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Abstract—Sizing optimization and energy management strategy
(EMS) are two key points for the application of the hybrid energy
storage system (HESS) in electric vehicles. This article aims to
conduct the sizing optimization of HESS and apply an adaptive
real-time EMS for practice. First, considering the system cost and
battery lifespan, the multiobjective grey wolf optimizer is used
to obtain the Pareto front. Second, with optimal parameters, the
offline optimal power splitting results by dynamic programming
(DP) under different driving patterns are analyzed. Then, the
random forests (RF) method is used to learn control rules from
the DP results. Driving pattern recognition (DPR) is implemented
by the support vector machine (SVM). The intelligent EMS is
composed of RF to guide power distribution and SVM to realize
DPR. Finally, a combined load cycle involving different driving
patterns is used for verification. Results illustrate that the proposed
adaptive RF-based EMS can demonstrate a notable superiority in
terms of battery protection, ultra-capacitor utilization, and system
efficiency. Compared with the ordinary RF-based EMS without
DPR, the proposed method can reduce total energy loss by 0.74%–
9.49%, and reduce the battery Ah-throughput by 0.5%–19.83%
under unknown driving cycles.

Index Terms—Energy management strategy (EMS), hybrid
energy storage system (HESS), multiobjective grey wolf optimizer
(GWO), random forests (RF), sizing optimization.

I. INTRODUCTION

E LECTRIC vehicles (EVs) are playing an urgent part in
solving the problems of energy shortage and environmental

pollution [1]. Lithium batteries have become the mainstream
energy storage system of EVs due to their outstanding energy
density. However, the large current spike and surge power shocks
in real applications would exacerbate battery degradation [2].

As a most promising solution, ultracapacitors (UCs) have
been proposed to construct the hybrid energy storage system
(HESS) with batteries [3]. UCs have advantages such as long
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cycle life, low internal resistance, and high power density, which
are complementary to batteries [4]. The HESS composed of the
UC and the battery has become a research hotspot. Researchers
have proposed several topologies of HESS, which can be divided
into three categories: fully active topology, semiactive topology,
and passive topology [5]. Due to superior performance and
relatively low cost, the semiactive topology is the best tradeoff
between complexity control and capital cost [6]. The UC system
is connected with a dc/dc converter in UC semiactive HESS
topology, and battery is connected to dc bus directly. The dc bus
voltage is stable but the requirements for dc/dc converters are
even more stringent due to the wide voltage range of the UC
system. The battery system is decoupled in battery semiactive
HESS topology, bringing the benefit of easier control for battery.
However, the voltage on the dc bus will vary continuously within
a certain range [2], [5]. Each of the two topologies has its own
advantages and disadvantages, and in this work, the battery semi-
active topology is chosen to make the battery more convenient to
control. When the system topology has been determined, there
are two crucial points for the practical application of HESS.
The first one is the components sizing optimization to meet the
real-world driving conditions and extend the life of the battery
at the lowest possible cost. The other issue is the application of
energy management strategy (EMS) to reduce energy waste and
make full use of the ability of batteries and UCs.

The current component sizing of HESS in the literature can
be classified into two categories: analysis-based methods and
optimization-based methods. Analysis-based methods use the
statistical information such as vehicle driving conditions, energy
and power requirements, and parameters of the battery and UC.
Liu et al. [7] determined the battery module sizing according
to the total energy of the Worldwide harmonized Light-duty
vehicles Test Procedure (WLTP) with nominal mileage. The
peak power and regenerative energy of the WLTP is assigned
to UCs to determine the UC module sizing. The power-energy
(PE) function is proposed to obtain the capacity of the HESS with
a given load power requirement [8]. Wang et al. [9] analyzed the
demand power in a random driving cycle and calculated the spe-
cific sizing by an improved continuous PE function. However, a
potential risk is that the dimensions determined by simple sta-
tistical information and computational domain might not meet
the requirements of practical applications. Optimization-based
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methods take economic efficiency, weight limit, and battery
lifespan into accounts to obtain the optimal component sizing.
Meta-heuristics methods such as particle swarm optimization
(PSO) [10] and genetic algorithm (GA) [11] were commonly
used for this nonlinear optimization problem. Wu et al. [12] used
a convex optimization method to obtain the sizing of a fuel cell
pack and a battery pack. With determined EMSs, nondominated
sorting GA II (NSGA-II) was proposed to obtain the Pareto front
(PF) of HESS component sizing by Zhang et al. [13] and Eldeeb
et al. [14]. Although optimization-based methods have greater
computational complexity, more suitable sizing solutions can be
obtained for the application.

Several EMSs of HESS have been analyzed in the liter-
ature, which can be roughly classified into two categories:
rule-based strategies (RBSs) and optimization-based strategies
(OBSs). RBSs include deterministic RBS [15], fuzzy logic
control (FLC) strategy [16], filtering method [17], state machine
control [18], etc. Special rules are developed from the logical
threshold or frequency domain. RBSs are suitable for online
applications with a low computational cost. However, RBSs
lack adaption to the complex driving conditions. OBSs obtain
optimal power allocation results by maximizing or minimizing
the corresponding cost objective function. Model prediction
control [9], reinforcement learning [19], game theory [20], and
Pontryagin’s minimum principle [21] are commonly used for
online energy management. As for offline energy management,
dynamic programming (DP) can generate the optimal power
splitting trajectory between the battery and the UC [22]. Pan
et al. [23] used DP to minimize the energy loss of the HESS,
and the results were better than an RBS. Although DP is not
suitable for online applications, it can provide some guidance for
EMS. Song et al. [24] compared three different topologies using
DP, whose cost function involved battery lifespan and energy
cost. A near-optimal RBS was extracted from DP results with
subjective analysis. Liu et al. [7] proposed a three-segment RBS
with segment fitting for the relationship between UC power and
load power of DP results. The neural networks (NN) method
was proposed to conduct online intelligent EMS in Shen and
Khaligh [25] and the training datasets were obtained by DP. It
is clear from the literature that how to well learn DP results is
important for the construction of online EMS.

A new trend of the HESS is the combined optimization of
the component sizing and EMS because they are coupled. Yu
et al. [26] used NSGA-II to obtain Pareto optimal solutions
of sizing parameters and membership functions of an online
FLC method. Shen et al. [27] proposed a sample-based global
Dividing RECTangles algorithm to achieve the optimization of
sizing and parameters in an RBS. However, EMSs of these
two references are not as optimal as DP. The combined or
multiobjective optimization method considers both component
sizing and parameters in an EMS, so the results are more suitable
for practical application.

This article aims to perform the sizing optimization combin-
ing with an EMS and apply an adaptive intelligent real-time
EMS for practice. Compared with the previous literature, the
contributions of this article can be summarized as follows: 1)
the Pareto optimal solutions of HESS sizing and parameters in

Fig. 1. System topology.

DP objective function are obtained by the multiobjective grey
wolf optimizer (MOGWO). In this framework, the HESS cost
and battery lifespan are considered as two opposing optimization
objectives. 2) Based on the optimal power splitting results of DP
with different driving patterns, the random forests (RF) based
control mode is constructed and tuned. 3) An adaptive EMS
is set up with RF to control power-sharing and support vector
machine (SVM) to recognize the current driving pattern. 4) The
proposed adaptive RF-based control strategy is verified under a
combined load cycle. The performance of the proposed EMS is
compared with DP and the ordinary RF-based control method.
Results show that the adaptive RF-based EMS is near-optimal
to DP.

The organization of this article is as follows. In Section II, the
system topology and the modeling of each component of HESS
are illustrated. Section III presents a multiobjective optimization
method to solve the component sizing problem. An online
adaptive RF-based EMS is constructed in Section IV. Section V
details the verification and evaluation of the proposed strategy
with two test cycles, followed by the conclusion Section VI.

II. MODELING FOR THE HESS

The battery semiactive HESS topology is considered in this
article.

A. System Topology

The powertrain configuration is sketched in Fig. 1, which is
composed of a battery system, an UC system, a dc/dc converter,
and a transmission system. The battery system serves as the
primary source of energy and is connected to the dc bus via a
bidirectional dc/dc converter. The UC system is connected to
the dc bus directly so that the UC can be fully utilized. The
HESS system is connected to motor load via a transmission
system, which involves a dc/ac converter for dc/ac conversion
and motor voltage regulation. During the energy management
process in DP, the energy efficiency of the dc/dc converter
is significant. Therefore, the converter is modeled as a power
transfer component with constant efficiency ηDC [28].

B. Model of the Vehicle

In this article, only the longitudinal dynamics characteristic is
considered. The real-time required power Pre can be calculated
according to the following:

Pre = (μMgcosθ +Mgsinθ + 0.5AρairCairv
2 + δcMa)v

where μ is the rolling resistance coefficient, M is the vehicle
mass, g is the gravitational acceleration, θ is the longitudinal
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TABLE I
MAIN PARAMETERS OF THE VEHICLE

TABLE II
MAIN PARAMETERS OF SELECTED BATTERY AND UC

road gradient, ρair is the air density, A is the windward area of
the vehicle, Cair is the air resistance coefficient, δc is the rotation
mass correction coefficient, and a is the acceleration.

The parameters of the vehicle are listed in Table I.
Then, the electric drive power Pe is formulated as follows:

Pe =

{
Pre/ηs Pre ≥ 0
Pre · ηs Pre < 0

where ηs is the efficiency of the power transmission system.
When Pre is positive, the vehicle is in traction mode, and the
vehicle is in regenerative braking mode when Pre is negative.

C. Model of the Lithium-Ion Battery

A commercial lithium-ion battery is applied in this work, and
its main parameters are listed in Table II. The battery dynamic
is described by a Rint model, which contains an open-circuit
voltage VB and an internal resistance RB. The Rint model is
simple and has low computational complexity, so it is suitable
for the energy management application at the system level [22].
The battery system consists of Nsb cells in series and Npb cells
in parallel. The relationship between battery system parameters
and cell parameters is determined by the following:

QB = NsbNpbQb, RB = NsbRb/Npb, VB = NsbVb

where QB denotes the nominal capacity of the battery system,
Rb andVb denote the internal resistance and open-circuit voltage
of the battery cell, respectively.

Based on the Rint model, the battery system behavior can be
described by the following:

IB = −VB −
√

V 2
B + 4RBPB

2RB

where IB denotes the current of the battery system and PB

denotes the output power of the battery system.

D. Model of the UC

The Maxwell BCAP3000 UC is applied in this article, and
its main parameters are listed in Table II. The UC dynamic is

Fig. 2. WLTP driving cycle.

described by a classical model shown in Fig. 1, where RsUC de-
notes the internal resistance, RpUC denotes the self-discharging
resistance, CUC is the equivalent capacitance. The UC system
consists of Nsuc cells in series and Npuc cells in parallel. The
relationship of UC system parameters and UC cell parameters
is determined by the following:{

CUC = NpucCuc/Nsuc, RsUC = NsucRsuc/Npuc

RpUC = NsucRpuc/Npuc, VUC = NsucVuc

where VUC denotes the terminal voltage of the UC system, Cuc,
Rsuc, and Rpuc denote the equivalent capacitance, the internal
resistance, and the self-discharging resistance of the UC cell,
respectively.

Based on the UC model, the UC system behaviors are ex-
pressed as follows:

V̇pUC = IUC/CUC − VpUC/(RpUCCUC)

VUC = VpUC + IUCRsUC

where VpUC denotes the voltage of the equivalent capacitance
and IUC denotes the current of the UC system.

III. SIZING OPTIMIZATION BASED ON MOGWO

Appropriate component sizing is the foundation of an EMS.
In this section, the series and parallel number of battery cells is
determined by a statistical method. During the multiobjective
optimization, the DP algorithm is used as the power distribution
strategy. The weights of DP optimization objective function
and the series–parallel number of UC cells are optimized
simultaneously.

A. Determination of Battery Sizing

The HESS should satisfy both the energy and power require-
ments during the entire ride of the EV. Of particular note is that
energy stored in the UC is much less than that stored in the
battery. The main functions of UC are to absorb or release peak
power and to deal with high-frequency currents.

In this article, the mileage of nine repeated WLTP is chosen
as the nominal mileage, which is 209.2 km. The velocity profile
of WLTP is shown in Fig. 2. The required energy for the nominal
mileage of the EV is less than the stored energy in the battery
system.

The available ranges for the battery are set as 90% depth of
discharge. The total number of battery cells can be calculated
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according to the following:

(1− ηe)3600UbQbNsbNpb × 90% ≥ 9

∫ tend

t0

Pe(t)dt

where ηe denotes the proportion of power for electronic equip-
ment on the vehicle in the total power, Ub denotes the nominal
voltage of the battery cell, Pe(t) is calculated according to (1)
and (2), and Nsb, Npb ∈ N *.

B. DP Based Power Distribution Strategy

In this section, the DP algorithm is utilized to solve the optimal
power distribution problem of HESS through offline calcula-
tion. The optimal result is specific to a particular optimization
objective. In this article, the optimization objective of energy
management is set to both reduce the energy loss of the system
and extend the lifecycle of the battery system.

The electric drive power Pe is completely provided by the
battery system and UC system, which can be expressed as as
follows:

Pe =

{
PUC + PB · ηDC PB ≥ 0
PUC + PB/ηDC PB ≤ 0

where PUC and PB denote the power of the UC system and
battery system, respectively. The battery system supplies power
when PB is positive.

The power loss equations of each component in the battery
semiactive HESS topology are formulated as follows:

Ploss_B = I2
BRB

Ploss_UC = I2
UCRsUC + V 2

pUC/RpUC

Ploss_DC =

{
PB · (1− ηDC) PB ≥ 0
PB/(1− ηDC) PB ≤ 0.

In the EV application, the battery is regarded as the end
of the lifecycle when the capacity reaches 80% of the rated
capacity [29]. The Ah-throughput is a crucial factor for the
capacity fading of the battery [7]. A widely used semiempirical
lifecycle model is expressed as as follows [30]:

Qloss = B · exp

(−Ea

RT

)
(Ah)

z

where B is the preexponential factor, Ea is the activation energy
in J/mol, R is the gas constant, T is the absolute temperature,
Ah is the Ah-throughput, and z is the power-law factor.

In this work, the total Ah-throughput during the EV driving
cycle is another objective to minimize during the power distri-
bution by DP, which is formulated as as follows:

Ah =
1

3600

∫ tend

t0

|IB|dt.

Through the above analysis, the objective function of the DP
is defined as follows:

min J = min(ω1Eloss_B + ω2Eloss_UC + ω3Eloss_DC + ω4Ah)

s.t.

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

IBmin ≤ IB ≤ IBmax

IUCmin ≤ IUC ≤ IUCmax

SOCBmin ≤ SOCB ≤ SOCBmax

SOVUCmin ≤ SOVUC ≤ SOVUCmax

SOVUC_t0 = SOVUC_tend

where ω1, ω2, ω3, and ω4 are four weights determined by
multiobjective optimization, which will be introduced in next
section, Eloss_B, Eloss_UC, and Eloss_DC denote the energy loss of
battery system, UC system, and dc–dc converter, respectively,
SOCB denotes the state-of-charge (SOC) of the battery system,
SOVUC denotes the state-of-voltage (SOV) of UC system.

The SOC of the battery is calculated using Ampere–hour
integral method [31]. The SOV of the UC system is defined
as follows:

SOVUC = (VUC − VUCmin)/(VUCmax − VUCmin)

where VUCmin and VUCmax denote the lower and upper voltage
limits of the UC system. For an UC cell, Vucmin and Vucmax are
1.35 and 2.7 V, respectively.

The voltage of the UC system is selected as the unique control
variable. The initial and final values of VUC are both set as the
median value as the voltage range of the UC system. This aims
to keep the long-term functioning ability of the UC system.

In the path planning process of the DP algorithm, VUC is
discretized to 1000 different states with uniform distribution in
the whole decision space. The complexity of DP is exponentially
related to the number of search variables. During the entire
driving cycle, the battery system voltage variation is much
smaller than UC system. To simplify the calculation, the voltage
of the battery cell is treated as a constant of 3.7 V, which is a
common assumption in the DP search process [7] [32]. The effect
of the state of health on parameters of battery and UC models is
also neglected.

C. Multiobjective Optimization Using MOGWO

The sizing of the battery system is determined via an analysis-
based method, while the number of UC cells in series Nsuc

and in parallel Npuc remains unsolved. The two parameters of
component sizing and four weights of the DP objective function
are optimized simultaneously in this section.

1) Description of Sizing Optimization: These six optimal
values should minimize the cost of the HESS system, and
maximize the remaining cycle life of the battery system. From
the financial perspective, the cost of the battery system and dc/dc
converter can be seen as a constant. The cost of the UC system is
listed as the financial optimization objective. The other objective
is to minimize the Ah-throughput of the battery system for the
WLTP driving cycle. It can be seen from (13) that minimizing
Ah is equivalent to minimizing the capacity fade of battery when
other parameters keep the same. The objective function of sizing



LI et al.: SIZING OPTIMIZATION AND ENERGY MANAGEMENT STRATEGY FOR HYBRID ENERGY STORAGE SYSTEM 11425

optimization is formulated as follows:

minO = min

{
o1 = cucNsucNpuc

o2 = Ah(ω1, ω2, ω3, ω4, Nsuc, Npuc)

s.t.

⎧⎪⎪⎨
⎪⎪⎩

Nsuc, Npuc ∈ N *

35 ≤ Nsuc ≤ 79
1 ≤ Npuc ≤ 5

0.1 ≤ ω1, ω2, ω3, ω4 ≤ 50

where cuc denotes the cost of the UC cell, the range of Nsuc is
determined by the voltage range of the dc/dc converter. The duty
cycle of the buck dc/dc converter is determined as [25%, 85%]
to ensure life duration and efficiency. Npuc should be chosen in
a relatively small quantitative range.

2) Description of MOGWO: The MOGWO [33] is utilized to
solve the sizing optimization problem of HESS. The Grey Wolf
Optimizer (GWO) is one of the most recent swarm intelligent
techniques, which mimics the hierarchy and hunting behavior
of grey wolfs. The wolves are divided into four classes: alpha
(α), beta (β), delta (δ), and omega (ω). In MOGWO, α, β, δ are
three solutions in the PF to mimic the power hierarchy of wolves
in nature. The rest of the solutions are considered as ω, whose
position values are updated according to the values of α, β, and
δ. Mathematical expressions are formulated as follows:

Dα = C1Xα −X,Dβ = C2Xβ −X,Dδ = C3Xδ −X

X1 = Xα −H1Dα,X2 = Xβ −H2Dβ ,X3 = Xδ −H3Dδ

X(t+ 1) = (X1 +X2 +X3)/3

where X denotes the position vector of a single wolf, Xα, Xβ ,
and Xδ denotes the position vector of α, β, and δ, respectively,
and C and H are two coefficients in GWO.

During each iteration, C and H are updated according to the
following: ⎧⎨

⎩
λ(k) = 2− 2 k/K

C = 2r1

H = 2λ(k)r2 − λ(k)

where k is the number of iteration, K denotes the maximum
number of iterations, r1 and r2 are two random numbers in the
range [0,1].

In this article, X is formulated as follows:

X = (ω1, ω2, ω3, ω4, Nsuc, Npuc).

After the optimization, the nondominated solutions are ex-
pressed as the PF. The leader selection method to choose α,
β, δ is roulette wheel selection. Solutions in the most crowded
segment have the least probability to be leaders. The framework
of sizing optimization using MOGWO is shown in Fig. 3.

D. Results of Sizing Optimization

The population size of MOGWO is set as 100, and the maxi-
mum number of iterations is set as 100. The number of battery
cells is more than 288 according to (8). The series number of
battery cells is determined by the dc link voltage. In this work,
Nsb is chosen as 58 and Npb is chosen as 5.

The PF of sizing optimization is shown in Fig. 4. Every solu-
tion of the PF is optimal to some extent. The special solution can

Fig. 3. Framework of sizing optimization using MOGWO.

Fig. 4. PF of WLTP.

be chosen by manufacturers considering the tradeoff between
cost and battery remaining lifecycle. In this article, the technique
for order preference by similarity to an ideal solution method
is adopted to obtain the most preferable solution [34]. There-
fore, the optimal component sizing is determined as Nsb = 58,
Npb = 5, Nsuc = 44, Npuc = 1, and is shown as the blue point
in Fig. 4.

IV. ONLINE EMS

When the component sizing of HESS is determined, the
optimal power-splitting trajectory can be obtained using the DP
algorithm. However, the offline calculation cannot be applied
directly to a practical situation. RF, as a high-precision machine
learning method with strong interpretability, is used to extract
the rules from the DP results in this article.

A. Framework

The proposed optimization design, management, and control
framework is presented in Fig. 5. The combined methods are
divided into three main parts: offline sizing optimization, offline
training of RF and SVM, and online EMS implementation.

The sizing optimization method based on MOGWO has been
given in Section III. In the bilevel sizing optimization strategy,
DP is the inner loop EMS and MOGWO is the outer loop sizing
optimization algorithm. The offline bilevel sizing optimization
results give the optimal sizing parameters of HESS and optimal
weights of DP, which are the foundation for the creation of the
EMS dataset.
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Fig. 5. Framework of control strategy.

In the offline EMS training stage, three driving patterns are
considered. On the one hand, optimal energy management re-
sults can be obtained using DP with sizing and weights from
sizing optimization part. The relationship between UC system
power and electric drive power is extracted as the EMS dataset to
train PSO-RF. On the other hand, four speed features of different
driving patterns are extracted to train SVM.

The online EMS is composed of two parts: the trained RF
regressive model and the trained SVM classification model. In
the online EMS implementation stage, the driving pattern is
recognized by the trained classifier with feature extraction. The
driving pattern and Pe calculated by (1) and (2) are the inputs of
the trained regressive model, while the output of the RF is the
PUC. Then, the specific control variables IB, VUC, and IUC can
be calculated based on the HESS system model.

The specific details of offline EMS training and online EMS
implementation will be presented in the following sections.

B. Analysis of DP Results

To better understand the regular laws of the optimal DP
results, six different driving cycles are considered and analyzed
to develop the common rules. From Fig. 5, it is obvious that
six standard driving cycles belong to three different driving
patterns, which are highway pattern (HWFET, US06-HWY),
urban flowing pattern (UDDS, INDIA-URBAN-SAMPLE), and
urban congested pattern (NYCC, MANHATTAN).

The optimal power allocation results are shown in Fig. 6. It
can be seen that almost all the regenerative power is absorbed by
the UC system, and peak positive power is shared between the
battery system and the UC system. The battery system charges
the UC system sometimes. A possible explanation for this result
might be that the UC system should keep the same SOV between

Fig. 6. DP results of different driving cycles. (a) HWFET; (b) US06-HWY;
(c) UDDS; (d) INDIA-URBAN-SAMPLE; (e) NYCC; (f) MANHATTAN.

the initial and final state of a whole driving cycle as mentioned
in (15).

The power splitting results are not clear enough to extract
some general rules for online applications. The relationship of
UC system power and electric drive power is sketched in Fig. 7
for further analysis. Although six different driving cycles are
conducted, the UC behaviors are similar. There is some explicit
relationship between PUC and Pe. Liu et al. [7] proposed a
piecewise linearization strategy to describe this relationship.
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Fig. 7. Relationship between Pe and PUC. (a) HWFET; (b) US06-HWY;
(c) UDDS; (d) INDIA-URBAN-SAMPLE; (e) NYCC; (f) MANHATTAN.

Fig. 8. Schematic of RF.

However, this method of extracting rules is not intelligent
enough compared with machine learning methods and some
nonlinear factors are ignored. This article proposes a novel
method, which utilizes the RF algorithm to extract the rules
from DP results.

C. Construction of RF Regression Model

RF regression is an ensemble learning method proposed by
Breiman [35], which is composed of a multitude of decision
trees. The training data of every single tree is extracted from
the original training set via a bootstrap sample and the sample
size is the same. As shown in Fig. 8, once the RF regression
model is constructed, each decision tree processes input data by
comparing the numerical value and the threshold value of each
node. Notice that the threshold value of each node is formed
through the training process. If the input data satisfies the judging
condition, it moves on that branch until it reaches a leaf node. The
final output is represented as the mean output value of all single
trees. The randomness of the bootstrap sample and threshold
formation makes the model less susceptible to overfitting and
robust to external noise.

In this article,Pe is chosen as the only one input. Accordingly,
PUC can be output through the regression mapping relationship
constructed by the RF model. The training data for the RF model
comes from the optimal power splitting results obtained through
the DP method. The data from two driving cycles of the same

TABLE III
PSO-RF ALGORITHM

TABLE IV
OPTIMAL VALUES OF HYPERPARAMETERS

driving mode are blended to highlight differences in driving
patterns. To generate the RF regression model, 80% of the dataset
is taken for training and 20% is for testing.

There are three main hyperparameters of the RF model: 1)
the number of trees in the forest ntree; 2) the number of features
considered in each treenfeature; 3) the minimum number of nodes
in the decision treennodesize. Since the value ofPe is the only input
feature, the second hyperparameter is fixed to one. The PSO
method [36] is adopted to achieve parameter tuning. The best
parameters are selected with the least mean square error of the
five-fold cross-validation [37]. The specific PSO-RF algorithm
is described in Table III.

The boundary constraints of the two hyperparameters are
as follows: ntree ∈ [10, 1000], nnodesize ∈ [2, 50]. With the help
of the PSO algorithm, the optimal values for different driving
patterns are determined and given in Table IV.

D. Driving Condition Recognition

Since the RF regression model is built with prior knowledge
of the determining driving patterns, driving pattern recognition
(DPR) is required for real-time application with RF models.
As the speed can be obtained online, four speed statistical fea-
tures representing different driving modes are extracted: average
speed, maximum and minimum acceleration, and idle time in the
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Fig. 9. Results in the combined load cycle. (a) Velocity and DPR results.
(b) Power splitting results of ARF. (c) SOV of UC system.

last 120 s. In this article, SVM is utilized to realize the DPR and
the specific process is referred to Ref. [21].

V. VERIFICATION

In this article, the parameters of the battery and UC cell model
are identified using the recursive least-squares method [38]. To
verify the proposed intelligent real-time EMS using the RF
regression model, a combined dynamic driving condition is
carried out. This combined load cycle includes WLTP, HWFET,
UDDS, and MANHATTAN driving cycle connected back to
back. Five power distribution strategies are compared. The pro-
posed adaptive RF (ARF) based control strategy is first carried
out. The ARF contains a SVM model to recognize the driving
pattern and a RF model to predict the UC system power. The sec-
ond, third, and fourth cases are the RF-based control strategies
without DPR, namely RF1, RF2, and RF3, whose parameters are
tuned under HWFET, UDDS, and MANHATTAN driving cycle,
respectively. The last strategy is DP with offline calculation,
which knows the full test driving cycle. DP can obtain the
optimal energy management results, but DP is an offline method.
For DP, all the driving profiles should be given at the beginning
of optimization calculation process. However, in the real-world
application, the information about the future working conditions
is unknown. So, DP is usually treated as one of the benchmarks
for comparison.

The detailed power distribution results are shown in Fig. 9.
Fig. 9(a) shows the DPR results, where category 1 is highway
pattern, category 2 is urban flowing pattern, and category 3 is

urban congested pattern. From the results, it can be seen that the
trained SVM model can perform the task of DPR well. Then,
the corresponding RF regression model is selected according the
DPR result in ARF method. The results of the power distribution
of the ARF method are given in Fig. 9(b). It can be seen from
Fig. 9(b) that the UC system absorbs the regenerative braking
power well and limits the peak battery discharge power. Fig. 9(c)
shows the UC system SOV trajectories under different cases.
Results show that ARF makes UC better performance than RF
without DPR. In RF1, UC reaches the maximum value of voltage
limits early and hard to absorb more regenerative braking power.
In RF3, UC reaches the minimum value of voltage limits early,
and hard to share the peak discharge power. The performance
of RF2 is similar to that of ARF, but ARF reaches the voltage
limits less frequently and the final value of VUC is closer to
the initial value. Therefore, the RF-based control strategies
whose parameters are trained by a single driving pattern lacks
adaptability and the overall performance is not as good as the
ARF algorithm. There is one notable place in the results. In
Fig. 9(b), the UC system helps the battery to take up some of
the power at around 1500 s. At around 1600 s, the UC system
voltage reaches the lower bound, as seen in Fig. 9(c), so it cannot
continue to help share the energy. The size of the UC system is
determined in Section III using a multiobjective optimization
method. From the point of view of system cost, the number of
UC cells will not be too large. So, it is inevitable that a situation
like around 1600 s will occur.

To evaluate the performance of the battery system, the root-
mean-square current of the battery system (IRMS), the peak dis-
charge and charge current (Ipd and Ipc), and the Ah-throughout of
the battery system (Ah) are compared in Table V. Compared with
ordinary RF, IRMS is reduced by 2.01%–8.93%, Ah is reduced
by 0.5%–19.83%, Ipd is reduced by 6.15%–13.32%, and Ipc is
reduced by 3.13%–48.07%. Compared with DP, IRMS, Ah, and
Ipd are reduced by 3.37%, 1.37%, and 12.9%, respectively. ARF
has the optimal performance in protecting battery from large
current spikes and power shocks.

Since the RF is used to extract rules from DP, the objective
function value (J) of DP in (15) is also compared. DP obtains
the optimal result and ARF obtains the near-optimal J value,
proving the superiority of ARF. To evaluate the performance
of energy efficiency, the energy loss of battery system (L1),
dc/dc converter (L2), UC system (L3), and total system (L0)
are compared in Table V. ARF achieves minimal battery energy
loss. Compared with ordinary RF and DP, the battery energy
loss is reduced by 4.15%–20.58%. Compared with ordinary RF,
the total energy loss is reduced by 0.74%–9.49%. In terms of
energy efficiency, ARF achieves a near-optimal result, second
only to DP and better than ordinary RF methods.

In conclusion, the DP method has the optimal results obtained
by offline calculation for the objective function value J . The
proposed ARF-based EMS has the best overall performance,
considering the performance of the UC system, battery system,
and energy efficiency. ARF allows the UC system to fully stretch
its role and thus protects the battery. In a comprehensive view,
the ARF algorithm proposed in this article is applicable to online
energy management.
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TABLE V
COMPARISON OF FIVE EMSS UNDER COMBINED LOAD CYCLE

VI. CONCLUSION

This article has conducted a multiobjective optimization for
HESS dimensioning and weights of DP and has applied an adap-
tive RF-based EMS for application. The series–parallel number
of UC cells and four weights of internal EMS using DP have been
optimized simultaneously to minimize system cost and battery
Ah-throughput based on MOGWO. With optimal parameters,
DP results of different driving patterns have been analyzed.
The RF method has been proposed to extract the relationship
between Pe and PUC. DPR has been realized using SVM. The
ARF-based EMS, which is composed of RF to conduct power
splitting strategy and SVM to identify the driving pattern, has
been verified with a combined load cycle. Compared with ordi-
nary RF-based EMS, the total energy loss has been reduced by
0.74%–9.49%, and the battery Ah-throughput has been reduced
by 0.5%–19.83%. The performance of the proposed method has
achieved less battery root-mean-square current, Ah-throughput,
and peak discharge current than DP. Results show that ARF
has the optimal overall performance in UC utilization, battery
protecting, and energy efficiency.

Our future work is to develop a reinforcement learning
based EMS, which will take into account both UC aging and
battery aging.
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