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Abstract. Battery management system (BMS) plays a big role in the safety,
performance, and longevity of batteries especially in sophisticated systems such
as electrified vehicles. Among all the techniques involved in BMS, the state of
charge (SOC) estimation is one of the most important elements as battery uti-
lization depends heavily on it. Unlike other physical parameters, real-time
monitoring of SOC is almost unattainable due to its non-linear characteristics
which cannot be measured directly. Typically, indirect methods such as open-
circuit voltage (OCV) estimation and Coulomb counting are used to estimate the
SOC level to a certain degree of accuracy, but these methods are not applicable
to all types of batteries which raises the issue of reliability. This reliability
concern is related to the efficiency of the main system as the recharging process
is directly affected and might jeopardize the operational safety and usage of
battery in electrified vehicles. An efficient and reliable BMS can prevent bat-
teries from damages and improves the energy conversion efficiency which can
lead to the lower fuel consumption in systems such as hybrid electric vehicles
(HEV). In this paper, a neural network-based BMS (NN-BMS) is developed for
a through-the-road hybrid electric vehicle (TtR HEV) focusing on the recharging
capability of the TtR HEV. A real-time neural network SoC estimator is pro-
posed and the BMS performance is evaluated in Simulink to observe the per-
formance that improves the SOC management of the TtR HEV model by
accumulating up to 46% of charging time under extreme condition on NEDC.

Keywords: Battery management system � Neural network � Hybrid electric
vehicles

1 Introduction

1.1 Research Background

Fossil fuels still stand as the primary source of energy throughout the various sectors of
human activities all over the world. The main reason for this is because fossil fuel
currently is still the most convenient source of energy which leads to the production
rates to rise annually as the demand increases despite the volatility of its supply chain
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and pricing. However, its dire impact to the environment is consequential and efforts
should be made to diminish our reliance on these substance for the sake of the
preservation of the natural ecosystem for future generations. The global carbon dioxide
(CO2) emission from fossil fuel incineration arrived at an unprecedented high of 33.5
GtCO2 in 2018 with the power generation and transportation sectors contributed over
two thirds of the total sum and have been accountable for almost the entire emission
increment consistently since 2010 [1]. As around 90% of energy-related emissions are
the byproduct from carbon burning, CO2 has been the leading source of greenhouse
gasses (GHG) emissions. The CO2 emissions worldwide correspond to around three
quarters of total GHG discharge back in 2015, thus, they remain at the center of the
climate change relief argument and persists as one of the main topics to be addressed in
the breadth of global political sense [1].

Great attention and efforts focusing on emission reduction and fossil fuel inde-
pendence to decrease the impacts of global warming are taking shape all around the
world. The transportation sector is emphasizing on zero-emission vehicles as the
solution to decrease pollutant, noise, and carbon emissions. As electrified vehicles such
as battery-powered electric vehicles (EV), hybrid electric vehicles (HEV) and
hydrogen-powered fuel cell vehicles (FCV) are making impactful changes throughout
the market, the industry is looking forward to the brighter future as long as the technical
and logistical hurdles are sorted out [2]. One of the major components of any electrified
vehicles is the battery pack or the energy storage system (ESS). Aside from FCVs
which use fuel cell batteries powered by hydrogen, the other forms of electrified
vehicles use rechargeable battery packs as their ESS.

The types of batteries used in electrified vehicles varies depending on the power-
train architecture and the level of hybridization in the case of HEV. The spectrum of
battery types ranges from the low energy density and cheaper lead-acid type to the high
energy density types such as nickel-metal hydrate (NiMH) and lithium-ion (Li-ion)
which are more expensive [3]. For an optimized operation, batteries require meticulous
management especially in the electrified vehicles application to avoid over-current,
over-voltage or over-charging/discharging which can jeopardize the safety, causing
premature battery aging, and even the risk of fire or explosion. These concerns warrant
a need for a battery management system (BMS) to ensure the safety and consistent
performance of batteries [3–6].

1.2 Problem Statement and Objectives

The BMS is an essential part of electrified vehicles control system which protects the
ESS from damage, ensuring charge cycle integrity and provide state of charge
(SOC) prediction. Furthermore, methods such as cell balancing, and recharging control
are utilized in BMS to further enhance the efficiency of the BMS to maximize the
battery life and system efficiency. In regards of SOC, which is the remaining level of
charge of the battery comparative to the full capacity expressed as percentages, an
accurate estimation of its state will enable the vehicle’s energy management strategy
(EMS) to manage the driving mode more efficiently as the system will be able to
optimize the battery usage using reliable power delivery between the ESS and the
electrical drivetrain. However, direct measurement of SOC is difficult to attain due to
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its non-linear characteristics which leaves the only method to obtain its value is through
estimation [3–6].

In this paper, a neural network-based BMS (NN-BMS) that incorporates a SOC
estimator based on neural network (NN) built in Simulink is proposed. The NN-based
SOC estimator is trained and simulated on the data set of 18650 Li-ion battery pack
using NNTOOL and transferred to Simulink. The BMS model will be incorporated into
a through-the-road HEV (TtR HEV) model that uses a fuzzy logic-based EMS to
evaluate its performance over standard drive cycles. The objectives are to design a
BMS focusing on the ESS performance and charging characteristics and to observe the
BMS performance relative to the performance of the TtR HEV over standard drive
cycles through simulations in MATLAB.

2 Literature Review

Customers interested in purchasing an EV or HEV are very concerned about the safety
and reliability of these vehicles. The safety and reliability of the EV and HEV are
closely related to battery technology and BMS. BMS plays a big part in enhancing ESS
performance and vehicle operation optimization by ensuring the operations of these
mechanisms are safeguarded in a safe and reliable manner. Therefore, the development
of comprehensive and mature BMS is in demand to fit in the rapid growth of the
electrified vehicles market. A HEV is a type of vehicles that combine internal com-
bustion engine (ICE) with one or more electric motors (EM) to provide power to the
vehicle. In this paper, the electrified vehicle architecture which will be focused on is a
modified parallel TtR HEV architecture which uses a fuzzy logic-based EMS. The
main reason for the chosen architecture lies in the limited ESS sustenance capability of
this particular architecture due to the absence of a mechanical power-split link between
its mechanical and electrical drivetrains [7].

2.1 TtR HEV and EMS Model

The detailed modeling and design methodology for the chosen HEV model and its
EMS can be obtained from [2] and [7]. The highlight of the chosen vehicle model in
regards of its ESS is the indirect charging mechanism that is deployed through the
contact with the road surface while in motion due to the detachment between the
mechanically and electrically driven axels [2].

Fuzzy logic-based EMS is used to derive the optimal power flow solution via an
online blended mode strategy which prioritizes the use of the electrical drivetrain to
satisfy the drivers demand relative to the remaining distance of the trip [7]. A fuzzy
logic controller is deployed to select the most suitable operating point for the TtR HEV
using a personalized parameter known as the global discharge rate (GDR) which is
generated by the ratio of the remaining SOC and trip distance. Based on the GDR
value, the driver’s power demand is evaluated and the fuzzy logic controller determines
the appropriate power flow ratio based on the fuzzy rules which are determined by two
membership functions representing vehicle speed and remaining SOC [7].
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2.2 Li-ion as the ESS of Choice

The replacements for fossil fuel in the form of renewable energy sources like solar,
wind and tidal energy are intermittent in nature and fundamentally impractical in
applications focusing on mobility such as electrified vehicles. A reliable power supply
that is practical, compact, rechargeable, adjustable and possess consistent power quality
is needed. These attributes are what have made rechargeable batteries as the default
solution for applications in electrified vehicles. Nowadays, Li-ion batteries are mostly
preferred in many applications especially in electrified vehicles for having a high
energy density and its cost which continues to drop steadily every year. On top of
having a long life cycle and lightweight, researchers and manufacturer continue to
develop and improve its energy density at a rate of 7–8 Wh/kg at the cell level yearly
and the cost is projected to drop below 100 EUR/kWh within this decade [8].

Although Li-ion batteries boast stability and robustness among its other qualities,
an effective BMS is still mandatory to ensure that the battery operates safely and
reliably to prevent physical damage and handles thermal degradation and cell unbal-
ance. In addition, BMS is essential in evaluating battery’s states like SOC and state of
health (SOH) using parameters such as temperature, voltage, and current. Besides,
BMS also plays its role in control and updating of data, the detection of defects and the
equalization of battery voltage, which are important factors in achieving good SOC and
SOH accuracy [3–6].

Fundamentals of Li-ion Batteries Operation. During the discharge of Li-ion bat-
teries, the anode (usually made of graphite) and the solution phase are deintercalated. At
the same time, the Li-ions at the cathode (made from lithium metal oxide) and LiCoO2

particles are intercalated. A concentration gradient is therefore formed that shifts the
electrode from the cathode to the anode. Since the lithium particle concentration is
strongly linked to the equilibrium potential of the two electrodes, the cell voltage
decreases during the discharge process to 3 V [9, 10]. During charging, this process is
reversed. Another important battery parameter is the C rating which is defined by the
ratio of the current flow (charging and discharging) to the nominal capacity of the cell.
Therefore, 2C corresponds to 6A since the nominal capacity of a cell is 3 Amphere-hour
(Ah). The C rating shows the magnitude of the current relative to the size of the battery.
C rating enable a quick comparison of the behavior of the battery for input currents,
irrespective of the size of the battery because the magnitude of the current varies
depending on the electrochemical activities within the battery cells [9, 10].

SOC Estimation. SOC can be defined as the gauge that states the remaining charge
contained in the battery. Accurate estimation of the SOC will lead to the optimal energy
management in HEVs and protect the ESS from overcharge or over discharge condi-
tions. Such a condition will degrade battery life and may lead to hazardous condition.
Electrochemically, the cell SOC is described as the changes that correspond to the
average concentration of Li-ion in either side of the electrode solid particles [6].
However, SOC cannot be measured directly from the battery, or the cells so various
algorithms are developed to estimate the SOC based on the battery parameters.
The SOC estimation methods can be divided into five categories which are summarized
in [6].
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Recent Proposals on SOC Estimation Techniques. Some of the recent proposals on
SOC techniques have discussed variety of methods on dealing with this problem. These
includes the proposal on the use of Deep Feedforward NN (DNN) machine learning
approach by E. Chemali et al. (2018) which mapped battery measurements directly to
SOC while the battery is exposed to a variety of ambient temperatures during training.
This approach achieved a mean absolute error (MAE) of just 1.10% when validated
over many different datasets [11]. F. Yang et al. (2019) proposed a data-driven and
model-free recurrent NN with gated recurrent unit for SOC estimation using the vast
computing power of graphic processing unit (GPU). The presented method is a robust
solution and has enabled satisfying estimation results over different ambient temper-
atures simulation with mean square errors (MSE) within 3.5% [12]. Another notable
proposal was from X. Bian et al. (2021) which presented a two-step parameter opti-
mization method exploiting particle swarm optimization (PSO) algorithm to tune the
error covariances of extended Kalman filter (EKF) which leverages the battery usage.
The PSO-optimized method has proven to be robust even when faced with erroneous
initial SOC input to produce under 2% MAE in all conditions [13].

2.3 Neural Network SOC Observer

NN is a tool that possesses high adaptability and self-learning skills to establish a
complex non-linear model. NN estimate SOC by using trained data without under-
standing the internal structure of the battery. Formation of NN network uses three
layers which are the input layer, an output layer and hidden layers as shown in Fig. 1.

The input of NN takes the parameters of the battery such as discharge current,
terminal voltage, and temperature whereas the output is SOC. This method is able to
work when the battery is charging or discharging but it requires a large amount of data
for training. Back-propagation neural network (BPNN) is proposed as it applies charge-
discharge tests to predict SOC of Li-ion batteries. Discharge current and voltage are
used as input and capacity as output in the model.

Fig. 1. The structure of NN SOC observer
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3 Research Methodology

3.1 Data Acquisition for Training Algorithm

In this stage, input variables and required samples are collected for the NN training.
18650-type Li-ion cells are chosen due to its high voltage and capacity which are
suitable for EV or HEV applications. The nominal voltage and capacity of the battery
are 3.6 V and 2.0 Ah respectively with the voltage range between 2.5 to 4.2 V. In this
training, the data from two EV cycles which are Dynamic Stress Test (DST) and
Federal Urban Driving Schedule (FUDS) are used for training and testing. The duration
per cycle of DST and FUDS are 360 s and 1372 s respectively. For the training, the
proposed model is trained using 70% of data set (5040 samples for DST and 4802
samples for FUDS) and 30% of data set (2160 samples for DST and 2058 samples for
FUDS). is used for testing the model. A battery testbench using Arbin BT2000 battery
test system is used to test the battery. Figure 2 shows the current profile, consecutive
cycles of current and voltage profile for DST and FUDS.

This system consists of battery charging/discharging control, temperature control
and data control software. The data for battery is collected at three temperatures, 0 °C,
25 °C, and 45 °C. The selected factors for input are current, voltage and temperature.

3.2 SOC Estimation Algorithm

The SOC estimation algorithm has three input variables from DST and FUDS at three
different temperatures. Here, the BPNN is paired with a low pass finite impulse
response (FIR) which is a moving average filter to reduce the noise so that the sampled
data is smooth. Then the drive cycle data are separated 70:30 to be used in training and
testing the NN. In the BPNN model, the number of hidden layer neurons and learning
rate are optimized based on the backtracking search algorithm (BSA) in order to
improve the accuracy of the estimated SOC. Training and testing data are used for
training and validation of the BPNN model. The error of estimation is calculated based

Fig. 2. Current profile, consecutive cycles of current and voltage profile for DST and FUDS
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on the comparison with the reference value. The deep learning toolbox in MATLAB is
used to develop this algorithm. It offers a framework that allow the user to design and
implement deep NN with model, algorithms, and application. First, Input-output and
curve fitting is selected and separated into 70% for training 15% for validation and the
remaining 15% for testing. The NN training tool is used to train the model. After the
training, the performance and fit graph are generated and can be used for future
improvement of the model. The Simulink diagram can be created for future use in the
development of BMS.

3.3 Proposed NN-BMS Development

After the development of the algorithm for SOC estimation, the designing process of
the NN-BMS is next where it requires several steps The block diagram of the BMS is
facilitated with the following blocks which as stated below:

• Neural network controller - Simulink diagram of the algorithm of estimation of
SOC is used for this controller. Inputs of the block act as the inputs of the NN and
the output of the block which is estimated SOC is stored in data storage.

• Battery Input Parameters Extraction Block - The parameter used is from the data
from the battery testbench data set

• Data Storage Read/Write Block - Storing the data from the NN controller, and
another block.

• Recharging Block - The multistage constant current (CC) charging method is used,
and the algorithm helps in deciding the stage of charging based on SOC of the
battery.

• Thermal management block - Control response due to the temperature is imple-
mented in this block. The cooling system is implemented to control the temperature
of the battery.

• Balancing logic block - Cell balancing control is implemented in this block. The
balancing between the cell depends on the estimation of SOC and other parameters
to estimate the SOH of the battery.

The final diagram of the proposed NN-BMS model is shown in Fig. 3. The tech-
nique used to train the model is the Levenberg-Marquardt backpropagation algorithm.
This algorithm is selected because it converges quicker than backpropagation gradient
descent but required more memory when training. The number of hidden neurons is set
to 15 initially. Selection of the number of hidden neurons is based on [14]. Using the
BPNN with a backtracking search algorithm, the optimal number of hidden neurons for
building high accuracy and robust model is 15 when using Dynamic Stress Test in 25 °
C to train the SOC prediction model. For this paper, the SOH monitoring is not applied.

Neural Network-Based Battery Management System 327



4 Results and Discussions

4.1 NN-BMS Controller Model

In the estimation of SOC, the NN controller block is used as the neural fitting appli-
cation as to map between voltages and current with SOC of the battery by predict the
SOC of each battery cell in a battery pack as SOC cannot be measured directly from the
battery but only to be estimated based on the measurable parameter such as voltage and
current. The dataset for training the model is the Dynamic stress test of INR 18650-20R
in 25 °C which is a type of lithium manganese nickel cylindrical battery cell. Voltage
and current are mapped with discharged capacity when battery discharging is extracted
from the dataset to train the model. As the model is predicting the SOC of the battery
when the battery is discharging, the parameters of the battery during discharging are
selected from the dataset. The SOC is then calculated based on Eq. (1) and used as the
target data in model training.

SOC %ð Þ ¼ 1� Discharged Capacity
Total Charge Capacity

� 100% ð1Þ

Evaluation of NN Training. To ensure the NN model have the exact accuracy when
performing prediction in a real scenario, evaluation is required after training the model.
Several evaluations such as accuracy test of training, validation, and testing of the
model, MSE and error histogram are performed. The accuracy graphs shown in Fig. 4,
Fig. 5, and Fig. 6 shows the linear regression plot of the target data with output. The
accuracy of the model is related to the regression line of the plot which shows a fit in
the graphs. if the regression line is y = x which mean that the model is having 100%

Fig. 3. Proposed NN-BMS model in Simulink
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accuracy because the output result is equal to target data. In Fig. 4, Fig. 5 and Fig. 6,
the regression line of each of the graph is near to Y = T, thus showing that the accuracy
is high.

The training accuracy in Fig. 4 and validation accuracy in Fig. 5 are nearly the
same which prove that the model does not overfit. Overfitting means the model
memorizes the data instead of learning the data which will be shown in the significantly
lower accuracy of validation compared to training. Comparing Fig. 4 and Fig. 7, the
training accuracy of the proposed project is determined. The comparison proved that
the trained model for the project has achieved the expectation.

The MSE for the model dropped dramatically from epoch 0 to 25 and decrease
linearly after epoch 25 and stops at epoch 454 because the training automatically stops
when generalization stops improving, as indicated by an increase in the MSE of the

Fig. 4. Training accuracy Fig. 5. Validation accuracy

Fig. 6. Testing accuracy Fig. 7. Comparison of accuracy testing
based on the same dataset
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validation samples. Therefore, the best performance is determined at epoch 448 with
1.5468. From the overall evaluation, the developed model is considered as a high
accuracy prediction model for SOC because the accuracy of the model is 99%. As the
model is used for curve fitting with two inputs and one output, high accuracy of the
model is reasonable.

Performance of NN Model. The performance is evaluated with Simulink testing. The
evaluation is a comparison between the predicted SOC and SOC obtained from OCV of
the battery. The results are shown in Table 1.

Based on Table 1, the mean error value for the prediction range is around 0.987%
which is acceptable.

4.2 Proposed NN-BMS Performance in TtR HEV

The proposed NN-BMS is applied to the TtR HEV model in Simulink. The model is
using a fuzzy logic-based EMS and performs well when the initial SOC is set to high.
To verify the effectiveness of the proposed NN-BMS, the initial SOC is set to a low
60% with the lower SOC threshold set to 30%. On the New European Drive Cycle
(NEDC), the original system is only barely keeping the SOC above the 30% by the end
of the simulation (Fig. 8) due to the inefficient charging control resulted by the late
deployment of the generator (Fig. 9). In this simulation, the EMS is pushing the car
into using both the ICE and EM to drive the car thus less available power for charging.
And as the SOC drops further, the generator is finally initialized to sustain the SOC
over the 30% threshold.

With the application of the proposed NN-BMS in the battery charge controller
block, the system is observed to be more aggressive in recharging the ESS as depicted
in Fig. 10. The testament of this is exhibited in Fig. 11 with the generator alternately
used between the rest period of the EM to enable charging. In this simulation, it is
observed that the EMS is not initializing the ICE to drive the car until the later part of

Table 1. Comparison of predicted SOC with SOC obtained from battery OCV

Current (A) Voltage (V) Predicted SOC (%) SOC from OCV (%)

−0.64335 3.828773 74.28 78.08
−0.63324 3.694246 64.34 64.11
−1.28596 3.547901 49.10 50.14
−0.3849 3.57526 38.07 38.22
−0.83552 3.524104 32.26 29.50
−2.17726 3.541749 59.64 59.77
−0.69338 3.769037 72.55 72.61
−1.63562 3.412565 19.29 18.47
−1.64013 3.506135 45.01 45.08
−0.89638 3.374845 8.92 8.11
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the drive cycle which is putting the strain on the ESS as the EM is continuously
draining the charge. Only after reaching the 30% threshold, the EM stops working to
enable recharging by the generator to sustain the 30% limit. It is important to note that
the operating point selected by the EMS here is clearly not to the best interest of the
system and should be re-evaluated, but the BMS is still able to preserve the SOC at the
end thanks to its aggressive charging strategy throughout the trip.

From the results, it can be determined that the extreme test condition is able to show
that the NN-BMS is able to adapt to the harsh conditions and despite the unfavourable
circumstances of balance between driver’s demand and ESS preservation, has managed
to accumulate charging time of 46% of the trip which improves from a mere 2% of the
trip using PI charge controller.

5 Conclusions

From the results, it has been shown that the proposed NN-BMS has been successfully
designed in Simulink and is able to improve the SOC management in a TtR HEV over
standard drive cycles.

Fig. 8. Vehicle speed vs SOC on NEDC Fig. 9. Usage of ICE, EM and GEN

Fig. 10. NN-BMS on NEDC Fig. 11. NN-BMS effects on charging
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