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Abstract: Nowadays, electric vehicles (EV) are increasingly penetrating the transportation roads
in most countries worldwide. Many efforts are oriented toward the deployment of the EVs infras-
tructures, including those dedicated to intelligent transportation and electro-mobility as well. For
instance, many Moroccan organizations are collaborating to deploy charging stations in mostly all
Moroccan cities. Furthermore, in Morocco, EVs are tax-free, and their users can charge for free
their vehicles in any station. However, customers are still worried by the driving range of EVs. For
instance, a new driving style is needed to increase the driving range of their EV, which is not easy in
most cases. Therefore, the need for a companion system that helps in adopting a suitable driving style
arise. The driving range depends mainly on the battery’s capacity. Hence, knowing in advance the
battery’s state-of-charge (SoC) could help in computing the remaining driving range. In this paper, a
battery SoC forecasting method is introduced and tested in a real case scenario on Rabat-Salé-Kénitra
urban roads using a Twizy EV. Results show that this method is able to forecast the SoC up to 180 s
ahead with minimal errors and low computational overhead, making it more suitable for deployment
in in-vehicle embedded systems.

Keywords: electro-mobility; electric vehicles; battery SoC forecasting; sustainable transportation

1. Introduction

The transportation sector is responsible for almost 29% of the global energy consump-
tion and produces up to 24% of global CO2 emissions [1]. It is mainly due to the steady
growth of cars on transportation roads, which will increase by more than double in 2050.
In fact, the global car stock will grow up to 2.4 billion in 2050 versus 1 billion in 2015
according to the International Transportation Forum (ITF) [2]. Therefore, as many concerns
have been raised about climate change, the Paris agreement has set an objective to cut
greenhouse emissions by 80% around 2050 in order to keep the global warming under
2 ◦C [3]. For instance, Morocco is one of the countries that is exerting more effort in order
to promote green energy. Many actions have been taken in order to use renewable energy
resources and decrease greenhouses emissions. Notably, Morocco has adopted a National
Energy Strategy to increase the renewable energy production up to 52%, and meet 15%
to 20% of the energy demands by 2030 [4]. Additionally, the Moroccan National Energy
Strategy aims to reduce the greenhouse emissions caused by the transportation system
by 35%. Transportation systems in Morocco generate more than 23% of pollution and
greenhouse gases, and take up to 41% of the total energy consumption [5].
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In order to meet the established objectives worldwide, developing efficient electric
vehicles could help in minimizing greenhouse gas emissions. As stated in [6], battery-
powered electric vehicle (BEV) sales will present, by 2025, 45% of the total car market share
in the USA, and will increase up to 60% on 2030. For instance, the authors in [7] predicted
that by 2030, the number of cumulative adoption of electric vehicles in Morocco could
reach 5400, and 12,600 by the year of 2050, which is a very small number compared to
the USA and Korea [8,9], 2 million and 12 million respectively (representing 0.27% and
0.105%). Morocco has launched many initiatives to promote the integration of electric
vehicles into the Moroccan transportation system, one of which is the Green Miles project
that has the main focus to install 74 charging stations. The aim is to cover more than 600
km of highway roads [10]. It is worth noting that, by the first trimester of 2022, 52 charging
stations were deployed in different Moroccan cities [11]. Nonetheless, Moroccan users have
still not been convinced to switch to electric vehicles. Authors in [12] conducted a survey
about the willingness of Moroccan users to change their mode of transport and opt for
electric vehicles, and whether the electric vehicles would correspond to their expectations.
They found that 52% of interviewed users believe that the high purchase cost is the main
obstacle for not buying an electric vehicle; 15% of the users saw that the main obstacle
is the vehicle’s autonomy; 11% stated that the obstacle could be the lack of recharging
infrastructures; and 78% of the interviewed users stated that it could be that the acceptable
charging time of the electric vehicle is between 30 min and one hour. On the other hand,
in response to the question “How much do you spend on transportation?” in a survey
conducted by authors in [13], users that spend between one to two hours on their daily
commutes said that EVs do not respond to their daily demands due to the low availability
of public charging stations and limited range of EVs.

It is worth mentioning that the effectiveness of using EVs for reducing the greenhouse
gas emissions depends on some factors. For instance, the authors in [14] stated that
EV manufacturing is responsible for the emission of ca. 14 tonnes of CO2 compared to
ca. 6 tonnes for internal combustion cars. Additionally, the source of electricity used to
charge EVs should be considered. Most countries still rely on coal to produce electricity,
and therefore, the effectiveness of using EVs will be low compared to countries that use
nuclear or/and renewable energies for electricity generation.

Most points, as mentioned above, which are addressed when talking about electric
vehicles, are charging stations and related infrastructures, lack of standards and regulatory
frameworks, and battery life [15]. Despite the fact that the two first points are facing many
challenges, such as funding, land purchasing for charging stations, integration with existing
power infrastructures and optimized deployment [16,17], they can be handled and solved
accordingly. Mainly, each country can deploy as many recharging stations to fulfill the needs
of the EV users. Additionally, standards have been established to unify all technologies
related to EVs, e.g., standards that regulate the EV charging, integration into the grid,
and charging infrastructures have been already deployed [18]. Battery life, which can be
determined by the state of health (SoH), is still a major problem of EVs, as the demand for
a low cost/or high energy density is growing rapidly. In fact, SoH is the current capacity of
the battery compared to the initial capacity of the same battery when it was new, whereas the
remaining useful life (RUL) represents the number of complete charge/discharge cycles that
remain to the battery before its capacity falls under 70% of the original capacity. The battery
SoH is affected mainly by the temperature, amount of exchanged load and the amplitude of
the charging/discharging current [19–21]. For instance, Li-ion batteries are known by their
high energy density per kilogram, compared to the other battery technologies. Despite
this, long-range EVs need a large battery pack, which will result in added bulk and heavy
vehicles. Many studies have been carried out to find other battery technologies better
than Li-ion. Authors in [22] presented a review about the promises and challenges of the
next generation battery technologies that might replace Li-ion batteries in electric vehicles
and grid decentralization. The authors concluded that those new technologies either have
a high cost compared to Li-ion, or they present a good low cost/high energy density
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compromise, but they are not suited for electric vehicles. Furthermore, lithium ion batteries
can be subject to aging via two main ways; calendar aging and cyclic aging [23,24]. Battery
calendar aging is related to the battery performance degradation over time, and it depends
on the temperature and charging level. However, battery cyclic aging is related to the usage
of the battery, mainly the current of charge/discharge depth, and the number of charging
cycles. On the other side, other techniques can be used for maximizing the driving range
of the EV [25] while maintaining the SoC accordingly. This will allow the development
of applications that could assist the driver in following a better driving behavior [26],
or selecting the best strategy for the charging schedule and mode [27]. However, those
techniques will require predicting and/or forecasting the battery state, i.e., SoH, SoC and
RUL. Many studies have been, therefore, carried out to estimate or predict the SoH, SoC
and RUL using different methods.

In this work, the focus is put on techniques and approaches that are developed for SoC
estimation/prediction. SoC represents the amount of energy left in the battery, compared
to when it was full. Knowing the battery SoC can give the user an indication of how much
longer the battery will continue to perform before recharging it. In fact, knowing in advance
the future battery SoC can be an input to many applications, such as rerouting, which can
give the user a better trajectory, having less energy in order to reach the desired destination.
Additionally, SoC can be an input for charging planning applications; this could be useful,
as it will provide the user with a better timing to charge the electric vehicle’s battery and
also reduce the charging/discharging cycles. Therefore, all those applications can lead to an
increase in the battery lifetime. For instance, those applications will prevent many problems
that decrease the battery capacity, such as over discharge/overcharge of the battery.

SoC estimation is the basis for defining better operating strategies for EV to alleviate the
range anxiety problem, which hinders EVs to increase their market share in the global fleet,
particularly in emerging countries lacking charging infrastructures. Several methods have
been developed for accurate SoC estimation, such as open circuit voltage (OCV), Kalman
filter and artificial intelligence methods, which could take advantage of data availability.
The hybridization of these methods is also a trend that will overcome the shortcomings of
individual methods to improve their adaptation to fit real-world changes. In this paper, a
hybrid approach for battery SoC forecasting is introduced. First, a data-driven approach
is introduced using a well-known machine learning algorithm, then a model of the used
electric vehicle is developed and tested for integration within machine learning algorithms
to forecast the battery state of charge. In summary, the main contributions of this work
are threefold:

• Introduce a hybrid approach, which integrates both a model- and data-driven techniques.
• Extensively experiment to compare both approaches in real-sitting scenarios.
• Compare the proposed hybrid approach with a naive method.

The remainder of this paper is structured as follow. A state-of-the-art review of existing
techniques for SoC forecasting is presented in Section 2. The EV model and its validation
are presented in Section 3. Section 4 introduces the proposed hybrid approach for SoC
forecasting. Experimental results are presented in Section 5. Finally, Section 6 presents the
conclusions and some perspectives of this study.

2. Related Works

Batteries are the main component in an electric vehicle, and thus, their state should be
monitored and controlled in order to ensure a safe application of the batteries. The main
indicators that are used to determine the battery state are SoC, SoH and RUL. In this study,
the focus is put on the battery SoC, which is the percentage of remaining usable battery
capacity. It is noteworthy that, in addition to using the battery SoC as an indicator to
prevent damaging the battery, i.e., prevent over-discharging (SoC 0%) or overcharging
(SoC 100%), the battery SoC is a key parameter in various energy-management-related
applications. As an illustration, the forecasted SoC can contribute to developing efficient
and meaningful tool for decision-making applications in grid ancillary services [28,29].
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Additionally, the battery SoC could be an input for micro-grid control strategies in order to
have a trade-off between energy demand/response and to select the best time to switch the
system from renewable energy to the grid [30].

Nevertheless, the battery SoC cannot be measured directly, like other battery param-
eters, e.g., voltage, current and temperature [31]. It only can be estimated using various
methods [32], which can be grouped into five main categories: direct methods, adaptive
filter methods, model-based methods, artificial intelligence methods and hybrid methods
as depicted in Figure 1. Direct methods rely heavily on other battery’s parameters; they
are widely used, as they are simple to implement and have low computational complexity
to estimate the battery’s SoC. For instance, the Coulomb counting method, also known
as ampere-hour counting, relies on the integral of the battery’s charging/discharging cur-
rent [33]. However, this method represents many disadvantages: mainly, it is not consistent,
as the accuracy of the estimated SoC decreases over time. Additionally, this method re-
quires knowing the initial SoC, which is not given all the time. On the other hand, the OCV
relies on lookup tables, which associate a given measured voltage with SoC values [34].
The OCV method assumes that there is a linear relationship between the battery’s voltage
and SoC. However, this relationship is not the same for all batteries [35]. On the other
hand, model-based methods have been introduced to overcome the issues related to the
measurement of a battery’s parameters. Many battery models have been developed, such
as the electrochemical impedance spectroscopy model [36] and equivalent circuit models.
For instance, the authors in [37] proposed an ensemble method using an empirical model
and polynomial regression in order to track, based on experimental data analysis, the trend
of the battery’s degradation over its life cycle. Nonetheless, model-based methods also
have some disadvantages, one of which is the need to know the battery characteristics, such
as the battery’s internal resistance. This later is not easy to obtain, as it requires dedicated
tools to measure. Furthermore, it changes over time due to its dependency on the battery’s
SoH and temperature [38].

Figure 1. SoC estimation methods.



Sustainability 2022, 14, 9993 5 of 19

The adaptive filters methods are used to improve the accuracy of the battery SoC
estimation and reduce the noise influence on the battery model. The Kalman filter, extended
Kalman filter, H∞ filter and other filters and observers are used to estimate the SoC [32]. For
instance, the Kalman filter is widely used to estimate the battery’s SoC [39]. However, the
disadvantage that represents this method is that it cannot directly be applied to non-linear
systems [35]. Authors in [31] proposed a H∞ observer based on a novel equivalent circuit
model of electrochemical impedance to estimate the battery SoC. The proposed model and
observer are tested using simulation and experimental tests.

On the other side, artificial intelligence (AI) based methods are becoming more and
more used for SoC estimation. AI is a data-driven method, which means that it relies on
large amounts of historic data to train its models. The data could be the battery’s SoC,
voltage, charging/discharging current or temperature. After training the model upon the
historic data, the model can be used to estimate SoC without the need of knowing the
initial SoC state or conditions [40]. Authors in [41] compared different machine learning
algorithms for SoC forecasting. Mainly, the authors compared the artificial neural network
(ANN), support vector machine (SVM), linear regression (LR), Gaussian process regression
(GPR), ensemble bagging (EBa), and ensemble boosting (EBo). Using the mean squared
error (MSE) and root mean squared error (RMSE) error metrics, they found that the ANN
and GPR are the best methods to forecast the battery SoC. The main concern of the data-
driven method is that it requires a lot of historic data, and huge computational power to
train the models. To overcome most of the aforementioned problems, hybrid approaches
can be used by combining two or more methods. For instance, the authors in [42] combined
a filter-based method with an artificial intelligence method. The authors developed a SoC
estimation method based on adaptive unscented Kalman filters and least square support
vector machines. Simulation and experimentation results show that the proposed algorithm
can predict battery SOC with a limited number of initial training samples.

In the current paper, a hybrid method for EV battery SoC forecasting is introduced
and tested with a real scenario dataset. The proposed method combines a model-based
approach with machine learning algorithms. Therefore, the proposed method follows two
steps: (i) a machine learning algorithm is used to forecast the vehicle speed [43], and (ii) the
forecasted speed is fed to a model, which outputs the forecasted SoC. The proposed method
is tested using real dataset and compared against other methods from literature.

3. Materials and Methods

In this section, a simplified model of the EV is presented, taking into consideration
internal and external factors, which could affect the battery power consumption. Notably,
as the main consumer in an electric vehicle is the traction motor, the SoC mainly depends
on the required power from the motor in a given time. Therefore, to forecast accurately the
SoC, other factors should be taken into consideration, such as the internal characteristics of
the vehicle, the dynamics and forces applied to the vehicle, the traction motor and battery
characteristics. A simplified model of the vehicle is developed, taking into consideration
these factors, and then tested and validated using real data collected from the electric
vehicle, Twizy.

3.1. Model Elaboration

A polynomial power requirement model is used, which takes into account all the
forces applied to the vehicle, as depicted in Figure 2. As defined by Equation (1), Ftotal
represents the total force applied to the vehicle, where Fr, Fc, Fair and Fa denote, respectively,
the rolling resistance force, the force related to road steepness, the aerodynamic force and
the acceleration force.

Ftotal = Fr + Fc + Fair + Fa (1)

The traction power Ptraction (Equation (2)) needed for the EV motion is deduced by
multiplying the total force Ftotal by the vehicle’s speed V.
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Ptraction(t) = Ftotal(t).V(t)

= m.g.Kr.V(t) + m.g.sin(θ).V(t)+
1
2

.ρair.Cd.A.V(t)3 + m.a.V(t)

(2)

where m is the vehicle mass, g is the gravitational constant, Kr is the friction coefficient
related to the tires, θ is the road slope, ρair is the air density, Cd is the drag coefficient, A is
the frontal surface area of the vehicle, and a is the vehicle’s acceleration.

Figure 2. Forces applied to the vehicle.

To determine the electrical power PEM needed for the electric motor (EM) in order
to provide the traction power Ptraction, the angular speed ω and torque T is processed for
both EM and tires as given in Equations (3) and (4), where ωwheel and Twheel represent,
respectively, the angular speed and torque of the wheels. Likewise, ωEM and TEM represent,
respectively, the angular speed and torque of the EM, while rω denotes the radius of the
tire and ktrans, the gear ratio.

ωwheel =
V
rw

Twheel(t) =
Ptraction(t)
ωwheel(t)

(3)

ωEM(t) = ωwheel(t) ∗ ktrans

TEM(t) =
Twheel(t)

ktrans

(4)

Equation (5) represents the equation of the power PEM required from the EM in order
to move the vehicle, where Ce f f represents the efficiency coefficient, which is deduced from
the efficiency map of the EM using interpolation.

PEM(t) = ωEM(t) ∗ TEM(t) ∗ Ce f f (5)

The power to be drowned from the battery is given by Equation (6), where Pbatt is the
total power to be provided by the battery, PEM is the power consumed by the electric motor,
Paux is the power consumed by the auxiliary devices, and Pgen is the power generated, for
instance, from regenerative braking. From Figure 3, there is another electric power, Pch,
which is the power needed to charge the battery from an electrical outlet. However, for
the simplicity of the proposed model, this power is not included, as it does not have an
influence as to when the EV is on the road.

Pbatt(t) = PEM(t) + Paux(t)− Pgen(t) (6)
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It is worth noting that the proposed model does not take into consideration the
regenerative braking, thus Pgen is equal to zero. The Twizy EV has two batteries, the
traction battery and the secondary battery. The traction battery is the battery used mainly
to power up the electric motor. However, the secondary battery is a 12 V battery, which is
used to supply energy for auxiliary equipment, such as lights and washers. Therefore, the
traction battery is not responsible for Paux; however, the 12 V battery is charged either when
the vehicle is charging or when the ignition key is on, so the power consumed to charge the
secondary battery is taken as Paux and it is chosen as a constant value for simplicity.

Figure 3. Power balance diagram of the proposed model.

Figure 4 represents the most commonly used battery model. This model consists of
a generator with open circuit voltage Ebatt, and a constant equivalent internal resistance
Rbatt. The current delivered by the battery can be determined using the following equation:

Ibatt(t) =
Ebatt(t)−

√
Ebatt(t)2 − 4 ∗ Rbatt ∗ Pbatt(t)

2 ∗ Rbatt
(7)

Figure 4. Simple Li-Ion battery model.

Therefore, to obtain the battery SoC, Equation (8) is used, where SoC(t) is the current SoC
and SoC(t − 1) is the previous SoC. Q0 is the total stored battery capacity, and it is obtained by
dividing the battery total stored energy Jbatt by the battery open circuit voltage Ebatt.
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SoC(t) = SoC(t − 1)− Ibatt(t) ∗ dt
Q0 ∗ 100

where : Q0 =
Jbatt
Ebatt

(8)

3.2. Model Validation

To validate the elaborated model, several driving tests were made in two trajectories
to collect the dataset. Each driving test is between 20 min to 2 h (using a collect step of 5
and 10 s). More precisely, the first trajectory is performed 10 times, with a duration between
11 and 30 min, and the number of rows in each test drive, which varies between 136 and
357 rows when using five seconds as a collect step, and between 79 rows and 209 rows
when using a collect step of 10 s. As for the second trajectory, it is performed 4 times,
with a duration between 53 min and 73 min, a number of rows between 447 rows and
884 rows when using five seconds as a collect step, while when using 10 s as a collect step,
the number of rows in each dataset varies between 377 rows and 515 rows. The dataset
contains many fields, but the used fields to validate the model are the vehicle’s speed and
the traction battery SoC. The process is carried out as follows:

• The dataset is divided into two datasets, one with just the vehicle’s speed and another
with just the traction battery SoC.

• The dataset with the speed is fed to the model as an input, and the model then outputs
the corresponding battery SoC.

• The generated SoC is then compared to the real SoC data collected from the vehicle,
and the error metrics are calculated and presented in Table 1.

It is worth noting that, from Table 1, it is seen that the error for trajectory B is slightly
higher than the error for trajectory A. For instance, trajectory A is performed mostly in a
ring road with a maximum speed of 80 km/h, limited traffic lights and no speed bumps.
On the other hand, trajectory B is performed mostly in an urban area, with a maximum
speed that varies from 40 km/h to 60 km/h. Additionally, in trajectory B, the traffic is
mostly dense and there are a lot of traffic lights and speed bumps. Accelerating and
decelerating after and before a speed bump or traffic light results in a noticeable change in
the battery SoC, which makes the prediction of the SoC a hard task. Additionally, in the
developed model, some parameters, e.g., the battery internal resistance and the friction
coefficient Kr, are considered constant. However, those parameters are dynamic and
depend on a lot of factors. The battery internal resistance, for example, varies according to
the battery temperature [44], and may increase over time [45]. As for the friction coefficient
Kr, it depends on the type and status of the road, and the status of the tire.

Table 1. Model validation errors.

Trajectory SMAPE (%) RMSE R2 (%)

A 2.75 1.9 97.08
B 7.33 5.43 98.93

4. Hybrid Approach for SoC Forecasting

In this section, a hybrid approach for battery SoC forecast is presented. The architec-
ture of the proposed approach is presented in Figure 5, and it combines two main methods:
data-based method and model-based method. The data-based method is used to forecast
the vehicle’s speed, while the model-based method uses the forecasted speed to output the
corresponding battery SoC.
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Figure 5. Architecture of the proposed approach.

Regarding the first component of the proposed approach, we leveraged on the work
presented in [43]. In the previous work, an embedded system was developed and used a
data-driven method for speed forecasting. The embedded system was deployed into the
electric vehicle for collecting useful data that affect the vehicle’ speed, such as the vehicle’
internal data (e.g., vehicle speed, battery actual SoC, and driving mode) and external data
(e.g., traffic, weather, speed limit, GPS coordinates and altitude), and then an algorithm
based on long short-term memory (LSTM) was used to forecast the future speed of the
vehicle. Due to the dynamic properties of the speed, the study investigated different
methods to forecast this later, and concluded that using multiple machine learning models
to forecast the speed yields better results than using a single model. For instance, a given
trajectory is divided into multiple segments based on the type of the road and speed limit;
afterward, a model is trained for each segment. Then, the algorithm uses the suitable model
to forecast the vehicle speed depending on the segment in which the vehicle is currently
located. We refer readers to this paper for more details about the developed data-driven
approach for speed forecasting.

A simplified model of the used vehicle is developed as stated in Section 3. This model
takes into consideration the forces that are applied to the vehicle, internal characteristics
and the traction motor efficiency cartography. The model expects the vehicle’s speed as
the input and outputs the corresponding battery SoC. It is worth noting that because of
the simplicity of the used model, it is easy to use the proposed method with other types
of electric vehicles. Furthermore, the used internal parameters are almost all available
and can be obtained from the manufacturer datasheet of the vehicle. Additionally, the
proposed model is suitable for being integrated in in-vehicle embedded systems due to its
low computational power.

Therefore, the proposed hybrid approach takes advantage of the power of the data-
driven method in forecasting the future speed and the simplicity of the model in order to
estimate the EV’s battery SoC.

5. Experimental Results

In this section, the proposed hybrid approach is compared with the data-driven
approach using a dataset, which is collected from the EV Twizy. More precisely, the
prediction accuracy of the proposed approach is assessed against a data-driven approach
using LR and LSTM for both the univariate and multivariate forecasting model.

It is worth noting that the choice of the LR method is based on two main reasons:
(i) the linear evolution of the SoC over time, and (ii) is the simplicity of integrating the LR
algorithm and its low computational complexity.
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5.1. EV Characteristics and Dateset

The dataset was collected from three main trajectories in the cities of Rabat and Sala
Al Jadida, Morocco, as shown in Figure 6. The dataset contains the following fields: date,
time, battery SoC, and vehicle speed, driving mode, geo-localization data, weather data,
traffic and speed limit. Each trajectory is repeated many times in different day periods
and different weather and traffic conditions. Two trajectories of the dataset are performed
in an urban road. Therefore, the collected datasets from these trajectories are almost
identical and have the same pattern. For that reason, just two trajectories are used in this
study: trajectory A in a ring road (green in Figure 6), and trajectory B in an urban road
(red/orange in Figure 6).

Figure 6. Used trajectories between Rabat and Sala Al Jadida.

The trajectories in red and orange colors represent urban roads, which are subject to
heavy traffic and speed limit of 60 km/h. The difference between the red and orange zones
is that the roads in red have two lanes and a lot of traffic lights and speed bumps, whereas
the orange road has three lanes with few traffic light and no speed bumps, which results
in almost fluid traffic, compared to the red zones. The green zone represents a ring road,
which is characterized by medium traffic, speed limit of 80 km/h, no traffic lights or speed
bumps and three lanes.

The used electric vehicle is a Renault Twizy. It is a small vehicle with two passenger
seats, a maximum speed of 80 km/h and a theoretical range of 100 km. The capacity of the
battery is 6 kWh and has a traction motor with 12 kW power. More details are presented in
Table 2.

It is worth noting that, as stated above, the battery SoC is mainly affected by the
vehicle speed, the road slope and the temperature. Therefore, for this study, the other
parameters are omitted for the multivariate model. For the univariate model, the dataset
contains just the date, time and SoC. The dataset is then divided into training dataset and
testing dataset, and many models are then trained; each model is for a specific forecast
horizon and a collect step.
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Table 2. Twizy technical specification.

ENGINE
Engine model MBL7e

DRIVETRAIN
Motor and drivetrain features 3CG—electric asynchronous
Maximum power 13 kW—17 hp
Maximum torque 57 Nm
Engine speed at max. torque From 0 to 2100 rpm
Drag co-efficient (SCx/Cd) 0.64

ACCELERATION PERFORMANCE
AC maximum power 6 kW
Max speed 80 km/h

RANGE
Max range 100 km

WEIGHT
Total weight 474 kg

TYRES
Wheel size 13” wheel covers or alloy wheels
Front tires 125 × 80 R13
Rear tires 145 × 80 R13

BATTERY
Battery type Lithium ion
Battery weight 98 kg
Capacity 6.1 kWh
From 0 to 100 % 3.5 h
Slow charge 10 amps

5.2. Linear Regression

Linear regression is a supervised machine learning algorithm, which is widely used
for its relative simplicity to implement, and it yields good results. It is mostly applied upon
datasets that have a linear evolution over time, and represents a trend, such as market sells,
electricity consumption during certain periods, etc. In the studied case, battery SoC has a
linear trend, which is either descending or ascending, depending on whether the battery is
charging or discharging, hence the use of LR to predict the SoC.

An algorithm that uses linear regression model is implemented and tested against the
collected dataset. At the beginning of the driving cycle, the algorithm starts to collect a
batch of the actual SoC of the battery. The linear regression’s equation parameters are then
determined from the collected batch data. Afterword, the equation is used to predict the
future battery SoC.

The accuracy of this approach depends mainly on the size of the batch data used to
extract the linear equation parameters and the way the data evolve over time. Therefore,
for verification, the results of the used algorithm are compared with the results of applying
the linear regression upon the whole test dataset. The comparison results are shown in
Figures 7 and 8, and the errors are presented in Table 3. From the comparison results, it is
clearly seen that the results of using the whole dataset (Full LR) are better than the results
of applying the LR upon a batch of data (Batch LR). It is worth noting that determining
the suitable batch size is not easy, i.e., having a big batch size might not be useful for the
user, as this later might need to wait longer (time to collect batch data) to have the future
SoC. However, having a small batch size will let the user have the future SoC instantly, yet
this might result in a poor forecast in the long term. In fact, as the battery SoC depends on
many factors, the change of the SoC trend might change drastically. Figure 9 shows the
relation between the vehicle’s speed and SoC. It is clearly seen that when the vehicle moves
at a high speed, the battery SoC decreases rapidly. For instance, Figure 7a shows that the
use of the whole test data yields better results than using small batch size, not to mention
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that the use of a previous drive cycle to generate the LR equation’s parameters is also not
suitable due to the fact that the starting point (the initial SoC) for each driving cycle is not
the same, which will affect the second parameter of the LR equation (the intercept).

(a) (b)

Figure 7. Linear regression results for trajectory A for each collect step: (a) 5 s, (b) 10 s.

(a) (b)

Figure 8. Linear regression results for trajectory B for each collect step: (a) 5 s, (b) 10 s.

Figure 9. Relation between the SoC and the Speed.

Table 3. Linear regression Error metrics.

Full LR Batch LR

Trajectory Collect SMAPE RMSE R2 SMAPE RMSE R2

Step (s) (%) (%) (%) (%)

A 5 4.32 2.95 92.37 22.49 16.45 92.37

10 4.3 2.94 92.41 7.44 5.23 75.9

B 5 1.58 1.18 99.44 5.74 3.78 94.3

10 1.58 1.18 99.44 3.3 2.49 97.5

5.3. Direct SoC Forecasting

To overcome the problem of the starting point (initial SoC), as mentioned above,
another machine learning algorithm is used to train a model that will learn all SoC patterns.
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The trained model is then used to forecast future SoC values. The used algorithm is LSTM,
the choice of this algorithm is based on a previous study conducted in [46]. The process of
SoC forecasting is performed following two approaches: univariate SoC forecasting and
multivariate SoC forecasting.

As stated in Section 4, the dataset used in this experiment contains the collected data
from various driving cycles in both Rabat and Sala Al jadida cities in Morocco. Each driving
cycle is done in a predefined trajectory, which is divided into multiple segments depending
on the type of the road and speed limit. Therefore, multiple models are trained using
the univariate approach, where each model corresponds to a specific trajectory segment.
The univariate approach takes as input the historical SoC data in order to train models,
which is used later to forecast the next battery SoC. Figures 10 and 11 depict the results of
the uivariate approach for each different forecast horizon. From these figures, four obvious
remarks can be seen: (i) the time in which the models are switched in the beginning of
each road segment is clear, (ii) the univariate approach tends to have good results in some
segments and not in others, (iii) the results of trajectory B are relatively stable compared to
those with trajectory A, and (iv) the univariate approach fails to predict the initial SoC.

(a) (b)

Figure 10. Univariate model results for trajectory A for each collect step: (a) 5 s, (b) 10 s.

(a) (b)

Figure 11. Univariate model results for trajectory B for each collect step: (a) 5 s, (b) 10 s.

Unlike the univariate model, multivariate model take as input more data, which make
it aware of the factors that are involved in the battery SoC. However, in order to learn all
the relationship between all the input fields, the model needs to train upon a bigger dataset,
which could result in a long training time. In this experiment, the same dataset was used
to train the multivariate models. The results are shown in Figures 12 and 13. From these
figures, the same remarks as for univariate models can be applied to multivariate models.
However, if compared figure to figure of each method (univariate/multivariate), the multi-
variate results overall are better than the univariate ones. Although, after determining the
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errors metrics for each approach, as shown in Table 4, both approaches, univariate and mul-
tivariate, perform poorly in forecasting the battery SoC compared to the linear regression.

(a) (b)

Figure 12. Multivariate model results for trajectory A for each collect step: (a) 5 s, (b) 10 s.

(a) (b)

Figure 13. Multivariate model results for trajectory B for each collect step: (a) 5 s, (b) 10 s.
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Table 4. Error metrics; Traj (Trajectory), Cs (Collect stetps), Fh (Forecast horizon).

Forecasted Speed Univariate Forecasted SoC Multivariate Forecasted SoC Hybrid Approach

Traj Cs Fh SMAPE RMSE R2 SMAPE RMSE R2 SMAPE RMSE R2 SMAPE RMSE R2

(s) (s) (%) (%) (%) (%) (%) (%) (%) (%)

A

5

30 43.76 14.70 69.61 64.20 29.47 61.39 39.78 19.86 63.71 1.87 1.50 76.40
60 45.96 15.25 66.76 38.04 18.44 55.83 28.38 13.12 80.56 3.55 2.47 89.85

120 47.39 15.57 67.73 18.30 11.46 69.59 35.2 17.86 64.44 3.35 2.41 91.95
180 58.27 20.06 50.93 29.21 18.81 52.75 22.29 13.42 62.43 5.46 3.94 92.59

10

30 45.43 12.88 75.98 42.43 21.28 66.19 67.55 28.65 66.75 13.07 8.83 94.60
60 48.29 14.11 70.74 61.09 29.60 47.58 14.62 10.77 70.92 11.70 7.90 93.04

120 51.21 17.47 55.29 32.34 16.66 50.54 33.29 19.70 51.54 10.51 7.14 91.33
180 48.74 17.06 59.80 18.31 13.51 57.50 19.8 12.22 69.05 12.68 8.54 93.12

B

5

30 62.92 13.26 60.08 46.60 28.36 41.66 18.44 14.82 65.64 15.06 10.03 98.25
60 69.97 16.97 34.17 11.27 11.82 67.44 38.5 22.42 57.82 3.02 12.90 98.90

120 72.26 17.92 26.45 11.94 11.94 65.89 10.19 11.2 69.43 17.38 10.09 98.44
180 77.83 21.87 13.15 17.70 17.13 39.78 19.27 17.93 41.23 7.72 5.22 77.95

10

30 64.50 13.60 59.82 52.43 31.35 34.95 66.68 35.48 32.34 4.84 3.48 98.84
60 68.22 16.23 40.45 47.72 29.98 33.82 16.16 15.7 57.17 4.86 3.73 98.59

120 72.90 18.43 23.20 45.21 27.73 39.31 34.29 23.13 45.97 7.20 5.35 98.72
180 74.89 19.06 18.40 17.61 15.64 51.51 29.81 20.79 49.29 9.05 6.77 98.04
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5.4. Hybrid Approach Forecasts

The proposed hybrid approach combines a machine learning algorithm and a simple
EV model in order to forecast the battery SoC. The machine learning algorithm is used
to forecast the vehicle’s speed. It is worth noting that, as stated in Section 4, the speed’s
forecasting process is performed as follows, dividing the trajectory into multiple segments
and then training a model for each segment. After forecasting the vehicle’s speed, the simple
EV model takes the forecasted speed values as the input and outputs the corresponding
battery SoC values. The results of this approach are presented in Figures 14 and 15.

(a) (b)

Figure 14. Hybrid approach results for trajectory A for each collect step: (a) 5 s, (b) 10 s.

(a) (b)

Figure 15. Hybrid approach results for trajectory B for each collect step: (a) 5 s, (b) 10 s.

From these figures, it is clearly seen that, even though multiple models are used to
forecast the speed of each segment, the segmentation of the trajectory is barely noticeable in
the results of the proposed approach compared to the direct SoC forecasting approach. Fur-
thermore, the problem of initial SoC is solved, as the simple model takes into consideration
the internal EV data, e.g., the battery SoC.

Another remark that can be drawn from the results of the proposed approach is, the
collect step plays a role in the accuracy of the results. Actually, from the errors metric,
presented in Table 4, a collect step of five seconds is suitable for forecasting the SoC in
trajectory A; however, for trajectory B, using a collect step of 10 s yields good results.
Additionally, the errors of the proposed approach are much smaller than those of direct
SoC forecasting, and between Full LR and Batch LR errors.

6. Conclusions and Perspectives

In this study, a hybrid battery SoC forecasting approach is introduced and investigated.
The proposed approach combines a machine learning algorithm with a simple EV model
in order to forecast the battery SoC. The machine learning algorithm is responsible for
forecasting the vehicle’s speed. This later is then used an input for the EV model to obtain
the corresponding battery SoC. The proposed hybrid approach is compared to direct SoC
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forecasting using LSTM and a linear regression algorithm. The errors results show that the
proposed approach outperforms the direct forecast method and can forecast over to 180 s
ahead with minimal errors. Moreover, the proposed approach also overcomes the limitation
of the linear regression method. More precisely, the proposed approach gives better results
compared to the LR or the direct SoC forecasting method. On one hand, the hybrid approach
seems to overcome the problem of the two other investigated methods. On the other hand,
this study aims to develop a SoC forecasting method that can be deployed in an in-vehicle
embedded system. The low computational power of the embedded system makes it hard
to use the LR or the direct SoC forecasting method, as they require a huge amount of data
in order to train the models and improve their accuracy. However, the proposed method
relies on the forecasted speed, which is already deployed into the embedded system, to
generate the future SoC. The deployed speed forecasting system is already tested in the
previous work [43], and the simplicity and the computational power of the EV model helps
in integrating it alongside the speed forecasting system. As a future work, the proposed
hybrid approach is undergoing integration into the simulator, V2X Simulation Runtime
Infrastructure (VSIMRTI), for virtual testing and scalability studies.
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