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Recently, battery-powered electric vehicle (EV) has received wide attention due to less pollution during use, low noise, and high
energy efficiency and is highly expected to improve urban air quality and then mitigate energy and environmental pressure.
However, the widespread use of EV is still hindered by limited battery capacity and relatively short cruising range. This paper aims
to propose a state of charge (SOC) estimation method for EV’s battery necessary for route planning and dynamic route guidance,
which can help EV drivers to search for the optimal energy-efficient routes and to reduce the risk of running out of electricity
before arriving at the destination or charging station. Firstly, by analyzing the variation characteristics of power consumption rate
with initial SOC and microscopic driving parameters (instantaneous speed and acceleration), a set of energy consumption rate
models are established according to different operationmodes.Then, the SOC estimationmodel is proposed based on the presented
EV power consumption model. Finally, by comparing the estimated SOC with the measured SOC, the proposed SOC estimation
method is proved to be highly accurate and effective, which can be well used in EV route planning and navigation systems.

1. Introduction

In recent years, energy and environment have suffered from
heavy pressure caused by rapidly increased gasoline and
diesel powered vehicles, and the growing concern about
energy reserves and environmental quality of cities has called
for sustainable transportation technologies and motivated
active research on vehicles with alternative energy sources
[1, 2]. The electric vehicles (EVs), which run on electricity,
have received wide attention due to less pollution during use,
low noise, and high energy efficiency [3, 4].

Although EV has considerable advantages, the popular-
ization of EV is still hindered by limited battery capacity
and relatively short cruising range. Up to now, the battery
management system (BMS) has been developed as one of the
EV’s key technologies, and the accurate estimation of SOC of
battery is viewed as a critical part of BMS. Since the battery
is a strong nonlinear and time-variability system for its com-
plicated electrochemical process [5, 6], the SOC is affected

by many factors such as open-circuit voltage, self-rescue
effect, temperature, charge and discharge efficiency, and circle
life. Although a great many SOC estimation methods have
been explored by researchers, the accurate estimation of SOC
is very difficult and complex due to limited battery models
and parametric uncertainties [7].

According to different methodologies, the SOC estima-
tion methods can be classified into four categories, including
direct measurement, book-keeping estimation, adaptive sys-
tem, and hybrid methods [8].The direct measurement meth-
ods refer to measuring the SOC based on the battery proper-
ties (battery voltage, battery impedance, etc.), which mainly
include open-circuit voltage (OCV) method [9, 10], terminal
voltage method [11], impedance measurement method [12,
13], and impedance spectroscopy method [14, 15]. The book-
keeping is a method based on current measurement and
integration, which uses battery discharging current data and
other relevant data (self-discharge rate of battery, tempera-
ture, charge/discharge efficiency, etc.) as inputs [16]. The two
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main book-keeping estimationmethods are Coulomb count-
ing method and modified Coulomb counting method [17].
With the development of artificial intelligence, various new
adaptive systems for SOC estimation have been explored,
which mainly include back propagation (BP) neural network
[18, 19], radial basis function (RBF) neural network [20],
fuzzy logic methods [21, 22], support vector machine [23],
fuzzy neural network [24], andKalman filter [25, 26]. In addi-
tion, the hybrid methods are explored by some researchers,
which take advantage of multiple SOC estimation methods
to improve the estimation accuracy [27].

Although extensive research has been undertaken in
exploring approaches to estimate the SOC of battery based on
the complex external characteristic of battery as mentioned
above, few papers have been devoted to studying the rela-
tionship between the SOC of EV’s battery and microscopic
driving parameters.Thismeans that the SOC at some specific
points, which is necessary for EV route planning, cannot be
predicted before the travel using the current estimationmeth-
ods. Therefore, in an attempt to overcome the limitations of
current SOC estimation methods for EV’s battery, this paper
proposes a SOC estimation approach based on the forecasted
microscopic driving parameters, which can predict the power
consumption and SOC accurately before departure and then
reduce the risk of running out of electricity before arriving at
the destination or charging station.

This paper is organized into four sections. In the first
section, the background and significance on SOC estimation
models are provided, along with a review of existing studies
on SOC estimation. In the second section, by analyzing the
impacts of initial SOC for each second andmicroscopic driv-
ing parameters on power consumption rate, the EV power
consumption rate models for different operation modes are
established. On that basis, the SOC estimation model is
proposed, which uses the initial SOC, instantaneous speed,
and acceleration as input variables. In the third section,
the model parameters are calibrated and the estimation
results are discussed by comparing the measured SOC with
estimated SOC. The conclusions and future work are then
provided in the last section.

2. Modeling

Since the SOC of battery is decided by the initial SOC
and power consumption during the discharge time, in order
to establish the relationship between SOC and microscopic
driving parameters, it is important to study the impact of
microscopic driving parameters on power consumption of
EV. Therefore, in this paper, the EV power consumption rate
models for different operation modes are set up firstly, which
give a full consideration to the influence of the initial SOC
for each second, instantaneous speed, and acceleration on the
power consumption rate. Then, the SOC estimation model
is proposed based on the presented EV power consumption
model.

2.1. Data Source. Thedata used for establishing and verifying
the power consumption rate models and SOC estimation
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Figure 1: New European Driving Cycle.

Table 1: Correlation coefficient.

Correlation
coefficient

Parameters
Initial SOC for
each second (%)

Speed
(km/h)

Acceleration
(m/s2)

Power consumption
rate −0.136 0.765 0.410

model are collected by a chassis dynamometer test with New
European Driving Cycle (NEDC). NEDC is a driving cycle
consisting of four repeated ECE-15 driving cycles and an
Extra-Urban Driving Cycle (EUDC), as shown in Figure 1,
and NEDC is supposed to represent the typical usage of a car
in China and Europe, and designed to assess the emission
levels of car engines and fuel economy in passenger cars
(excluding light trucks and commercial vehicles). The data
include four NEDCs and contain time, vehicle speed, battery
working current, battery voltage, and so forth. In the paper,
the data of the first three NEDCs are used to set up the EV
power consumption rate models and SOC estimation model,
and the data of the rest one driving cycle are used to verify
the accuracy of the proposed models.

2.2.ModelMethodology. Both the initial SOC for each second
andmicroscopic driving parameters have a significant impact
on the power consumption rate. Therefore, in this section,
by analyzing the correlation between the power consumption
rate and initial SOC for each second andmicroscopic driving
parameters, the EV power consumption rate models are built
up according to different operation modes. On that basis, the
SOC estimation model is established.

2.2.1. Modeling Power Consumption Rate for EVs. The corre-
lation coefficients between the EV power consumption rate
and initial SOC for each second, instantaneous speed, and
acceleration are summarized in Table 1. It can be concluded
that there is a relatively strong correlation between power
consumption rate and these parameters.

Further, the variation characteristics of power consump-
tion rate with these parameters are analyzed (shown in
Figure 2). According to Figure 2(a), the change rules of
power consumption rate vary in different initial SOC for
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Figure 2: Variation characteristics of power consumption rate with
initial SOC for each second and microscopic driving parameters.

each second. Figures 2(b) and 2(c) illustrate graphically the
nonlinear relationship between power consumption rate and
microscopic driving parameters. It is clear that power con-
sumption rate generally tends to increase with the increase
of speed and acceleration. In addition, the gradient of the
power consumption rate for decelerating mode is generally
smaller than that for accelerating mode, in which it should
be noted that the power consumption rate varies in different
operation modes. Therefore, in this paper, the running status
of EVs is divided into four operation modes, including
accelerating, decelerating, cruising, and idling, and then four
power consumption rate models are established, respectively.

Based on the analysis above, this paper attempts to
establish the EV power consumption ratemodels for different
operation modes that require initial SOC for each second,
instantaneous speed and acceleration as independent vari-
ables.

The derivation of the model structure involves experi-
mentation with numerous polynomial combinations of the
initial SOC for each second, speed, and acceleration. Based
on the VT-Micro model of fuel consumption and emission
for gasoline and diesel powered vehicles [28, 29], the final
regression model includes the linear initial SOC for each
second coupled with a combination of linear, quadratic, and
cubic speed and acceleration terms because it indicates a
relatively high goodness of fit for the collected data as (1).
Since the above model may produce negative dependent
variable values in a few instances, a data transformation
method [29] is applied to the model presented in (1), and
the exponential function model presented in (2) is obtained.
Furthermore, the power consumption rate for idling mode is
estimated using the average value of the power consumption
of every second:
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where 𝑞 is the power consumption rate, namely, the power
consumption of each second, C/s; 𝑆 is the initial SOC for
each second, %; (𝑎
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cients of accelerating, decelerating, and cruising, respectively,
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Table 2: Results of parameters calibration for power consumption rate models.

Variable Accelerating Decelerating Cruising Idling
coefficients (𝑡-value) coefficients (𝑡-value) coefficients (𝑡-value) coefficients

Constant 1.862 (14.816) 1.098 (18.314) 0.602 (2.704) 3.62
𝑆 0.226 (2.132) 0.317 (4.743) 0.633 (3.002) —
V — 0.025 (42.068) 0.037 (10.492) —
V2 — — — —
V3 — 1.184𝐸 − 006 (12.008) −1.062𝐸 − 006 (−3.314) —
𝑎 — — — —
𝑎

2 — — — —
𝑎

3 — — — —
V𝑎 0.098 (23.0313) 0.115 (49.117) — —
V𝑎2 — 0.152 (35.344) — —
V𝑎3 −0.030 (−6.753) 0.053 (28.475) — —
V2𝑎 — — — —
V2𝑎2 — — — —
V2𝑎3 — — — —
V3𝑎 — — — —
V3𝑎2 −5.054𝐸 − 005 (−13.667) −2.324𝐸 − 006 (−13.310) — —
V3𝑎3 2.965𝐸 − 005 (12.637) — — —
Adjusted 𝑅

2 0.947 0.894 0.927 —
V is the instantaneous vehicle speed, km/h; 𝑎 is the acceleration, m/s2; 𝑆 is the initial SOC for each second, %; 𝑅2 is the coefficient of determination.

for polynomial model, 𝑖, 𝑗 = 0, 1, 2, 3; (𝑙
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and cruising respectively, for exponential model, 𝑖, 𝑗 =

0, 1, 2, 3; V is the instantaneous speed of EV, km/h; 𝑎 is
the instantaneous acceleration, m/s2; 𝑞 is the average power
consumption of every second for idling, C/s.

2.2.2. Estimating SOC for EVs. Based on the power consump-
tion rate models proposed above, the power consumption
during the discharge time can be obtained by the time integral
as

𝑄 =
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where𝑄 is the power consumption during the discharge time,
C; 𝑛 is the discharge time, s; 𝑞

𝑖
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each second, namely, the power consumption rate, C/s; 𝑡 is
the time interval, 1 s.

Thus, the SOC estimationmodel based on the initial SOC
and microscopic driving parameters can be calculated by
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(4)
where 𝑆

𝑛+1
is state of charge after the discharge time 𝑛, %; 𝑆

0
is

the initial SOC, %;𝑄
𝑟
is the nominal capacity of battery given

by the manufacturer, Ah.

3. Results and Analysis

In this section, using SPSS software, the parameters of
EV power consumption rate models for different operation

modes are calibrated, respectively, based on regression anal-
ysis method. Further, the estimated power consumption and
SOC are compared with the measured power consumption
and SOC to verify the accuracy of the proposed EV power
consumption rate estimationmodels and the SOC estimation
model.

3.1. Parameter Calibration. Based on the data of the first
three driving cycles mentioned above, using regression anal-
ysis method, the parameters for accelerating, decelerating,
cruising, and idling are calibrated, respectively. Since the use
of polynomial speed and acceleration terms may result in
multicollinearity between the independent variables due to
the dependency of the variables, stepwise regression analysis
method is utilized in the parameters calibration.However, the
study shows that heteroskedasticity exists in the accelerating
model calculatedwith ordinary least square (OLS).Therefore,
for accelerating mode, weighted least square (WLS) is used
for model calibration. The results of parameters calibration
for power consumption rate models are shown in Table 2.

According to Table 2, the statistical results indicate a
relatively high goodness of fit for power consumption rate
estimation (the adjusted 𝑅

2 values in excess of 0.89 and the
absolute t-values of the variables in excess of 1.96 for all the
operation modes).

3.2. Estimation Results. On the one hand, in order to evaluate
the accuracy of the proposed power consumption rate esti-
mation models, the measured power consumption rate data
are compared with the regression models estimation through
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Table 3: Results of MAPE for different operation modes.

Operation modes Accelerating Decelerating Cruising Idling
MAPE 8.74% 9.92% 9.45% 9.67%

calculating the mean absolute percentage error (MAPE).
MAPE is calculated by
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× 100%, (5)

where 𝑄

𝑖
is the measured power consumption, C; 𝑄



𝑖
is the

estimated power consumption using the proposedmodels, C;
𝑛 is the number of tested data samples.

With the purpose of ensuring consistency in comparison,
in this paper, the data of the rest one driving cycle mentioned
above are utilized to verify the accuracy of proposed mod-
els. The MAPEs for second-by-second power consumption
illustrate that the models are relatively accurate with MAPE
ranging from 8.74% to 9.92% (shown in Table 3).

Further, in order to evaluate the applicability of the pro-
posed models in EV route planning and navigation systems,
the MAPE of a specific route is also taken as evaluation indi-
cator. The rest one driving cycle is divided into different time
intervals (2min, 4min, 6min, 8min, 10min, 12min, 14min,
16min, 18min, and 20min) and each time interval is regarded
as a specific planned route of EV.The power consumption for
each time interval is estimated using the proposed models,
and then the MAPEs for the planned route are calculated
under different time intervals (shown in Figure 3). It is clear
that the MAPEs for different time intervals are all less than
4.50% and the MAPE generally tends to decrease with the
increase of length of time interval. Therefore, for the data of
NEDC used in this paper, the presented power consumption
rate models for different operation modes can estimate the
EV power consumption with sufficient accuracy.

On the other hand, the accuracy of the presented SOC
estimation model is analyzed and discussed. Due to the
limited battery capacity and relatively short cruising range,
it is necessary to obtain several specific SOC values of EV’s
battery during the route planning. Therefore, the several
specific SOC values are calculated using the above SOC
estimation model. To evaluate the accuracy and applicability
of the proposed model in EV route planning and navigation
systems, the estimated SOC is compared with the measured
SOC (shown inFigure 4).The relative errors for different time
points between the measured SOC and estimated SOC are
all quite small. Therefore, for the data of NEDC used in the
paper, the presented model is appropriate for estimating the
SOC with sufficient accuracy and can be well applied in EV
route planning and navigation systems.

4. Conclusions

The paper presents a novel SOC estimation approach based
on the data collected by a chassis dynamometer test with
NEDC, which is characterized by fully considering the
impacts of microscopic driving parameters on SOC. Firstly,
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through the variation characteristics analysis of power con-
sumption rate with initial SOC for each second, instanta-
neous speed, and acceleration, a set of EV power consump-
tion rate models with exponential function are established
for different operation modes. Further, using the presented
EV power consumption rate models, the SOC estimation
model that requires the initial SOC and microscopic driving
parameters as input variables is set up. Then, the parameters
of EV power consumption rate models for different opera-
tion modes are calibrated, respectively, using the regression
analysis method. For the data of NEDC used in the paper,
the power consumption rate models for different operation
modes are relatively accurate withMAPE ranging from 8.74%
to 9.92%, and the SOC estimation model can be well applied
in EV route planning and navigation systems to estimate
the SOC of battery. In the future practical application, the
models presented in this paper can be utilized in conjunction
with microscopic traffic simulation technologies or GPS to
further demonstrate their application to routing planning and
dynamic route guidance for EV.
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