluating the most adapted
isc- In recent years, some scholars have combined the DRCS with various optimization algorithms to
optimize the key parameters of the strategy in order to further improve the control effect. The authors
of [43] used a simulated annealing (SA) algorithm to optimize the control parameters of SHEVs,
which effectively reduced the fuel consumption and emissions of the system and also verified the
effectiveness of the SA algorithm. The authors of [30] presented the exclusive operation strategy
(EOS) that applies simple rules based on the idea that batteries are efficient at lower loads while
engines and generators are efficient at higher loads. The authors of [44] divided the working process
of a vehicle into CD and CS modes by taking the SoC of the battery as the parameter of mode
switching. For the CS mode, a DRCS was adopted, and a multi-objective GA was used to optimize
the control parameters of the CS mode. In the 2018 IEEE VTS (Institute of Electrical and Electronics
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Engineers Vehicular Technology Society) Motor Vehicle Challenge, a battery SoC pulse-and-glide
strategy was developed and implemented based on the 2012 Chevrolet Volt commercial vehicle. The
results showed that compared with the original strategy, the proposed control strategy could reduce
the overall cost by more than 10%. This strategy works under the assumption that the SoC fluctuates
around the desired value [45]. The authors of [46] proposed a GA-based EMS for the Chevrolet Volt.
In their study, the GA was used to optimize the special parameters in the MATLAB/Simulink

modeling.

FC OFF
ifC =0
FC ON
irc >0
|| FC ON
ife >0 > 98 % No
— I;C 2'81 SoC % <15 %
fc

¥
FC ON

lfc = lbatt_max

No
SoC % > 30 %

Figure 16. Flow chart of an energy distribution EMS.

No
SoC % <70 %

In summary, the application of the DRCS is relatively extensive and was studied in a relatively
recent period. In the optimization of logic threshold, the GA and the SA are mainly used to optimize
the logic threshold. The DRCS has good real-time performance and convenient operation, but the
setting of the threshold depends on engineering experience, it cannot adapt to complex and
changeable conditions, and the improvement of fuel economy is limited. The DRCS cannot meet the
demands of different working conditions and actual dynamic changes. In order to seek the
optimization of performance and the real-time adaptability of working conditions, the FL is
integrated into the RCS.

4.1.2. Fuzzy Logic Rule-Based Control Strategy

FL is a kind of non-linear control method based on fuzzy reasoning that can simplify the complex
control issues of non-linear time-varying systems. Early FLRCSs often used state variables such as
the SoC, vehicle demand torque, and vehicle speed as inputs of the fuzzy controller, and these
FLRCSs divided the work mode and determined the distribution of power output through the
process of fuzzy reasoning.

In [47], two fuzzy controllers were used to control the torque and SoC of an HEV, respectively,
and precise fuzzy control rules for control objects were established. The authors of [48] established
the fuzzy control rules based on the optimization results of DP, and they divided five working modes
by the fuzzy control rules. That is, an FLRCS based on DP that achieved a good fuel-saving effect was
proposed for HEVs. The authors of [49] presented an FLRCS that mainly considered the urban road
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conditions with the aim of further improving fuel economy and maintaining the SoC balance. Figure
17 shows the diagram of an FLRCS based on driving pattern. The SoC of the battery and the required
torque (T,) are taken as input variables, and the torque slip ratio (TSR; the ratio of engine torque (T)
to optimal engine torque (T,,;) at the corresponding engine speed) is taken as output variable in the
fuzzy controller. In this paper, the DP algorithm was used to calculate multiple driving conditions to
obtain the optimal energy allocation scheme. By analyzing these results, the rules of the fuzzy
controller could be optimized.

Driving pattern " Driving pgttern ,| Fuzzification | Fuzzy Interface o Fuzzy

@ recognition Rules

o

© | SOC ﬁ =

3 ™ Defuzzification TSR
b ome 4o @0 w0 w0 s | Tr I—.

Figure 17. Diagram of a fuzzy logic rule-based control strategy (FLRCS) based on driving pattern.

The advantage of the FLRCS is that it does not need to establish an accurate system model, has
strong robustness, has an appropriate human reasoning ability, has a fast calculation speed, and can
be applied online based on embedded system. The FLRCS’s fuzzy rules are mainly formulated by
engineering experience, and the strategy cannot achieve global optimization. In order to achieve a
better control effect, it is necessary to optimize the parameters of the FLRCS by using an optimization
algorithm. The commonly used optimization algorithms include GA and PSO. In [50], considering
the problem of braking energy recovery, a dual-fuzzy EMS was designed. The rules of the fuzzy
controller were optimized by GA. Finally, the optimal energy allocation scheme was calculated by
DP. In [51], a PSO algorithm was used to optimize the quantification factor of the fuzzy controller.
Compared with the unoptimized FLRCS, the braking energy recovery rate was improved, and the
fuel consumption and emissions were reduced. In [52], an FLRCS was constructed based on GA
optimization. The simulation experiments showed that every kind of gas emission was obviously
reduced by 12—47% in an FLRCS based on GA optimization compared to strategy based on the RCS.
In order to achieve the global optimal control effect, more researchers have begun to pay attention to
and explore the EMS based on optimization.

4.2. Optimization-Based Control Strategy

The key of energy management system of an HEV has to deal with the optimization issues of a
complex non-linear time-varying system. The key job of an OCS is to establish and solve an
optimization model based on an optimization algorithm. Specifically, the cost function is defined by
different constraints and optimization objectives. At present, the OCS includes the GOCS based on
all known cycle conditions and the IOCS based on the real-time state of the vehicle.

4.2.1. Global Optimization Control Strategy

The GOCS is the optimal control strategy in theory, but the optimization method needs to know
the driving conditions in advance, and the power required to calculate the data is huge.

At present, the control strategy has three different methods: (1) based on multi-criteria
mathematical programming, (2) based on Bellman DP theory, and (3) based on the classical
variational method. Among them, the most widely studied is the method based on the Bellman DP
theory.

DP is a method for solving optimization decision issues. It transforms complex optimization
issues into multi-level, single-step optimization selection issues. DP can achieve global optimization
under specific cycle conditions. However, DP needs to know the cycle conditions in advance, it has a
large amount of calculation, and there is a “dimension disaster,” so it cannot be directly used in real
vehicle online control.
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The authors of [53] developed a DP-based framework to simultaneously optimize the charging
and power management of a plug-in HEV. The authors of [54] first established the electrochemical
model of the battery and the Markov chain model, and then they proposed an SDP algorithm with
the multiple-objective of vehicle usage cost and battery life. The authors of [55] established two
optimization models with fuel consumption and the combination of fuel consumption and emission
as constraint conditions. The DP algorithm is used to solve the two optimization models, which
proves the effectiveness of the algorithm.

In view of the problem that DP needs to know the cycle conditions in advance, there are
currently main solutions. The first is combining DP with condition identification and prediction
technology. For example, in [56], a global positioning system (GPS) was used to predict vehicle
driving state, and combined with DP algorithm, a real-time online rolling OCS for HEVs was
obtained. The second involves SDP; the characteristic of the Markov chain is that the state distribution
of the next moment only depends on the current moment and has nothing to do with the past.
Therefore, the Markov chain has a good effect on the modeling of stochastic dynamics problems.
Based on the Markov chain and according to the current state of the matter, the future situation can
be predicted, and the predicted model can be solved to obtain the optimal control variable within the
predicted time. Considering that Markov chains can predict cycle conditions, an SDP algorithm is
formed by nesting Markov chains in DP algorithm, which overcomes the dependence of DP
algorithm on driving conditions. In [57], SDP was applied to PHEVs to optimize overall vehicle
performance. The power demand of driver was represented by the Markov process, and an infinite
horizon optimization problem was formulated. Based on result of SDP, a power split ratio map was
optimized to achieve improved fuel economy. The third solution is when the DP is applied to the
optimization of vehicles with fixed driving routes. For example, a commuter route-optimized energy
management system was introduced in [58], the idea of which was to identify commuter routes from
historical driving data by using hierarchical agglomerative clustering. Then, an optimal prediction
solution was given with DP to solve the energy management control problem; the obtained solution
could then be transmitted to the vehicle in the form of a lookup table. A schematic diagram of a route-
optimized EMS is shown in Figure 18, which also shows that the driving data are transmitted to a
server where routes are determined and an OCS is precomputed.

> Computations on server

Route identification,

Driving data .
optimal control strategy

L 4

Positions Table
(longitude, latitude) (Distance, SoC, Speed)

Look up table for the route

Vehicle

Figure 18. Schematic diagram of a route-optimized EMS.

In order to improve the computational efficiency of DP, the authors of [59] simplified the DP
algorithm by reducing the number of meshes generated by the discretization and the dimension of
variables, thus effectively reducing the simulation time. The authors of [60] reduced the computation
time by several orders of magnitude by using a local linear approximation and a quadratic spline
approximation. In [61], a novel EMS based on neural dynamic programming (NDP) was proposed;
this EMS avoids the high computational cost that SDP suffers from and is suitable for real-time
implementation. The authors of [62] reduced the overall amount of computation using iteration
dynamic programming (IDP).
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4.2.2. Instantaneous Optimization Control Strategy

The IOCS considers the working characteristics of the engine and the motor/battery pack, and it
uses the principle of minimizing the total power loss of the vehicle in each time step to reasonably
distribute the power or torque between the engine and the motor/battery pack. The key of the IOCS
is to establish the current energy consumption model. Compared with the GOCS, it does not need to
know all cycle conditions in advance. It has less computation and a higher real-time performance,
but it cannot achieve the global optimization. The IOCS is a method of the online optimization of
power system energy allocation that mainly includes the ECMS, MPC [63,64], robust control (RC),
sliding mode control (SMC) [65], and reinforcement learning (RL) [66]. The ECMS and the MPC are
the two most representative methods [67].

The ECMS is based on Pontryagin’s minimum principle [68], which was first successfully
applied to energy management problems of hybrid power system in 2002 [69]. The authors of [70,71]
studied the EMSs of plug-in HEVs based on the minimum equivalent fuel consumption with different
optimization goals for known driving conditions.

The optimal equivalent factor of an ECMS is very sensitive to different driving conditions. Many
scholars have put forward a large number of real-time adjustment methods for the equivalent factor
[72]. Previous works [35,73] have pointed out that when battery power is insufficient to meet driving
mileage requirements, the optimal equivalent factor is linearly related to the driving distance;
however, this phenomenon is often only applicable to some vehicle models and related to the
selection of model parameters. The authors of [74] combined the ECMS with the DRCS to form an
adaptive EMS. It can shorten simulation time, maintain SoC stability, and effectively improve the fuel
economy and emissions of vehicle. In [75], the equivalent factors corresponding to different cycle
conditions were obtained by ab off-line method, and the corresponding equivalent factors were
dynamically selected according to the identified cycle conditions, thus realizing the adaptation of the
equivalent factors to the working conditions. The authors of [76] proposed an ECMS that takes
minimum fuel consumption and the SoC as dual optimization goals by appropriately combining FL
algorithms with GA and learning vector quantization artificial neural networks. In addition, the
authors of [77] used the driving information obtained by an intelligent transportation system (ITS) to
adjust the minimum fuel equivalent factor.

The advantage of the ECMS is that it has less computation than DP algorithm, does not need to
know the cycle conditions in advance, and is easy to control in real time, so it has a good application
prospect.

The main idea of MPC is to optimize the system state in the limited time domain in the future in
the form of “rolling optimization” and to take the optimal value of the current time as the input of
the control system. For example, in [78], MPC was combined with the DP algorithm, and then the
rolling optimal control was carried out with the goal of minimizing fuel consumption. A real-time
EMS supported by an MPC using the non-uniform sampling time concept was developed in [79], and
its real-time computing ability was verified by experiments.

The authors of [80] proposed a stochastic MPC-based EMS using the vehicle location, traveling
direction, and terrain information of the area. In [81], an online iterative algorithm to solve
optimization issues was proposed based on the continuation/generalized minimum residual
algorithm. This strategy greatly improved the problem of real-time calculation of MPC. The authors
of [82] designed an EMS for a Toyota Prius plug-in HEV using explicit MPC based on a new control-
oriented model to improve the real-time implementation performance. The authors of [83] proposed
a hierarchical control EMS, as shown in Figure 19, where it is shown that the upper level uses real-
time traffic flow velocity to compute a global SoC trajectory. Based on MPC, the lower level applies
a receding horizon control using the SoC trajectory as a final state constraint and a short-term velocity
predictor.
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Figure 19. Schematic diagram of hierarchical predictive energy management.

5. Comparison of Control Strategies and Algorithms

5.1. Comparison Based on Characteristics
In order to facilitate comparative analysis, the characteristics of different EMSs are summarized

in Table 3.
Table 3. Characteristics of energy management strategies.
EMS Description Advantage Disadvantage
The engine and motor can work It is difficult to ensure the
in high efficiency area by setting optimal control of fuel

parameters such as vehicle speed It is easy to economy and emissions

and the SoC of the power battery.  implement and has because of the excessive

According to the real-time good robustness. At dependence on human

RCS  parameters of the vehicle and the  present, it is widely experience and the

actual situation of the road, the used in the corresponding threshold

value, which cannot be

working state of the power development of
system components is adjusted to EMS for HEVs.
improve the power, economy,
and emission of the vehicle.

dynamically changed with
complex working
conditions.
It can only achieve local
optimization, requires a
large number of floating-

The powertrain of the HEV is
point arithmetic and
accurate vehicle model, and

optimized under a certain
10CS instantaneous working condition,  control capability,
the optimal working point is and every working  requires the high computing
point is optimal. and storage capacity of the
controller system, so it is

obtained, and then each state

variable is dynamically allocated.
difficult to put into practice

at present.

. It is necessary to know the
This method can be 1 n aty . .W .
driving cycle conditions in

It has a real-time

An EMS that combines used to compare .
Lo advance, the calculation
GOCS optimization methods and and evaluate the .
) amount is large, and the
effect of real-time .
establishment process of

optimal control theory.
EMSs. L
state function is complex.
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The ICS refers to the control It has good real-time

strategy of applying intelligent erformance and
.gy PPYIg & . P The hardware and software
algorithms such as fuzzy logic, good robustness. It
of the control system are
(FL), neural network (NN), can solve complex .
ICS X . . . complex. The fixedness of
genetic algorithm (GA), particle =~ nonlinear problems
. ) the control law leads to poor
swarm optimization (PSO) and and realize . .
. . : dynamic characteristics.
other intelligent algorithms to the ~ reasonable energy
vehicle control system. allocation.

5.2. Comparison Based on Practicability

In recent years, many scholars have done extensive research on the EMSs of HEVs. Among them,
RCSs and OCSs are the current research hotspots [84,85]. IAs have huge advantages by combining
these two strategies. Based on the objective conditions of the development of engineering technology
and theoretical research, most of the control strategies and algorithms have not been applied in
industry and are still in the stage of scientific research. A classification and comparison of EMSs and
control algorithms for HEVs based on practicability are shown in Figure 20.
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Figure 20. Classification based on practicability.

5.3. Comparison Based on Real-Time Applications

Based on whether the control strategy is optimized online, it can be divided into online control
strategy and off-line control strategies (Figure 21). The control strategies currently applied to HEVs
are all off-line OCSs. Since the usual control strategy based on optimization theory has a large amount
of calculations and generally needs to know the road conditions in advance, it cannot be applied to
online control at present. However, with the development of advanced technologies such as the
Internet of Vehicles, GPS, and cloud computing, online OCSs can be gradually promoted in the
future.

Off-Line Control On-Line Control

Off-Line Optimization On-Line Optimization

Figure 21. Classification based on real-time application.

5.4. Comparison Based on Development and Evolution

Based on DRCSs, OCSs, and ICSs, the development history of EMSs for HEVs is summarized in
Figure 22. In order to improve the comprehensive performance of the hybrid power system, the
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advantages of various EMSs are synthesized to realize compound control. The EMS of intelligent
optimal control, which effectively combines the optimization algorithm and intelligent control
method, is an effective way to solve the energy management problems [59] of HEVs and is an

important research direction at present.
2]
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An EMS based on traffic information is a new research direction. Generally, GPS, geographic
information systems (GISs), vehicle-to-X (V2X) and intelligent transportation systems (ITSs) can be
used to obtain traffic information. For example, if a plug-in HEV can know the time and location of
the uphill or downhill or traffic jam in advance, the controller can plan an optimal SoC trajectory in
advance and adjust the control strategy at the same time. For example, the authors of [86] integrated
GPS with an RCS. The authors of [87] proposed an OCS for urban buses based on cloud computing
and realized the energy management of plug-in hybrid electric buses by using offline cloud
computing and online energy management. The authors of [88] established a two-way
communication system between the vehicle and the cloud where the vehicle sends the intended trip
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Figure 22. Classification based on development and evolution.

information to the cloud, retrieves relevant traffic and geographic information, and generates routes
through cloud computing. Then, the DP algorithm is executed to calculate the optimal speed
trajectory and send it back to the vehicle, and the optimal speed is suggested to the driver in real time
through the visual interface.

6. Conclusions and Prospect

In this paper, a comprehensive classification and summary of HEVs was carried out in many
aspects and at multiple levels. The EMSs of HEVs were classified and analyzed reasonably. For the
RCS, since it only distributes energy according to the rules, the traditional RCS has poor optimization
effects. However, the optimization performance of the RCS can be greatly improved by properly
combining it with the OCS, optimizing the parameters in the RCS, or extracting rules from the
conclusion of the offline optimization algorithm. Though the OCS has good optimization effects, most
of them are difficult to realize in real-time operation. Therefore, a better real-time application ability
can be obtained by simplifying the problem, simplifying the algorithm, or performing table insertion
after offline optimization.

Furthermore, throughout the review of the HEV control strategy research status by scholars
from various countries, it can be seen that their research scope has been developed from rule-based
control to local or global optimization based on a certain optimization control theory, from
optimization for specific driving conditions to identification and prediction of actual driving
conditions to the online adjustment and dynamic optimization of control parameters of control
strategy, and from the single objective optimization of fuel economy to the multi-objective
optimization of fuel economy and emissions.

Considering the current problems in the EMSs of HEVs and the development trend in this field,
future research directions include:
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(1) By integrating a variety of methods to complement each other, there are many EMSs for HEVs,
and each strategy has its own characteristics. Different control strategies have different
limitations in the energy management problems of HEVs. How to integrate different methods,
learn from each other, and realize the approximate GOCS that can be applied online are the
research focuses of the energy management of HEVs.

(2) Generally, the existing EMSs only consider fuel economy, and there have been few
comprehensive studies on economy, emission, battery life, and driving style. The ultimate goal
of study is to propose an EMS that considers and coordinates energy saving, environmental
protection, cost, and driving style.

(3) Intelligent and optimized EMSs are an effective way to solve the energy management problems
of HEVs, and the organic combination of intelligently optimized control methods and prediction
technologies for driving conditions is an important research direction in the future.
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