
Article

Innovative Scaled Hardware Simulator for Designing
and Testing an EV’s Battery Storage System
Incorporated with an Adaptive ANN Model

Minella Bezha 1,*, Makoto Ishii 2, Takahiro Shoda 2, Yuki Hoshide 2 and Naoto Nagaoka 1

1 Graduate School of Science and Engineering, Power System Analysis Laboratory, Doshisha University,
Kyoto 610–0321, Japan; nnagaoka@mail.doshisha.ac.jp

2 Yazaki Research and Technology Center, Yazaki Corp, Susono, Shizuoka 410-1194, Japan;
makoto.ishii@jp.yazaki.com (M.I.); takahiro.shoda@jp.yazaki.com (T.S.); yuki.hoshide@jp.yazaki.com (Y.H.)

* Correspondence: minella.bezha@yahoo.com; Tel.: +81-70-4406-9691

Received: 12 May 2020; Accepted: 19 June 2020; Published: 23 June 2020
����������
�������

Abstract: In this study, a scaled-down system, which can be used as a benchmark test for the battery
storage designing of electric vehicles (EVs) is proposed. This model was based on the hardware
simulator of the battery storage system (BSS) used from a single cell up to 4 cells in a series pack
system, which simulates a practical battery pack. The developed simulator can charge and discharge
any rechargeable battery, such as Li-Ion, Ni–MH or Pb battery. The scaling ratio of the simulator
was evaluated by the ratio of the current or power of the battery pack specimen related to the
specification. Also, this study proposes an innovative state of charge (SoC) estimation of the battery
pack for EVs based on genuine results obtained through practical tests. This estimation was carried
out by an adaptive artificial neural network (ANN) algorithm, using simple inputs. As well, this
model can deduct the state of health (SoH) of the battery pack based on the power output level and
waveform characteristics. The results of the ANN showed high generalization, a low error of SoC
estimation at the level of 1.1%, with a calculation time less than 16.5 s. Regarding the hardware
simulator, the similarity of the results and waveform accuracy of the scaled-down battery systems
compared with the real battery pack was very acceptable with a maximum deviation of 2.1% in the
worst scenario. The cells cycled with different depths of discharge (DoD) or C-rates, at different
temperatures with different initial SoCs using any arbitrary current waveforms. Our conclusions will
help battery manufacturers to test and evaluate the performance of the BSS in different applications,
such as EVs, PV generation, and wind farm, with significant cost reduction. Also, the ANN algorithm
can be used and embedded in EVs or in any other industrial application, as proposed in this paper.
This study contributed to the real-time diagnosis of the BSS without interrupting the normal operation
based on its features.

Keywords: battery storage systems; Li-Ion battery; ANN Estimation; EV battery pack; hardware
simulator; real-time diagnosis

1. Introduction

In recent years, the importance and necessity for power generation systems based on renewable
power sources have become a primary focus of research [1,2]. Through the improvement and
implementation of the power generation systems based on natural energy, it will be possible to
solve the issue of CO2 emissions. The importance of rechargeable batteries nowadays is increasing
from portable electronic devices and solar energy industry up to the development of new electrical
vehicle (EV) models. In addition, the necessity for larger, efficient, and reliable storage systems is
heightened. Rechargeable batteries are considered as the most common storage devices. Nowadays,
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the battery storage system (BSS) has been drastically improved through the improvement of battery
technology and the implementation of different types of sensors to measure complex parameters such
as static/dynamic temperature distribution, aging effects, increase of the internal impedance, humidity,
balancing the SoC of the cells inside each module, and the ability to operate without problems during
heavy stress conditions or in dynamic loads [3–5].

However, the actual diagnostical technology cannot make an accurate and reliable diagnosis
in real-time; also it is necessary to stop the operation of the device for full service which would
mean an extra cost for the non-operation of the system while in maintenance. A fast increase of the
EV in the period 2020–2030 is statistically estimated based on the global institutes related to smart
vehicles and EVs. This leads to the increase of rechargeable BSS mostly based on Li-Ion and its derived
chemistries. However, despite the fact of increased production, it is necessary to maximize the usage
of the actual batteries, as well as to evaluate how to reuse again the deteriorated battery in different
industry applications.

The battery is the most important part of EVs, which provides the energy, but still another more
advanced system should and needs to direct and control it for the purposes of operating everything
else in the EV. The main challenges of a battery in an electric vehicle (BEV) are the limited mileage
of operation, high cost, battery issues and non-standardization and undergoing optimization of
charging infrastructure.

Since the batteries in a BSS are always in the charging/discharging process, its deterioration
characteristics and behavior should be included and recognized starting from the early design stage
of the storage system. The application fields are not restricted since the developed simulator has the
capability of arbitrary current control, i.e., waveform, amplitude, duty cycle. It is useful not only for
the design and test of EV’s BSS but also those of PV and wind turbine generation. In the case of the PV
and wind turbine, the scaling factor of the system includes some parameters by assuming or predicting
the power generation and/or load power which is affected by various parameters such as the intensity
of solar radiation and wind speed.

Another important matter, which distinguishes the EV’s manufacturers nowadays, is the charging
speed. The battery cells have to be developed in consideration with the capability of quick charge
without suffering from a tremendous loss of age and keeping into consideration elevated temperatures
which might cause ignition and explosions. These abilities affect and change the fundamental design
of the battery. This design includes the chemical properties of the new batteries, by defining how
their chemical structure should be formulated. On the other hand, it is important to design the pack
composition in a way to satisfy the required energy and maintaining the temperature inside the
allowable range. This requires an advanced cooling system, which should consider the necessity
of small size, low power loss and lightweight. It is necessary to fully understand of the process in
minimal detail because certain interactions are almost impossible to be calculated mathematically with
real results and to be sure of the accuracy. The most challenging issue hereby is that a large-scale
“dynamic” (i.e., with differential/difference equations rather than only algebraic equations) [6], including
mixed-integer nonlinear programming (MINLP) difficulties which must be solved in real-time.

Software simulation cannot explain everything as a real and practical benchmark. It is necessary
to develop a new hardware simulation that can test the battery pack based on the scaled-down ratio.
This opens the opportunity for more advanced technologies, with lower costs during testing and
manufacturing process.

In this paper, a scaled-down system for the real-time test of the battery pack for EVs is introduced.
Since the hardware simulator can charge and discharge any types of rechargeable batteries as confirmed
in [7–15], it can practically simulate the charging and discharging characteristics using a single cell up
to four series connection model constituting the battery pack installed in the storage system. In order
to confirm the reliability and the accuracy of the proposed simulator, real data obtained from EV tests
were used to confirm the efficacy of the model. Finally, a synthesis algorithm of an equivalent circuit
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of each battery was implemented into the simulator using the abilities of ANN which accelerate the
estimation in case of reduced data by increasing the vast of testing scenarios.

A further investigation will be made on the optimization and simplification of the ANN structure
by reducing the necessary input cells for accelerating the calculation, training and estimation without
sacrificing the accuracy. During estimation, the results are compared at the same time with a practical
test based on unsupervised learning process (UL). If the accuracy is low, then ANN will continue to
train and updating its weights until the error is reduced and the structure is finally optimized.

This helps for the implementation of real-time estimation of the SoC or SoH of the battery as well
it can enrich the generalization of the model.

Although the SoH estimation is not the main focus of this manuscript, the authors are under
investigation regarding this matter, and some papers are already published using the proposed MTC
device as a cost-efficient method of SoH evaluation method.

In simple words, this study proposes an alternative and cost-effective approach of benchmark
stress test and diagnosis of the BSS during the early designing phase comparing to high-cost industrial
devices. Also, through this study it was possible to obtain an accurate SoC estimation of the BSS
without compromising the high generalization of the proposed model, which can be used not only in
EV’s but as well in the renewable generation system. Comparing to other methods of SoC estimation
is lacking in generality, which leads to wrong SOC estimation in certain battery types. This method is
based on a high accurate and reliable model in order to obtain the characteristics of the real-life battery
and predict its behavior under a wide variety of conditions. In addition, it is a time saving and mobile
friendly approach for low- and medium-power applications.

2. Proposed System

2.1. Hardware Configuration

The battery itself is very nonlinear with respect to temperature, SoC and SoH, which is a reflection
of the remaining energy. Although the SoH and other parameters related to the quality of battery
are already available in the battery system [16–19], the deterioration process is expressed through
complex models. However, the model cannot be used for a numerical simulation due to its heavy
computational load especially in industrial applications. That needs some kind of simplification.
Recently, the computer-aided design method is widely used to improve the efficiency of the storage
system [20–25]. For an accurate simulation, the battery characteristic should be included. However,
the simple simulation cannot strictly consider the electrochemical reaction of the battery, because the
reaction is difficult to express in mathematical forms. As a result, the battery characteristics of the
storage system cannot be accurately analyzed with the deterioration characteristics.

The proposed hardware simulator with an elevated generalization which includes the ability to
test different battery chemistry, a wide range of voltage and current level, as well different current
waveform for the charging/discharging process, gives a better explanation to the chemical reactions,
i.e., the simulator includes every battery characteristic behavior within the results. Depending on the
application, the target profile is different. Some applications require high peak power with a very
dynamic operation, in others, energy efficiency or safety is the primary design criteria. Fast charging
could be one of the key technologies in some EVs. On the other hand, the standby operation, i.e., slow
charging is allowable in other EVs having long rest periods. Optimization in the charging system is
required not only for the battery itself but also for other components. The temperature of a battery
is an important parameter that affects its performance and lifetime. The attached power electronics
converter can be used to help control the temperature of the battery. Although the sensing system of
batteries has migrated into the monitoring of individual cells, not just the overall pack, the charger
unit is still external. Since the rechargeable batteries have the risk of ignition and explosion due to
over-charge/discharge, a protection system, such as a battery management system (BMS), is essential
to monitor and control the battery current and voltage for safety operation.
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Figure 1 shows the block diagram of the proposed system. This system is developed and explained
firstly by Gondo [10], and now the improved model is proposed by the first author in this paper. It is
composed of three blocks: a charging and discharging circuit equipping the integrated circuits (ICs),
the microprocessor board named “PIC unit” to control the battery charge/discharge, and a measuring
circuit to obtain the battery voltage and current data.

Figure 1. Block diagram of the charging/discharging circuit.

The main circuit of the improved multi type chemistry charging/discharging (MTC) for the
secondary-batteries is configured in the same way as the previous model, but the quality of the
electronic components are improved in faster switching time, and higher voltage and current operation,
also with a lower operating temperature of the components due to a better cooling system. These
enhancements give the opportunity to test various battery packs. The main circuit is composed of a
charging and a discharging circuit, each regulated through a charging management IC as a simple
BMS. The discharging circuit is also controlled by the charging management IC; thus, the support
circuit consisting of three blocks to assist the discharging circuit, and to protect the main circuit from
overvoltage and current, for single-cell operation. In case of a battery pack test, a specific BMS is
connected with the battery pack, protect from under-voltage or current faults. The operation of the
system is controlled by a programmable interface controller (PIC) equipped on a microprocessor board
MA350. Due to the usage of a wide variety of rechargeable batteries, the hardware simulator proposed
in this paper has to manage a wide voltage range. The challenge to design an optimal storage system,
which brings out the full potential of each battery, is necessary. In order to examine the characteristic,
the proposed MTC has to test any typical secondary batteries, such as lithium-ion (Li-Ion), nickel-metal
hydride (Ni–MH), and lead-acid (Pb) batteries. As long as the specification of the battery pack is
within the range from 2 to 12.6 V. Table 1 shows the specifications of the proposed MTC hardware
scaled simulator.

Table 1. Specification of the MTC (multi type chemistry charging/discharging).

Item Min Typ. Max

Supply voltage (ACV) 100 - 240
Operating voltage (V) - 12 -
Operating current (A) - - 2

Battery voltage (V) 2 - 12.6
Battery current (A) −4 - 4

Frequency range (Hz) 0.01 - 100
External DAC (V) 0 - 2

Temperature range (◦C) 0 - 50

The number of parallel batteries (i.e., the current amplitude) can be increased by changing the
final power MOS-FET. Another important and innovative feature of this method is the ability not to
rely on initial values of SoC or other parameters, and it can be applied to any battery pack composition.
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The battery control of the developed simulator is based on a current control method. In addition,
the system can control the battery according to the battery power by the current control with the
measured battery terminal voltage. The appearance of the system is shown in Figure 2.

Figure 2. System appearance (during operation for battery pack 3S4P or for single cell test).

Regarding the protection system, it is based on the use of an emergency stop switch.
The temperature level drastically improved from last model [10], which is maintained cooled using a
fan based on forced air method, with noise level from 12.8 dB to 28 dB. The overall size of the MTC
device is optimal for mobile applications to be carried out for test outside the conventional laboratory
environment, with device size of 208W × 282D × 72H (mm).

2.2. Performance and Evaluation

In this section, the potential of improved MTC is explored and evaluated with the usage of the
proposed BMS included in. Below is the explained the operation and use of the MTC. The new MTC
software V.5.1.0 has higher voltage operation compared with the previous version V4.2.1 [8,9], which
was limited up to 9 V, where the new one can operate up to 12.6 V. This improvement allows the use of
3S4P BMS configuration. Also, the interface and menu are changed by giving more freedom in terms
of battery selection, type of waveform operation i.e., Constant Current Constant Voltage (CCCV), pulse
or arbitrary for different combinations of battery connections such as in series or parallel. The details
are shown in Figures A1–A3 in the Appendix A. The user can insert the information such as the upper
and lower voltage limits of the test battery for safe operation. Then, test condition such as frequency
and the current value is also entered. Regarding the test condition of the proposed MTC is the same
with the previous system, which is set by the controller with a rotary encoder, and the conditions are
always displayed on the liquid crystal display (LCD) during the test. At that time, the charging and
discharging circuit are controlled by a feedback system based on the voltage and current data. The data
obtained from the test can be saved in an SD card and displayed graphically. Figures 3 and 4 show the
system performances when a Li-Ion battery cell is charged and discharged by the system.
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Figure 3. Voltage response of a secondary Li-Ion battery based on sinusoidal current.

Figure 4. Voltage response of a Li-ion battery to an arbitrary current of 1 kHz frequency.

The battery current can be controlled by the built-in microcomputer or an external oscillator,
as shown in Figure 2. For example, the current waveform is sinusoidal with an amplitude of 3 A and a
frequency of 1 Hz. The maximum difference between the target and measured current is in the range
of 120 mA, which indicates the accuracy of the developed simulator. From the measured voltage and
current, the battery characteristic can be obtained. For example, the capacitive characteristic of the
internal impedance is obtained from the phase difference, and the impedance of 130 mΩ is obtained
from the voltage fluctuation amplitude of 400 mV and the current amplitude of 3 A. The validation of
the characteristics in a high-frequency region, the arbitrary waveform having the current amplitude of
1 A with the frequency of 1 kHz is entered as the external signal input as explained in Figure 4. In this
example, a delay of 130 µs is observed at the switching from the charging to the discharging. It is the
required time for switching the operation of charging management ICs in the charging and discharging
circuit controlled by the microprocessor.

Regarding the BMS circuits and components, BM3451 IC commercially purchased component
is used for the proposed BMS circuit. The BM3451 continuously works to monitor each cell’s
voltage, the current of charge or discharge, and the temperature of the environment to detect
over-charge/discharge, overcurrent, short circuit, and over-temperature, etc. Besides, also it can change
the protection delay time of overcharge, over-discharge and discharge overcurrent by setting the
external capacitors. The BM3451 provides external bleeding for the cell-capacity balance function to
avoid unbalanced capacity between each cell. Thus, the batteries can work for longer. In Figures 5
and 6 are shown the block diagram of BM3451 with three-cell application including balance function.
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Figure 5. Block diagram of BM3451.

Figure 6. BM3451 with three-cell application with balance function.

The extended function module embedded in the BM3451 ICs makes them work for an increased
number of battery packs with multiple chips, and they can protect 6-cell batteries or even more than
6-cell batteries.

It introduces features like:

a) High accuracy voltage detection for each cell

• Overcharge threshold 3.6 V~4.6 V with accuracy: ±25 mV (+25 ◦C) / ±40 mV (−40 ◦C to + 85 ◦C)
• Overcharge hysteresis 0.1 V with accuracy: ±50 mV
• Over-discharge threshold 3.6 V~4.6 V with accuracy: ±80 mV
• Over-discharge hysteresis 0 V/0.2 V/0.4 V with accuracy: ±100 mV

b) Three grades voltage detection of discharge overcurrent

• Discharge overcurrent 1 0.025 V~0.30 V (50 mV step);
• Discharge overcurrent 2 0.2 V/0.3V/0.4V/0.6 V;
• Short circuit 0.8 V/1.2 V.

c) 3/4/5/6 cells protection enable
d) Supports external bleeding for balance
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e) Over-temperature protection
f) Setting of output delay time

• Overcharge, over-discharge, discharge overcurrent 1 and discharge overcurrent 2 protection delay
time can be set by external capacitors.

g) Controlling the state of charge or discharge by external signals
h) The maximum output voltage of CO/DO:12V
i) Breaking wire protection
j) Low power consumption

• Operation mode (with Temp protection) 25 µA typical;
• Operation mode (without Temp protection) 15 µA typical;
• Sleeping mode 6 µA typical.

Another important component for the design of the 3S BMS type is the switching control
block, where it was based on the usage of the STD95N3L (LH6) Power MOSFET. It has the required
specifications and features for the development of the used BMS proposed in this study, as:

• Extremely low on-resistance RDS(on);
• Low gate drive power losses;
• High avalanche ruggedness.

Due to the new gate structure based on the 6th generation of design rule of STs, STripFETTM

technology, the resulting power MOSFET exhibits the lowest RDS(on), which makes it suitable for a
demanding DC–DC converter application as BMS, where high power density has to be achieved.
The switching-time test circuits used for the designing of the improved simulator MTC are shown
in Figures 7 and 8. Further details are explained in Appendix A, respectively in Figures A4–A6 and
Tables A1–A3.

Figure 7. Switching times test circuit for resistive load (a) and gate charge test circuit composition (b).

Figure 8. Test circuit for inductive load switching and diode recovery times (a) and unclamped
Inductive load test circuit (b).



Appl. Syst. Innov. 2020, 3, 27 9 of 25

2.3. Applicability

Figure 9 shows an example of the Pb battery characteristics or other chemistry type by a CCCV
charging. The proposed system can charge/discharge battery cell/pack with a pulse waveform or any
other arbitrary waveform. The proposed system can configure the cycle duty of the pulse waveform
from 10% up to 90%. Figure 9 illustrates the voltage responses for three types of batteries by a pulse
current discharging.

Figure 9. Voltage responses of three type of rechargeable battery based on pulse current discharging of
50 mHz frequency.

As a contribution from some of the authors of this paper, pulse waveform charging has
been considered to extend battery life in EVs [13–15]. It clarifies the differences of the battery
characteristics as the transient responses. Figure 10 shows the use of arbitrary waveform based on the
sinusoidal waveform.

Figure 10. Arbitrary waveform charging/discharging (Li-Ion 1 cell): (a) sinusoidal waveform, (b) another
example of arbitrary waveform during discharging.

Figure 11 shows the usage of an arbitrary waveform based on a dynamic discharging operation of
the 3 series and 6 parallel configurations with the developed BMS circuit. This model tries to simulate
the real behavior of an EV operation through the practical tests carried out using the proposed system.
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Figure 11. Dynamic arbitrary waveform: (a) during discharging of Li-Ion battery pack 3S6P
configuration connected with BMS, (b) magnified current waveform.

The capability of the arbitrary waveform operation and the scaled-down battery configuration of
the proposed system gives the possibility to study and test the battery pack for the real application
using any actual power waveform. The feature is suitable for the investigation of BSS not only for
EVs but also for renewable energy generations because the system simulates the dynamic and various
characteristics of the generators and loads. In the following section, two simulated examples of the
proposed system for renewable generators are explained before the application to EV’s BSS.

2.3.1. Photovoltaic Generator’s Storage System

PV power generation converting solar energy directly into electricity has attracted attention due
to its renewability and sustainability. PV generation is very positive for daytime applications at a
high-power demand; however, it cannot generate at night. Also, its generation depends on the weather
and topography, and its power is reduced by shading, etc. To resolve such inconveniences, it needs the
usage of rechargeable batteries for storing the generated power during daytime, also for smoothing
power production. Below is explained the operational characteristics of an independent PV power
station of 2 kW capacity. Figure 12 shows an example of the generated power in winter, including the
fluctuations generated due to cloudy weather.

Figure 12. Generated power by a solar panel array in February 2016.

The BSS of 5 kWh capacity was assumed as a storage facility in this simulation and was modeled
by two 18650 type Li-Ion cells. The rated voltage of the Li-Ion battery cell was 3.7 V, with rated
capacity 2250 mAh (8.325 Wh) and 3250 mAh (12.025 Wh), respectively. The reason for using two
different battery capacities was for confirming the generalization ability of the system. The charged or
discharged power for the test using the hardware simulation was reduced to 1/625 for 2250 mAh cell
and 1/416 for 3250 mAh cell. The characteristics from 9:30 AM to 10:30 AM in Figure 12 were used
mainly for the purpose of the hardware simulator test done by the MTC. The peak generated power
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was approximately 1.8 kW, and the generated power less than 400 W was within 10 min in the period.
Figure 13 shows the voltage and current characteristics of the selected battery cell using the MTC.

Figure 13. Voltage and current waveform during charging/discharging process on the proposed MTC
with a constant load.

Its initial SoC of 50% and with the scaled current waveform assuming a constant load of 1 kW.
The test was carried out using the measured data sampled at every 1 s.

Figure 13 shows the result for the simulated case when the generated power was larger than
the load power of 1 kW, where the waveform fluctuation comes due to the dynamic situation of
the charging and discharging process at the same time. Especially during the moments when the
generated power was smaller, the insufficient required amount of power was supplied from the battery
to the load.

2.3.2. Wind Power Generator’s Storage System

Another type of renewable energy source is wind power. Wind power generation is characterized
by a low cost of power generation. In contrast with the PV generation, wind power can generate power
at night. Another important characteristic of wind power is the output fluctuation according to the
wind speed and the system is usually connected to the high-voltage grid.

However, in order to use wind power efficiently, a secondary battery is necessary to storage and
smooth its generated power. In this section, a test based on a scaled-down model is carried out focusing
on the generated power of an independent 22 kW wind power plant based on the real measured
wind-generated power obtained during wintertime. The operational characteristics were tested for 4 h
using two load patterns as shown in Figure 14.

Figure 14. Estimated generation power of a wind power plant: (a) with a constant load and (b) with a
variable load.
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The dynamic behavior of the generation was included in both figures, for a constant and variable
load, where the case of insufficient generation for more than 1 h was included in both patterns.
The variable load was assumed based on the standard power system model from the Institute of
Electrical Engineers Japan [13]. In the case of the independent grid with the wind power generator, a
BSS with 22 kWh capacity was assumed to be installed.

This study was not limited only to the BSS system evaluation, test, and simulation for renewable
energy applications. The main focus was the test for the scaled-down capacity model of EV’s BSS
applications. In the next chapter, the EV’s BSS is tested during real driving, considering different
scenarios of driving.

3. EV’s Storage System

3.1. Driving Test, Measuring and Data Collection

The attention and necessity for the development and improvement of the BSS is one of the
main purposes of the researchers of EVs and other power system applications. During the running
process of EV or Hybrid Electric Vehicle (HEV), the batteries experience stress from the dynamic
operational environment. The EV consists of a storage system, a controller, and an electric motor.
Its regenerative energy can be effectively used, and noise and running costs can be reduced compared
with the conventional automobile. The charging condition is essential for designing the storage system,
while the charging quality of the battery directly contributes to the battery lifetime and EV’s mileage.

BSS models for EV or HEV has been carried out through rigorous analytical procedures. Due to
its time-consuming procedure, some assumptions are necessary to make the analysis tractable, which
impairs the value of such models. An alternative way is to employ conventional empirical methods,
which are variations of the classical regression theme.

In order to solve these issues, the developed simulator is useful for testing the characteristics using
one or some cells in the EV battery pack with actual driven data [26–28]. In this paper, the experimental
data are obtained based on a test made on the Nissan Leaf 2013 model.

The configuration of this battery pack is shown in Figure 15 and it was scaled down for the MTC
hardware simulation. The battery pack was composed of 96 modules in total, connected in parallel of
two groups each with 48 modules connected in series (48S2P). Each module was configured by 2-series
and 2-parallel Li-Ion battery cells. The rated power capacity for the battery pack was 24 kW with a
rated current of 65 Ah (1 C = 65 A) and rated voltage of 360 V.

Figure 15. SoC evaluation during full discharge test of the EV in dynamic scenario.

Figure 15 shows a measured SoC curve of the battery pack to be evaluated. This test included
all types of scenarios, from fast, slow and average driving speed, and typical terrains. As shown in
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Figure 15 the test starts in the urban area, and enters to highway driving of about 90 min, followed by a
driving in mountainous terrain, until the battery pack SoC reaches 6%. At this moment, the car stopped
and could not drive further due to the safety protocols. After that, the battery was fully discharged
by using the air conditioner and any other outer peripherals (4th zone). Another important thing to
explain is the halt of SoC reading when it reached 6% (blue, dashed line bar), because the device cannot
read anymore the value in the stop zone, which means the sensor cannot read further the SoC level.

Figure 16 shows the current waveform of the battery pack during the driving test. The current
waveform was monitored to understand and monitor the stress of the battery. The negative current
means the discharging process of the battery pack, and the positive value means charging due to
the regenerative braking system. As shown in Figure 16, the charging current during the urban area
test is very low due to the low speed, and the braking cannot charge the battery with enough energy.
Figure 17 shows the electric power characteristics of the EV during the driving test.

Figure 16. Current waveform of the test.

Figure 17. Electric Power of the EV during driving test.

During the highway test, the braking moments are less due to the driving situation. However, in
mountainous terrain, the regenerative braking reaches its peaks due to the necessity to use the brakes
more often.

The EV’s test started with SoC of 100%, and the car was not charged from any electric grid or
station during the test. All the charging energy comes due to the regenerative braking.



Appl. Syst. Innov. 2020, 3, 27 14 of 25

3.2. Scaled-Down Simulation by the Proposed System

In this section, the charging/discharging characteristics of the practical EV driving are simulated
in the scaled-down BSS by the proposed device using the real current of the EV’s battery pack with a
24 kWh capacity. The scaled-down tests are carried out using two types of Li-Ion battery 18.650 cells.
The two batteries have different capacity respectively 2250 mAh and 3250 mAh, where the second
type can give more current for heavy drain applications. In the simulation, the scaled model is
synthesized under an assumption that the capacity ratio is 30, 60 or 90. This ratio is determined from
the configuration of the battery pack and based on the capacity of the Li-Ion sample. Figure 18 shows
the voltage of the EV’s battery pack during the real driving test. This pattern is used for the comparison
and evaluation of the proposed system for the scaled-down test using a single cell. Figure 19 shows
the voltage results of a single cell obtained from the scaled-down MTC simulator.

Figure 18. Battery pack voltage during EV’s driving test.

Figure 19. Single Li-Ion cell tested in the proposed scaled down simulator.

The results are similar to the real EV test as shown in Figure 18. It is easy to understand the
similarities between Figures 18 and 19. The total BSS voltage of the EV was possible to be achieved
even by scaling down the ratio to a single cell. This ensures the possibility to test a single cell battery
based on the advanced algorithm and estimating the behavior of a real BSS of a large capacity. Through
this method is possible even to estimate the characteristics of every single cell that composes the BSS,
also by analyzing the voltage and current output of each cell. The difference from the proposed scale
down simulator with the real EV’s BSS is stably maintained within 1.4% deviation during 97.8% of
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the total waveform, and the deviation reaches the maximum value of 2.1% differences only in some
moments. The testing time of the scaled-down model is the same as that of EV’s driving test, this
helps to increase the accuracy of the test and to incorporate the ability for reliable analyses. During the
transient moment, the driving pattern change from one terrain to another one of these data collected
for further investigation, which helps to understand and predict the behavior of the driving mode.
This number is shown specifically to emphasize the importance of this moment as shown in Figure 19.
Another important thing and innovation of this scaled-down simulator is the possibility to decide the
minimum and maximum voltage level of the cell within the safety level of operation. As a matter of
fact, over-charging and over-discharging levels are very severe in the lifetime of the battery which
directly affects the SoH and degradation speed. In this study, the minimum voltage is chosen 2.7 V and
a maximum voltage of 4.15 V, where these levels give the opportunity to test the full potential of the
battery cell and understanding some physical meanings during specific regions of SoC.

Figure 20 shows a magnified current pattern while EV is driven. The battery voltage obtained from
the scaled-down simulator is shown in Figure 21. These figures show the accuracy of the current control
of the proposed system. In addition, this feature gives important information to engineers for the
development of efficient and better battery operating systems, and for better SoC estimation methods.
In simple words, this means that it is possible to learn, use or simulate any practical waveform and
patterns and furthermore it is possible to stress a single cell or few cells in a specific ratio and being
able to estimate the practical pattern as if the experiment could have been conducted on a real BSS.
The similarities of the peaks and the dynamics-fluctuations are maintained the same as shown above.
But the most important to highlight is the fact that this system can handle any arbitrary waveform, not
just a simple CCCV mode. This helps not only to study the behavior or the BSS before manufacturing
but as well it serves as an analytical tool for the applied system itself, which brings the ability to
investigate the potential of the system with specific BSS compositions.

Figure 20. Charging current of a battery pack while EV is driven.

Figure 21. Scaled simulation per Li-ion cell by EV driven current.
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3.3. ANN Estimation Model

The proposed simulator gives accurate characteristics of the BSS based on the scaled-down cells,
and its reliability has confirmed through the comparison of real data. This conclusion opens the door
for other developments and tests. By creating a different scenario, it is possible to create various data
for training ANN, which estimates SoC or SoH. During estimation, the results are compared at the
same time with a practical test based on the unsupervised learning process (UL). If the accuracy is low,
then ANN will continue to train and updating its weights until the error is reduced and the structure is
finally optimized.

Although the SoH estimation is not the main focus of this manuscript, the authors are under
investigation regarding this matter, and some papers are already published using the proposed MTC
device as a cost-efficient method of the SoH evaluation method.

In addition, the data can be used for a more advanced ANN model which estimates the internal
impedance of the battery as well as SoC and SoH in real-time (during operation) [9,11,12,28].

ANN is one of machine learning (ML) techniques based on reinforcement learning (RL), supervised
learning (SL), and unsupervised learning (UL) method, which electronically imitates the neural structure
of the brain. This approach consists of three processes, learning, validation, and test. During the
training process, the selection of the most appropriate NN composition is very important, and each
of the ML techniques has its typical structure and properties depending on the specific problem,
as explained in [29–35]. The typical structure of the ANN is composed of an input layer, a hidden layer,
and an output layer. The proposed NN is processed in MATLAB R2019a. For this ANN structure
4 different input sets are used for the training, validation, and testing process, respectively voltage,
current, cell’s temperature including ambient temperature and some electronic components inside the
hardware simulator. All the data related with SoC value are genuine, which means they are retrieved
through practical experiments and test done through MTC and NF-AS-510-LB4. The NF-AS-510-LB4 is
a high-end industrial device that will help the study by providing important data with high accuracy,
as cole-cole plot, SoC and SoH evaluation, also, will help to do the training of the ANN for the case of
static temperature test structure [28]. In Figure 22 is shown the block diagram of the proposed method.

Figure 22. Block diagram of the data training.

A continuous collection of data and comparison of accuracy between developed MTC device
and the confirmed NF-AS-510-LB4. Two sampling scenarios are used for this ANN. The first model
has 500 cells for voltage and current, and 50 cells for the temperature. The second sampling is with
the double of the first one respectively 1000 cells for voltage and current inputs, and 100 cells for the
temperature. Based on the user’s preferences and the required accuracy, it is possible to choose the
desired scenario. In Figure 23 is shown the temperature information during an arbitrary charging
while monitoring the battery cells, ambient and the MOSFET transistor.
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Figure 23. Cell’s temperature during the test on the proposed simulator.

During the first steps of the training, was used a stochastic gradient descent optimizer, which
requires that the learning rate should be specified so that we can evaluate different rates. In the
beginning the preferred learning rate was set to 0.01, because after the model was fit, the plot of the
accuracy of the model on the train and test sets over the training, we could evaluate the performance
on each specific learning rate.

After this evaluation was decided to start the learning rate with 0.01 and finally concluding
with a learning rate of 0.0015, with batch value of 52. Also, in order to smooth the progression of
the learning algorithm, which in turn, can accelerate the training process, it is possible to adapt the
momentum value as we did for the learning rate section, but with a fixed learning rate value in this
case. After the evaluation of the “momentum” performance, it was decided to use a momentum value
of 0.78. Of course, it is necessary to take into mind that specific results may vary given the stochastic
nature of the learning algorithm, so the example was performed a few times in order to achieve the
best performance. As matter of fact, in all cases where the momentum was used the accuracy of the
model on the holdout test dataset seems to be more stable, showing less fluctuation over the training
epochs. But one of the targets set by the authors was to define a proper alternative ANN model which
can be used for online processing and being handle by the embedded microprocessors which can be
supported by its system’s memory. For low memory it is recommended to use batch with a value of 16,
which benefits on low cost and with acceptable error.

In this study, a dual hidden layer structure is used as shown in Figure 24 which can give and
accurate the SoC estimation.

Figure 24. ANN structure for the proposed model with 3 inputs, dual hidden layer and single output.
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The results of the ANN estimation are shown in Figure 25, and they are compared with the real
EV SoC values. The estimation is solid, reliable, and fast during all the tests. The error is maintained
stable within the range of 1.1% and within 16.5 s. The dual hidden layer structure with 11 neurons for
each layer was selected as the most appropriate one for this study, considering 3 important variables:
reliability/stability of the estimation, accuracy, and lower time of calculation.

Figure 25. SoC comparison between Real EV measuring and the estimated one through ANN model.

Few ANN models based on a single hidden layer structure were used in this study. They show
very good accuracy within the average error range of 0.9% to 1.1%, however in 6.6% of the estimated
cases based on single-layer structure their peak error reaches 4.9% to 5.1%. In addition, the versatility
of ANN with the single hidden layer structure is lower compared to that with a dual hidden layer
structure. Based on these results, the author decided to choose the dual hidden layer ANN structure,
which has 11 neurons for each hidden layer, as the most optimal evaluated model for this study.

Figure 26 shows the performance and error rate of the ANN. It reaches minimal error value at
Epoch 346, after 15 consecutive training sets. The error is maintained stable and less than 2.1% during
the testing period.

Figure 26. Evaluation of the training error Histogram for the proposed ANN model.
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Figures 27 and 28 show another important simulation and estimation of power consumption using
the scaled-down simulator. The continuous line in Figure 27 shows measured power consumption
during the mountainous area, and the dots are for the estimated values. This plot shows not only the
results of the estimation but also the possibility to reduce the sampled data up to 20 times, based on
the optimized model, and still maintaining an accurate model. The results show the possibility to
make an accurate test for large BSS using the scaled-down simulator. This can drastically decrease
the cost of the BSS during the designing and testing phase. As well by incorporating the ability of
ANN logic, it is possible to feed the database and increase the analytic procedure of ANN just using
the scaled-down simulator. With the power of ANN, it enables not only to reduce the cost but also to
make further investigation on faster SoC or SoH estimation. This method does not require a real and
costly EV battery and saves time. In addition, the test can be carried out safely, and the test can reduce
the stress of a battery pack composed of hundreds of cells.

Figure 27. Estimation of power consumption for a specific terrain.

Figure 28. Comparison of a short estimation test for the power consumption.

More the battery gets deteriorated, more power and energy the EV will need in order to finish the
test for the same conditions, so it means the power output of the battery will be reduced. By integrating
the power vector, it is possible to obtain the energy characteristic, which helps to understand better the
effect of the battery deterioration in the mileage autonomy of the EV. For the same test as shown in
Figure 28, the effect of nonlinear deterioration is confirmed in Figure 29.
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Figure 29. Required energy for different number of cycle operation [27].

Through time it is possible to calculate how much is the distance covered by the car, also to
understand the differences of the mileage in the EV during deterioration. In the region of the highest
current peak, the maximum difference from a new battery of 0 cycle to 300 cycles is 11.6% and from the
new battery of 0 cycle to 500 cycles is 18.8%. When the Li-Ion cell gets deteriorated at the maximum
value of 500 cycles the difference is increased in a nonlinear proportion. Also, the nonlinearity of the
characteristic is included in the estimation model as it’s showed during all the energy accumulation
period. Although the detailed investigation and analysis of the SoH estimation is not the main focus
of this study, significant progress is made through the proposed method, which will be published in
future studies.

4. Conclusions

This paper presented an innovative and alternative approach for the BSS test and evaluation by
the development of a scaled-down hardware simulator. This method enables accurate simulation of a
practical battery pack using single or few cells. This system can include real battery characteristics and
behavior in contrast with any numerical simulator. The proposed system can charge/discharge any
rechargeable battery. As well, the simulator can use any arbitrary waveform from sinusoidal, pulsive
or any dynamic waveform. The system is versatile, portable, and inexpensive. Based on the scaled
current, the battery cell tested through the simulator was charged/discharged. As a result, the capacity
of the target storage system was considered through the scaling factor.

The ability of the developed simulator to incorporate the practical and overall characteristics of
the real BSS into a single cell battery is one of the goals and contribution of this paper.

The usage of the ANN model enables a deep investigation of the reliability of the battery pack
during the designing phase and gives important information regarding battery behaviour during
different tests. The feature of the SoC estimation is introduced using ANN structure with a stable
accuracy of 1.1% and with the maximum error of 2.1% within 16.5 s of calculation, for a BSS with a
maximum power of 30 kW. The accuracy is satisfactory for practical applications of BSSs for EV and
renewable generation systems. The features and high generalization of the proposed method help the
development of the ANN construction.

This study gives the opportunity for more advanced and innovative solutions for cost reduction
and simplification of the BSS design. As well it is possible to estimate the SoH with high accuracy,
which will be published in further works with useful information for the system design.

Finally, the developed simulator in this paper can contribute to the efficient operation and optimum
design of power storage system applications.
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Appendix A

The author is working on the new circuit which will have better performance comparing to
improved MTC model, as well most of the experiments were conducted using the improved circuit.
The new model with software model v.5.1.0 has higher voltage operation comparing to the old version
v.4.2.1 which was limited up to 9 V, where the new one can operate up to 12.6 V, which allows to use
the 3S4P BMS up to nominal voltage of 12.6 V. Also, the interface and menu are changed by giving
more freedom in term of battery selection, type of operation CCCV, pulse or arbitrary for different
combinations of battery connections such as in series or parallel.

Figure A1. Interface of the improved MTC: (a) first page, (b) battery type selection menu
and configuration.

Figure A2. Interface of the improved MTC: (a) set external resistance, (b) cycle number, (c) charging/

discharging protection settings.
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Figure A3. Interface of the MTC at initial pulse charging 60%, 700 mA, for a single cell test at
arbitrary settings.

Figure A4. State diagram of a typical charge cycle.

Figure A5. Operation Timing chart during Overcharge/Over-discharge Protection with BM3451.
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Figure A6. Operation Timing chart during Discharge Overcurrent/Short circuit charge/ Overcurrent
Protection with BM3451.

Table A1. Specification of STD95N3L (LH6) Power MOSFET.

Symbol Parameter Value Unit

VDS Drain-source voltage (VGS) 30 V
VGS Gate-source voltage ±20 V
ID

(1) Drain current (continuous) at TC = 25 ◦C 80 A
ID Drain current (continuous) at TC = 100 ◦C 61 A
IDM

(1) Drain current (pulsed) 320 A
PTOT Total dissipation at TC = 25 ◦C 70 W

Derating factor 0.47 W/◦C
EAS

(3) Single pulse avalanche energy TBD mJ
Tstg Storage temperature −55 to 175 ◦C
Tj Max. operating junction temperature 175 ◦C

Table A2. Switching on/off (inductive load) STD95N3L (LH6).

Symbol Parameter Test Conditions Typ. Unit

td(ON) Turn-on delay time VDD = 15 V, ID = 40 A TBD ns
tr Rise time RG = 4.7 Ω, VGS = 5 V TBD ns

td(OFF) Turn-off delay time VDD = 15 V, ID = 40 A TBD ns
tf Fall time RG = 4.7 Ω, VGS = 5 V TBD ns

Table A3. Source drain diode STD95N3L (LH6).

Symbol Parameter Test Conditions Typ. Max Unit

ISD Source-drain current - - 80 A
ISDM

(1) Source-drain current (pulsed) - - 320 A
VSD

(2) Forward on voltage ISD = 40 A, VGS = 0 - 1.1 V
trr Reverse recovery time ISD = 80 A TBD - ns
Qrr Reverse recovery charge di/dt = 100 A/µs TBD - nC

IRRM Reverse recovery current VDD = 20 V TBD - A

1. Pulse width limited by safe operating area; 2. Pulsed: pulse duration = 300 µs, duty cycle 1.5%.
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