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Abstract
This study developed a new online driving cycle prediction method for hybrid electric vehicles based on a three-dimensional 
stochastic Markov chain model and applied the method to a driving-cycle-aware energy management strategy. The impacts 
of different prediction time lengths on driving cycle generation were explored. The results indicate that the original driving 
cycle is compressed by 50%, which significantly reduces the computational burden while having only a slight effect on the 
prediction performance. The developed driving cycle prediction method was implemented in a real-time energy management 
algorithm with a hybrid electric vehicle powertrain model, and the model was verified by simulation using two different 
testing scenarios. The testing results demonstrate that the developed driving cycle prediction method is able to efficiently 
predict future driving tasks, and it can be successfully used for the energy management of hybrid electric vehicles.

Keywords Driving cycle prediction · Markov chain model · Hybrid electric vehicles · Energy management

1 Introduction

Driving cycles are an essential input to the design and 
energy management processes of automotive powertrain 
systems. They are used to evaluate energy efficiency, emis-
sions, and other technical issues in conjunction with mode-
ling, simulations, and experimental validations. A number of 
standard driving cycles, such as the New European Driving 
Cycle (NEDC), FTP-75 (USA), and JN1015 (Japan), have 
been commonly employed for such processes. However, an 
increasing amount of research has demonstrated four main 
shortcomings of the current standard driving cycles.

(1) Most standard driving cycles were developed specifi-
cally to evaluate compliance with emissions or fuel 
consumption regulations. Thus, they are inappropriate 
for the design process because fuel economy and envi-

ronmental impacts are not the only design concerns. 
Furthermore, current standard driving cycles differ sig-
nificantly in terms of various properties, such as pre-
dictable patterns of speed and acceleration, that place 
varying strains on the drivetrain. Therefore, they can-
not represent real-world traffic conditions. For example, 
one study demonstrated that fuel consumption results 
from laboratory tests based on standard driving cycles 
deviate from those of real-world driving conditions by 
approximately 30% [1].

(2) The predictable patterns employed in standard driving 
cycles enable engineers to build automobiles that pass 
regulatory tests but do not produce low emissions under 
real-world driving conditions. This leads to a process 
called cycle beating, which creates a distorted linkage 
between government standards, consumers, and man-
ufacturers [2]. In particular, the energy management 
strategies of hybrid electric vehicles (HEVs) have been 
validated using only a limited number of driving cycles 
and therefore run the risk of cycle beating [3–5].

(3) Current driving cycles do not include roadway slope, 
road type, and other relevant roadway properties that 
affect the fuel consumption of commercial vehicles 
with significant dead weight [6]. The influence is more 
significant for hybrid powertrains because the regenera-
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tive braking function activated during downhill driving 
plays a major role in fuel savings [7].

(4) The driving cycles created by government agencies and 
manufacturers may be excessively complex for simula-
tion and design purposes, which may lead to unaccept-
ably low calculation efficiency during the simulation 
and design process.

Addressing the above issues requires the development of 
more sophisticated driving cycle prediction methods that 
consider roadway slope and road type information, and the 
application of these methods in the energy management of 
HEV powertrain systems [8–12]. Past studies have focused 
on the development of driving cycle prediction methods. 
For example, driving cycle prediction has been conducted 
according to statistical indicators based on correlations 
between the phase space and phase trajectory of experi-
mental driving data that include velocity, acceleration, and 
road grade [13]. In this study, correlation coefficients close 
to 1 were taken as indicative of strong connections between 
two variables. Then, the Markov Chain Monte Carlo tech-
nique was applied to generate the new driving cycle. A 
Markov chain concept has also been developed that filters 
high-frequency changes in acceleration and places veloc-
ity–time data into a matrix form that can accommodate a 
large number of velocity states or modes [14]. In addition, 
two separate Markov chain processes have been adopted for 
driving cycle prediction. One was employed for generating 
the road type using random selections of road types from 
urban, rural, and expressway profiles. The other generated 
the acceleration based on the road type using predefined 
velocity bins [15]. A Markov chain process has also been 
combined with the concept of equivalent driving cycles [16]. 
The equivalent driving cycles have the same performance 
in terms of the mean tractive force (MTF). Meanwhile, 
researchers have explored other rebuilding methods, includ-
ing discrete cosine transfer. The impact of driving cycles on 
the performance of energy management algorithms has also 
been discussed recently [17–21]. Commonly applied energy 
management strategies (e.g., dynamic programming) require 
prior knowledge regarding driving tasks for implementation. 
Therefore, engineers focus closely on driving cycle identifi-
cation to distinguish driving tasks [22]. The iterative learn-
ing of driving profiles based on comparisons of the velocity 
and acceleration at each start and stop with values from a 
database has improved the performance of an HEV running 
on a fixed route [23]. In addition, a vehicle velocity predic-
tor has been built using a one-dimensional Markov chain of 
the velocity [24].

However, these past works suffer from deficiencies. In 
the studies described in [8, 17, 18], the combined states of 
velocity and acceleration were obtained from the original 
driving cycle, and the transitions between different states 

were extracted as a two-dimensional matrix. However, 
most studies do not account for roadway slope informa-
tion in driving cycle prediction. Although it is possible to 
extract another two-dimensional Markov chain for slope, the 
harmony between the velocity and slope generation is not 
reasonable because these are separate stochastic processes. 
Therefore, the widely used Markov chain model needs to be 
extended to a higher dimension to ensure good performance 
when including the slope information.

In addition, optimal control methods are fundamental to 
HEV technology and have become the subject of intense 
interest recently. The parallel powertrain of HEVs employ-
ing both an internal combustion engine and an electric motor 
as power sources has only a single degree of freedom in 
terms of the control strategy, which is denoted as the torque 
(or power) split ratio. Among the existing optimal control 
methods for HEVs, the equivalent consumption minimiza-
tion strategy (ECMS) is a particularly promising instantane-
ous approach derived from Pontryagin’s minimum principle. 
It can be implemented in real time because the computation 
time is reasonable. The ECMS calculates the torque split (or 
power split) for each sample time and determines the output 
from each power source. The main objective of the ECMS is 
to reduce the overall energy consumption. The input to the 
controller is the demand torque from the driver (the driv-
ing cycle), and the outputs are the demand torques from the 
internal combustion engine and electric motor. The control 
strategy provides an optimal torque split ratio. However, 
the ECMS employs a design parameter denoted as the fuel 
equivalence factor, and it plays a significant role in this con-
trol strategy. According to existing studies [3, 4], a linkage 
exists between the equivalence factor and the terminal state 
of charge (SoC) of the battery in HEVs. As such, the fuel 
consumption can be maintained close to a minimum if the 
equivalence factor is well defined. As such, prior knowledge 
or accurate prediction of the driving cycle can be employed 
for adaptively tuning the equivalence factor, thereby achiev-
ing better control performance in real-time implementations.

To further advance the existing studies, the present work 
develops a new method to predict the upcoming driving 
task (i.e., required longitudinal speed of the vehicle) based 
on historical driving data for HEVs using a three-dimen-
sional stochastic Markov chain model. The proposed three-
dimensional Markov chain model adopts vehicle velocity 
and acceleration as two of the dimensions and augments 
the model to include roadway slope information as a third 
dimension in the driving cycle prediction. Because the 
design optimization through simulation could last for a few 
days, the possibility of increasing the dimensions of classes 
is explored to reduce the simulation time. In addition, the 
developed online driving cycle prediction method is applied 
based on an HEV powertrain model to verify a driving-
cycle-aware ECMS for HEVs.
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The remainder of this paper is organized as follows. Sec-
tion 2 describes the driving cycle synthesis and prediction 
method. Next, the HEV powertrain model is established in 
Sect. 3. In Sect. 4, the designed driving cycle prediction 
approach is implemented in the energy management strategy 
of an HEV powertrain. Simulation and results are presented 
in Sect. 5. Finally, Sect. 6 presents conclusions from this 
work.

2  Driving Cycle Prediction

2.1  Three‑Dimensional Markov Chain Model 
for Driving Cycle Prediction

The high-level framework of the Markov chain modeling 
method is presented in Fig. 1. It consists of three parts, 
including the extracting the transition matrix T or the tran-
sition probability matrix F from the database, generating the 
new sample from T, and smoothing the result for the MTF. 
These are discussed in detail in the following subsections.

2.1.1  Extracting Transition Matrix T or Transition 
Probability Matrix F from the Database

To utilize the three-dimensional Markov chain, the original 
driving data are first divided into a total of K, M, and N 
classes for slope (indexed as k), acceleration (indexed as m), 
and velocity (indexed as n), respectively, which are given 
as follows:

where the maximum velocity from the database is denoted 
as vmax , the respective maximum acceleration and minimum 
acceleration are amax and amin , and the respective maximum 
slope and minimum slope are �max and �min . In addition, vres , 
ares , and �res represent the resolutions of the slope, accelera-
tion, and velocity data, respectively.

However, it must be noted that while a large number of 
classes will improve the accuracy of the predicted driving 
cycle, higher data resolutions will significantly increase the 
required computational time [21]. Therefore, considering a 
reasonable trade-off between accuracy and computational 
time for real-time implementation, the present work adopted 
vres , ares , and �res values of 2.22 m/s (8 km/h), 0.2 m/s2, and 
0.5°, respectively.

The analysis of the correlation between the next and cur-
rent velocities, shown in Fig. 2, indicates that a short time 
delay provides a better transition performance from the cur-
rent state to the next state. Here, increasing the time delay 
from 1 to 5 s shifts the correlation results from a nearly 
straight line to a scatter plot between the minimum and max-
imum values. In this study, the next state Sn(k,m,n) is defined 
as the state 1 s after the current state.

(1)

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

K =

�
�max

�
−
�
�min

�
�res

M =

�
amax

�
−
�
amin

�
ares

N =

�
vmax

�
vres

Fig. 1  Schematic of the driving cycle prediction algorithm

Fig. 2  Correlation analysis with two time gaps
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The slope, acceleration, and velocity of the current state 
S(k,m,n) at time t reside within a particular range. For example, 
the transition matrix T in Fig. 3 indicates that the slope of 
S(k,m,n) is located in the range [0,0.5)°, acceleration is in the 
range [0, 0.2) m/s2, and velocity is in the range [40, 48) km/h at 
time t. Then, all possible transitions from S(k,m,n) can be found 
from T in the set of next states Sn(k,m,n) at time t + 1.

The transition probability of S(k,m,n) can be calculated after 
set Sn(k,m,n) is found. Here, Sn(k,m,n) will be transformed into a 
three-dimensional matrix that is similar to the current state. At 
each block of the matrix, the possible next state will be in the 
defined range that is divided according to equivalent data reso-
lutions. If one sub-matrix is empty, it means that the current 
state cannot transition to this particular range. Accordingly, the 
transition probability matrix F can be calculated. First, S(k,m,n) 
is defined as follows:

In each current state, the velocity, acceleration, and slope 
should be in the same scope, separately divided by the respec-
tive resolution. When calculating the probability of transition 

(2)

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

S(k,m,n) =
�
vn, am, �k

�

vmin + (n − 1) ⋅ vres ≤ vn ≤ vmin + n ⋅ vres

amin + (m − 1) ⋅ ares ≤ am ≤ amin + m ⋅ ares

�min + (k − 1) ⋅ �res ≤ �k ≤ �min + k ⋅ �res

n ∈ {1, 2,… ,N}

m ∈ {1, 2,… ,M}

k ∈ {1, 2,… ,K}

from S(k,m,n) to Sn(k,m,n), the three-dimensional index transfers 
to a one-dimensional vector with length K·M·N as follows.

By dividing all possible next states Sn(j) into the three 
classes, the next possible transitions in the range denoted by 
h are Sn(j,h) . In the range h, a set B includes a combination of 
slope, velocity, and acceleration that belong to the same range. 
The conditional probability of current state j is rewritten as 
follows:

The conditional probability is then scaled according to the 
following condition:

After this process, a six-dimensional matrix F is obtained 
for all current states, and all terms in each sub-matrix are 
scaled such that their sum is reduced to 1.

In most related research, the database is collected under 
real-world driving conditions to ensure that the sub-matrixes 
in F will be as full as possible. Moreover, the generation can 
be conducted using the resolution boundaries of the next state 
if the resolutions are sufficiently high [21]. In this study, the 
database was collected based on the Worldwide Harmonized 
Light Vehicles Test Procedure Class 3 (WLTP3) cycle that was 
revised using random slope information within − 10° to 10°. 
Because the transition in the database is insufficient, and due 
to the defined resolutions, T was used in this research rather 
than F. As a result, the time-variant driving profile becomes a 
time-invariant statistical model.

2.1.2  Generating the New Sample from Transition Matrix T

The decrease in the number of classes increases the differences 
between velocities in two states. This leads to obvious fluctua-
tions in the time domain performances of the generated veloci-
ties and slopes and also results in high-frequency changes in 
the acceleration. Therefore, the method for generating veloci-
ties and slopes was modified to eliminate the effect of these 
conditions. Meanwhile, the local regression smoothing method 
was applied to the velocity and slope after each generation.

From a current state at t belonging to S(k,m,n), the next tran-
sition is obtained from T, and A is the total number of the 
transitions from S(k,m,n). Then, a discrete uniform distribution 
is calculated, and the probability Pj of each transition is

(3)

{
Sn(j) = Sn(k,m,n)

j ∈ {1, 2, 3,… ,K ⋅M ⋅ N}

(4)

{
phj = P(B ⊆ Sn(j,h)|Sn(j))
h ∈ {1, 2, 3,… ,K ⋅M ⋅ N}

(5)
K⋅M⋅N∑
h=1

phj = 1

Fig. 3  Example transition matrix T for state S(k,m,n)
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The probability is same for each transition. Therefore, 
the probability of each next state is equal and the cumula-
tive sum is 1, as shown by (5). Therefore, a random number 
µ ∈ (0, 1] generated at each sample time serves to decide 
the next state, which defines a precise velocity, acceleration, 
and slope from the database. The value of µ is also gener-
ated from a uniform distribution, where, for each µ, there 
must be an existing i as follows:

The value of i is the index of the next step in all possible 
transitions in the set Sn(k,m,n).

2.1.3  Smoothing the Result for the Mean Tractive Force

The concept of MTF ( ̄Ftrac ) is a measure of the tractive force 
F(t) required to be applied to the wheels by the powertrain 
during a driving cycle on average. It has been proposed as a 
tentative parameter for evaluating fuel consumption [25, 26]. 
Because the powertrain provides no force to the wheels during 
coasting or braking operations [i.e., F(t) ≤ 0 ], F̄trac is defined 
only over intervals of time when the powertrain must provide 
positive power to the wheels [i.e., F(t) > 0 ]. Therefore, F̄trac is 
defined as a subset 𝜏trac = t ∈ {𝜏 ∶ F(t) > 0} and is written as

where xtot is the total distance traveled during the driving 
cycle for which F(t) > 0.

The MTF over the predicted driving cycle can signifi-
cantly increase owing to fluctuations in the acceleration. 
Therefore, smoothing is adopted to reduce the MTF, bring-
ing it closer to the original value. The smoothing method 
used in this study is local regression with weighted least 
squares, which is defined as follows:

(6)Pj =
1

A

(7)

⎧
⎪⎪⎨⎪⎪⎩

i − 1

A
< 𝜇 <

i

A

i ∈ {1, 2, 3,… ,A}

Bi ∈ {Sn}(k,m,n)

(8)F̄trac =
1

xtot ∫
t∈𝜏trac

F(t) ⋅ v(t)dt

(9)

⎧⎪⎪⎪⎨⎪⎪⎪⎩

J = min
�,�

N�
i=1

�i

�
yi −

�
� + �xi

��2

�i(x) =

⎧
⎪⎨⎪⎩
1 −

�
d
�
x, xi

�

maxj d
�
xj, x

�
�3⎫⎪⎬⎪⎭

3

where �i is the local weight factor, xi is the time index, yi 
is the predicted velocity, � and � are the estimated param-
eters of a local polynomial within the span, and d(x, xi) is 
the Euclidian distance from x to xi . The length of span N 
is tuned to explore the effect of the smoothing operation. 
Here, the MTF decreases as N increases because a greater 
extent of the short-term dynamic variations in the velocity 
in the span is lost with increasing N. Thus, the span should 
be sufficiently small to retain the dynamic behavior of the 
velocity. Therefore, the present work employs N = 8 s to 
account for 15% error between the predicted speed and the 
reference speed in the criteria. After these steps are com-
plete, the time-variant driving cycle is transformed into a 
time-invariant statistical model. An example of acceptably 
smoothed generation based on the WLTP3 cycle is presented 
in Fig. 4.

2.2  Impact of Prediction Time Lengths on Driving 
Cycle Generation

As described in the previous section, the proposed method 
can successfully predict future driving cycles with the same 
time length as the original cycle. In this section, the use 
of different driving cycle time lengths is explored for the 
short-term prediction of future driving cycles with higher 
dynamics.

The degrees of freedom of the Markov chain process in 
this study depend on the time horizon L of predicted driv-
ing cycle and the defined resolutions ares , vres , and �res . The 
value of L is defined by the user. However, if all historical 
driving data are used to predict the driving cycle, the vol-
ume of data will increase rapidly with increasing time, and 

Fig. 4  Example of acceptably smoothed velocity, acceleration, and 
slope generation based on the WLTP3 cycle
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the time required for calculating the transition matrix will 
also increase substantially. Furthermore, the driving tasks 
of vehicles vary according to the road conditions and the 
behaviors of the drivers. For daily driving, the road condi-
tions and driver behaviors vary relatively little in the short 
term, as drivers drive in the city or on the freeway for a 
certain length of time. In addition, the number of states in 
the transition probability matrix decrease with decreasing 
L, and this situation will make it difficult for the Markov 
chain to generate successful prediction results. As such, 
while a relatively large value of L will preserve the prop-
erties of the original driving cycle, the time required for 
the generation and simulation processes will increase with 
increasing L. Therefore, we explore the influence of L on 
the generation process based on the following 11 values:

Accordingly, the desired value of L is the minimum time 
length needed to successfully retain the properties of the 
original driving cycle. Therefore, 200 generations were 

(10)
L = {180, 360, 540, 720, 900, 1080,… , 1260, 1440, 1620, 1800, 2700}

conducted for each value of L to determine its statistical 
properties.

A brief analysis of the influence of L on the stand-
ard deviations of the generated velocities is presented in 
Fig. 5, while Fig. 6 presents the differences in the maxi-
mum velocities obtained. Comparison of Figs. 5 and 6 
shows that the overall performance of the compression is 
nearly stable when L is greater than 50% of the original 
length. Furthermore, the median difference values of 50% 
of the compressed cycles are approximately 10%, which 
is within an acceptable region. The longest cycle genera-
tion in this study, which employed a value of L = 2700 s, 
demonstrates a much more stable performance because 
most of the differences are less than 10%.

Three typical results from velocity generations employ-
ing L values of 900 s, 1440 s, and 1800 s are presented 
in Fig. 7. For velocity generations with L < 900 s, the 
maximum velocity is generally less than 100 km/h. This 
is due to a transition that began from the idle state. Thus, 
according to the results presented here, the maximum 
acceptable compression ratio for the WLTP3 cycle is 
50%, which ensures a rapid generation process, while suf-
ficiently retaining the essential properties of the original 
driving cycle.

3  Hybrid Electric Vehicle Modeling

The overall HEV powertrain model was built according to the 
backward power flow method [25]. The input consists of the 
acceleration, velocity, and slope information of the driving 
cycles. The sampling time during testing is the same as the 
sampling time of the driving cycle (i.e., 1 s). The output is 
dependent on the variables of interest, that is, fuel consump-
tion and SoC. The components of the HEV include an internal 

Fig. 5  Relative differences in the standard deviation of the velocities 
for various driving cycle time lengths

Fig. 6  Relative differences in the maximum velocity for various driv-
ing cycle time lengths

Fig. 7  Typical velocity generations with three different driving cycle 
time lengths
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combustion engine, an electric motor, and a battery, which are 
modeled individually as described below.

3.1  Vehicle Model

The vehicle powertrain model transfers the demand for tractive 
force determined from the acceleration, velocity, and slope into 
torque and speed on the drive shaft. This involves various force 
components, including the forces due to vehicle acceleration 
(Facc), gravity (Fgrav), rolling resistance (Froll), and drag on the 
vehicle (Fdrag), which are given as follows:

where mall is the total mass of the vehicle; g is the accelera-
tion due to gravity; and the other vehicle parameters ρair, Cr, 
Cd, and Af are constants [27–31]. The value of mall depends 
on the masses of the components, including the equivalent 
inertia mint, internal combustion engine mice, electric motor 
mem, and battery mbat, which are defined as follows:

where k1 , k2 , and k3 are constant coefficients of mass and Pice , 
Pem , and Q (Ah), respectively, denote the power ratings of 
the internal combustion engine, electric motor, and battery.

3.2  Internal Combustion Engine Model

The input to the internal combustion engine model is the 
required power and torque, and the output is the fuel consump-
tion. In this study, the engine model is transferred from an 
efficiency map. According to this map, the fuel mass flow ṁfuel 
can be approximated by a second-order function of the power 
or torque (Tice) of the engine with different fitting parameter 
values u1 , u2 , and u3 for particular ranges of engine speed (ωice), 
engine type, and Pice as follows [30, 31]:

(11)

⎧
⎪⎪⎨⎪⎪⎩

Facc = malla

Fgrav = mallgsin�

Froll = Crmallgcos�

Fdrag =
1

2
�airCdAf v

2

(12)

⎧⎪⎪⎨⎪⎪⎩

mall = mint + mice + mem + mbat

mice = k1Pice

mem = k2Pem

mbat = k3Q

3.3  Electric Motor Model

The efficiency �m of an electric motor is dependent on its speed 
ωem and output torque Tem, and it can be defined as follows [30]:

Similar to the internal combustion engine model given 
above, the power drawn by the electric motor can be approxi-
mated by the following second-order function of its torque Tem:

3.4  Battery Model

The battery model in the present work is based on the value of 
Pem given in (15), which is the input to the battery model. The 
outputs are the battery current Ibat and its SoC in the kth time 
period, which are given as follows:

where Voc is the open circuit voltage and R is the resistance. 
The main parameter of the battery is listed in Table 1. In this 
study, the value of Q is varied according to the vehicle type.

(13)ṁfuel = u1T
2
ice

+ u2Tice + u3

(14)�m = f
(
�em, Tem

)

(15)Pem = u4T
2
em

+ u5Tem + u6

(16)Ibat =
Voc −

√
V2
oc
− 4R

(
Pem + Paux

)

2R

(17)SoCK+1 =
SoCK − TsIbat

3600Q

Table 1  Main parameters of vehicle model

Parameter Value

Engine maximal power (kW) 130
Engine maximal torque (N·m) 183
Electric motor (kW) 35
Maximal torque (N·m) 130
Battery (A·h) 6
Total mass (kg) 1590
Road resistance (–) 0.013
Drag coefficient (–) 0.32
Drag area  (m2) 2.2
Radius of tire (m) 0.3
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4  ECMS Design Based on Driving Cycle 
Prediction

4.1  Conventional ECMS

This section briefly discusses the conventional ECMS and 
its implementation in a hybrid powertrain system. For offline 
simulation, the driving cycle is provided in advance; thus, the 
requested propulsion power and engine speed are known.

The internal combustion engine model provides a quasi-
static representation [25]. If the power ratings of the compo-
nents are determined, the power obtained from the fuel Pf can 
be represented as a strictly convex polynomial equation similar 
to the following:

where Pice is the requested power from the internal combus-
tion engine and c1 , c2 , and c3 are velocity-dependent param-
eters. Accordingly, the fuel usage can be calculated based on 
its lower heating value. The equations describing the power 
split of the parallel hybrid powertrain are given as follows:

where Pr is the requested power from the gearbox, Pb is the 
output power of the battery, and �mb is the efficiency of the 
power converter between the battery and the electric motor.

Combining (18), (19), and (20) yields the following defini-
tion of Pf:

The above three coefficients can be defined as follows:

In addition to the physical constraints of the powertrain 
components, the desired terminal SoC over a period T is 
one of the design targets, and it is expressed as follows:

(18)

Pf

(
𝜔,Pice

)
= ṁfuelLHV

= max
[
0, c1

(
𝜔ice

)
+ c2

(
𝜔ice

)
Pice + c3

(
𝜔ice

)
P2
ice

]

(19)Pr = Pm + Pice

(20)Pm = �mbPb

(21)

Pf = c1 + c2Pice + c3P
2
ice

= c1 + c2
(
Pr − �mbPb

)
+ c3

(
Pr − �mbPb

)2
= �1P

2
b
+ �2Pb + �3

(22)
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�1 = c3�
2
mb

�2 = − c2�mb − 2c3�mbPr

�3 = c1 + c2Pr + c3P
2
b

(23)∫
T

0

Pb(t)dt = 0

These expressions thereby establish the optimization 
problem for a known driving cycle. This is given by the 
following Lagrangian equation:

which includes the Lagrange multiplier � . The value of � 
acts as the fuel equivalent weighting factor. A relatively 
large value of � will result in a high SoC in the terminal 
state. In contrast, a relatively small value of � will increase 
the power drawn from the battery.

4.2  Improved ECMS Based on Driving Cycle 
Prediction

The overall structure of the improved ECMS based on 
driving cycle prediction is illustrated in Fig. 8. The value 
of β is initialized using historical driving data or prior 
knowledge of driving cycles. Then, the driving cycle 
prediction generates a candidate driving cycle based on 
historical driving data of fixed length. The length is the 
prediction horizon. Therefore, the value of β is updated by 
combining past and predicted data as follows [32]:

where x1 is the initial SoC, βk and xk are, respectively, the 
SoC and the equivalence factor at the end of the kth horizon, 
and � is a constant. The ECMS is updated for each new value 
of β at the beginning of an iteration, and the vehicle utilizes 
the updated ECMS until the end of the iteration. As such, 
the new value of β becomes a piecewise function of time.

The desired outcome is that the prediction reflects the 
next driving task in the fixed period and the new estimated 
value of β is able to adjust the power or torque split for 
the upcoming task. However, the prediction is based on 
historical data and therefore has no strong connection with 
the upcoming driving task. This condition is a significant 
influential factor in the ECMS.

(24)L = ∫
T

0

Pf(t)dt + � ∫
T

0

Pb(t)dt

(25)�k+1 = �k + �
(
x1 − xk

)
,

Driving cycle 
synthesis

Equivalent factor 
estimation ECMS Hybrid 

powertrain

Cycle 
prediction

Updating historical driving data every H seconds

Fig. 8  Overall structure of the improved ECMS based on driving 
cycle prediction
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5  Simulation and Results

5.1  Constraints and Testing Scenarios

The improved ECMS was implemented and tested using a 
luxury hybrid sedan model with an initial SoC of 70% under 
two distinct driving scenarios. The key parameters of the 
model are listed in Table 1. In the first scenario, the overall 
driving task consisted of the HEV following the WLTP3 
cycle two times, for a total duration of 3600 s. The sec-
ond scenario consisted of the WLTP3, NEDC, and JN1015 
cycles, for a total duration of 3600 s. For both scenarios, the 
improved ECMS was tested using a single optimum value 
of β denoted as βopt. Moreover, the driving cycle prediction 
generates a driving route using a prediction horizon of H 
seconds. Then, an equivalence factor β1 is determined from 
the prediction cycle to maintain the charge-sustaining mode 
at the end of the task. The equivalence factor is updated 
again at H seconds as β2 from the resulting prediction. The 
respective horizons H are chosen to be 900 s and 450 s, such 
that β is updated four times and eight times, respectively. 
The time length of the historical driving data is 2H, and it is 
compressed by the designed method using a 50% compres-
sion rate. Therefore, the historical time lengths are set as 
1800 s and 900 s, respectively, to ensure speed and accuracy 
for the prediction.

Based on the analysis presented here, we concluded that 
the lengths of the historical cycle  DChis (1800 s and 900 s) 
are reasonable. The purpose of the testing is to demonstrate 
that the adaptations in the value of β allow the hybrid vehicle 
to follow a control strategy in real time and maintain the 
battery SoC. No prior knowledge is employed in the testing 
because the input is the historical driving data.

5.2  Online Driving Cycle Prediction

The vehicle operated continuously while the velocity and 
altitude data from a global positioning satellite system or 
other sensors were recorded instantly and continuously dur-
ing the trip. At the end of a period of length H, the historical 

data  DChis(n) are updated during the estimation of β. Then, 
the Markov chain-based prediction described in the previous 
section is used. The updated transition probability matrix 
ensures that the predicted cycle is similar to the historical 
driving scenario. As discussed in Sect. 2, a candidate driving 
cycle is a valid prediction for the next period if all the condi-
tions are satisfied. For example, the green curve in Fig. 9 is 
a valid prediction based on the historical driving data given 
as the blue curve.

5.3  Testing Results of the Improved ECMS

The values of β obtained from the separate predictions are 
plotted in Fig. 10 for the entire actual driving cycle. See 
Sect. 4.2 for an explanation of the method used to adjust the 
value of β within a historical period  DChis. The SoC results 
are plotted in Fig. 11 and listed in Table 2.

It can be seen from Table 2 that the terminal SoC condi-
tion was not satisfied for any of the predictions. However, 
we know that the fuel consumption of the internal combus-
tion engine decreased because the stored electrical power of 
the battery was more fully utilized in the case of H = 450 s. 
At the same update time, e.g., 900 s and 2700 s, the SoC is 
closer to 70% for the shorter horizon. This indicates that 
the improved ECMS can maintain a charge-sustaining mode 
with a relatively short prediction horizon. In addition, com-
pared with the conventional ECMS, which is able to achieve 
a global optimal solution but unable to be implemented in a 

Fig. 9  Prediction results of the driving cycle Fig. 10  Equivalence factors after prediction of scenario 1

Fig. 11  SoC trajectories of scenario 1
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real-world application, the improved ECMS achieves simi-
lar fuel economy and real-time implementation capability. 
This validates the feasibility of the proposed method and 
its improvement over the conventional ECMS. The detailed 
SoC results are listed in Table 3.

The β and SoC results for scenario 2 are given in 
Figs. 12 and 13, respectively. The terminal SoC obtained 
for the improved ECMS is 70.09%. It is obvious that the 

final SoC does not maintain the charge-sustaining require-
ment, and the difference is greater than that obtained for 
scenario 1. It is also noted that the SoC values obtained by 
the improved ECMS at update times of 1800 s and 3000 s 
are very different from the SoC values obtained when 
employing only βopt. This was caused by a prediction error. 
Here, the prediction depends on past driving data, and if 
the driving conditions change, the estimation of β will be 
incorrect in that period. However, the next estimation of β 
obtained under stable driving conditions will correct this 
error.

From the presented results, we can conclude that the 
improved ECMS represents a feasible method for address-
ing the significant drawbacks that exist in both dynamic 
programming energy management systems and the conven-
tional ECMS. Unlike these methods, the improved ECMS 
does not require the entire driving cycle prior to initializa-
tion. Furthermore, it can adjust the value of β in real time 
and thereby provide more robust performance for hybrid 
powertrains. While the results indicate that the improved 
ECMS cannot maintain the battery SoC, this drawback can 
be considered acceptable because it is fully amendable to 
solution.

6  Conclusions

This paper introduces a three-dimensional Markov Chain 
method that obtains a stochastic model from the exist-
ing driving cycle. The model effectively works with the 
Monte Carlo method to predict a driving cycle with the 
same length while retaining similar properties. It is also 
possible to accurately and efficiently compress the WLTP3 
cycle down to 50% of its original length. Moreover, a real-
time energy management strategy for HEVs was designed 
based on the proposed method. The equivalence factor in 
the ECMS is updated in real time using the driving cycle 
prediction. The test results validate the feasibility and 
effectiveness of the energy management strategy for HEVs 
using the developed driving cycle prediction method.
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Table 2  Results of the different 
energy management strategies 
for scenario 1

Length (s) Terminal SoC (%) Fuel consumption 
(L/100 km)

Conventional ECMS – 70.01 4.41
Improved ECMS with horizon of 900 s 3600 70.07 4.50
Improved ECMS with horizon of 450 s 3600 69.96 4.44

Table 3  SoC at each updated time step

Time (s) SoC (%) horizon 900 s SoC (%) horizon 450 s

450 – 69.95
900 69.88 69.91
1350 – 69.93
1800 69.84 69.85
2250 – 69.96
2700 69.77 69.91
3150 – 69.91
3600 70.07 69.96

Fig. 12  Equivalence factors of scenario 2

Fig. 13  SoC trajectories of scenario 2
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