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1. INTRODUCTION

The use of the electric vehicle is predicted to rapidly increase threefold by 2025. Today, there have been
many electric vehicle manufacturers developing any kind of technology to support their achievement. The
electric vehicle is one of the vehicles that is getting more popular in public — particularly in Indonesia, and
there are some institutions producing and enjoying its technology features. Interestingly, energy charging uses
batteries by storing electrical energy [1]. Here, the battery is one of the main things since it is a supporting
factor for this success. It has critical capabilities, one of which is to monitor the state and detect the level of
current, voltage, and temperature [2]. The battery can control the recharge process, regulate how much voltage
and current are used, control temperature, and store important information [3][4].

The research background is the most important thing in battery performance is how to maintain a good
and long lifetime. Battery should always be frequently monitored as the exposure because vulnerabilities can
occur at any time, such as overcharging or over-discharging, or even sensor failure [5]. The fault isolation and
control algorithm of a battery is highly dependent upon the process of measuring voltage, current, and
temperature [6]. These three elements determine success in identifying battery parameters [7]. Fault detection
and isolation of battery are developed using an adaptive model estimation using the Kalman Filter algorithm
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to estimate the parameters of each model to generate a residual signal, which is then used to detect and isolate
any faults in the battery [8][9]. Any faults in the sensors can also hinder the battery operation and greatly
determine the battery life. In this case, an optimal design concept is highly required to well maintain the battery
life.

The other related work from the past research is as follows; the isolation and estimation of faults in
batteries could do healthy monitoring [10]. The design to find out the fault source and provide an estimation
of isolation fault can realize the simultaneous fault isolation as well as estimation of the battery [11]. In another
case, as shown by the simulation results, it was stated that the Learning Observers method was effective in
detecting the faults errors, but there were still some weaknesses in the decision-making process [12][13][14].
In addition, another very important part of fault detection and isolation is battery modeling to facilitate the
understanding of battery characteristics [15]. The battery model is the best choice in assisting the estimation,
optimization process, and fault detection and isolation process.

There are two contributions in this study; optimizing SOC performance by analyzing the SOC-OCV
relationship curve in several tests (Constant Load Discharge, Pulse, and Varied Load) and analyzing lithium
polymer battery faults in electric vehicles to increase battery life. This design is a method to prevent the battery
from being rapidly damaged, lengthen the battery lifetime, and optimize the performance of the battery in
system management when facing any faults.

2. METHOD

The methodology developed in this study consists of a system design of fault detection and isolation and
battery modeling. Overall battery modeling has been unified in optimizing the fault isolation of Lithium
Polymer batteries to increase battery life.

2.1. Fault Detection and Isolation

A fault is an abnormal condition that might or might not cause the system failure. Meanwhile, failure is a
permanent disruption of the system's ability to perform the functions required under certain operating
conditions [16]. In turn, in this study, the fault isolation process was determined to overcome any faults and
failures in the system, specifically in the lithium polymer battery. The fault occurs as a system does not
optimally work in the system operation. The faults detected in this study were overcurrent and sensor failure,
which can greatly affect battery life [17][18]. Fault detection depends on sensor input coming from the
performance of current, voltage, and temperature on a lithium polymer battery that has been integrated with
the system [19].

Fault detection and isolation are needed by the system to enable the battery to work accurately and
optimally. Also, it is to make the system performance manageable as optimal as possible to maintain the battery
life better. For the fault diagnosis, it can be concluded that to detect the faults in real-time as soon as possible
was regarding overcurrent and sensor failure [20]. Meanwhile, fault isolation was conducted by finding out the
cause of the overcurrent and sensor failure by isolating any parameters that ran abnormally, and then it was
continued with the identification to estimate the size and characteristics of the faults [21]. Furthermore, the
system would provide the mechanism of hardware and software architecture that enabled to reach a certain
goal — not only in a normal operation but also in fault situations [22][23].

In the operation of the lithium polymer battery in this study, the maximum current, voltage, and
temperature capacities were determined and tested. When the work of current, voltage, and temperature
exceeded the maximum capacity, fault detection worked. In addition, fault detection worked when tuning was
not optimal on the controller part, errors in sensor calibration.

2.2. Lithium Polymer Battery

Lithium batteries are the most widely used and easy to find because they have several features, namely
high voltage, high energy density, minimum self-discharge, and long cycle life. These battery characteristics
make Lithium-based batteries widely used in various applications such as portable devices, energy storage
systems, and electric vehicles. This study uses a lithium polymer battery as the main object consisting of three
cells of 2200 mAh with a maximum voltage of 12.6 Volts and a maximum loading on each cell of 25C - 35C
or 55 - 77 Ampere. The physical form of the Li-Po battery can be seen in Fig. 1. Lithium Polymer Battery
Specification is shown in Table 1. Lithium Polymer batteries have much better durability, especially when hot
compared to Lithium-lon. The material is made of polymer compounds, so the shape can be flexible. The
nominal voltage of a single cell Li-Po battery is 3.7 volts.
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2.3. System Design

In this study, the main thing that needs to be done is to determine the battery modeling, which previously
identified the parameters through several battery tests. Data retrieval is done by testing the battery by providing
the desired input or input and then recording the output or output with various tests carried out to achieve an
error detection algorithm on the battery. After obtaining the appropriate battery modeling and obtaining the
desired battery data, the next step is to make a simulation based on the model. The research simulation used
comparison material from experimental data, and by experimentation, it can be seen how successful the method
used was. Fault, in this case, was not seen as a failure in the work of the hardware. The block diagram in this
study is presented in Fig. 2.

i e e
Fig. 1. Lithium Polymer Battery Physical
Table 1. Lithium Polymer Battery Specification
Parameter Value
Capacity 2200 mAh
Max Discharge Current 45 A
Max Charge Rate Current 4.34 A
Charge Limit Voltage 4.234V
Discharge Limit Voltage 23V

Lithium Polymer Experiment Kalmar! Filter Detection & Isolation
Battery Sensor Algorithm

Fault Isolation of Li-Po Battery :
v’ Overcurrent
v’ Sensor failure

Model
Simulation

Fig. 2. Diagram Block of Fault Detection and Isolation of Battery

The main object in this study was a battery containing two important elements: current and voltage, which
were then examined for their characteristics from several experiments that have been designed [24]. An
important part before detection was to create experimental data directly from sensors and model or simulation
data [25]. The two data were compared using the Kalman Filter algorithm so as to produce a decision on the
detection of a battery state. Fault detection included overcurrent, overvoltage, over-discharging, and sensor
failure, each of which could not be separated from any interference or noise [10][19].

The design of the fault isolation algorithm on the battery is by applying the I1f-Then rules. If the capacity
or battery value is less than the specified limit value, the algorithm is corrected. If the battery is more than the
specified limit value, in this case, the detection is successful, then proceed to the next section. The next process
is to add fault detection and isolation using the model-based Kalman Filter method, which can also act as an
observer in reducing interference that occurs in the battery. If the detection is successful according to the
algorithm, then the next process is continued. If not, then correct the previous process. Then the test results that
have been obtained in the test are analyzed. The main thing to observe was to analyze the loading characteristics
(voltage), maximum and minimum current data, and the minimum battery charge limit. Several things that
must be considered in detecting a battery include:
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e Test Voltage Characteristic

Testing the characteristics of the battery voltage against the time was carried out during constant loading
to determine what the maximum current was and what the maximum load limit that might be used when
discharging was, and what the maximum charge limit on the battery when it started to stop discharging so that
there was no over-discharge [26][27]. The battery capacity is in excess condition or vice versa, and the
minimum battery charge when it should not be used when discharging.

. Test on Current Characteristic

At this maximum current limit, a current characteristic test was also conducted or to determine the
maximum current that might pass so that there was no overload or overcurrent in the battery [28][29]. When
the load exceeds the specified limit exceeds the maximum current limit, the switch will automatically be turned
off to break the connection between the battery and the load.

2.4. Battery Modelling

The battery model in Fig. 3 consisted of an ideal battery with an Open Circuit Voltage (OCV) state
connected to internal resistance in series, and V; is the battery terminal voltage. The voltage on the OCV was
obtained from battery testing on open circuit measurements, while R was obtained based on open circuit
measurements and measurements with the load connected to the terminal when the battery was fully charged
[30]. This battery model only uses one resistor to show the resistance in it.

_VR+

I
AMN—>—0

+ R +
V. =—=C 4
0

Fig. 3. Battery Modelling

In this study, the following equation analysis was conducted to obtain identification parameters in fault
isolation.

Ve 1 .
V., 1+SsRC @
Vg SRC

=T )
V., 1+SsRC

The differential equation (1) was conducted with the approach with equation (3), then it obtained equation
(4) with a coefficient formulated to equation (5).

dVe  Velk] = Velk —1]

dt T, )

Velkl = Velk = 1]- (1 —a) + Vi [k] - @ 4)
TS

* =T YRC ©)

With the above completion, the connection among voltage, resistance, and current could be transformed
into equation (6), and the current information, 1, was obtained in equation (7).

I _ sC 5
V., 1+4sRC ©
Vilk] = Vi[k — 1]
1k] = (1—a)-<1[k— 11+ - ) @)
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From the equation, the capacitor voltage showing the battery on OCV was obtained. ECM (Equivalent
Circuit Model) is a battery as a capacitor, an ideal voltage source. Then there is a resistor as internal resistance
and parallel RC as the polarization characteristics of the battery developed in this study.

3. RESULTS AND DISCUSSION
In this study, there are several results and a complete discussion with validated test data, including the
following.

3.1. Optimal Design of Fault Isolation of Battery

It was a phase to design the fault isolation of battery covering a number of points: testing the battery and
detection and isolation of fault itself [31]. In this study, the battery testing was on the discharge test to observe
how its characteristics as the battery is a dynamic non-linear or have flexible characteristics and to result in
some faults that might occur in a battery.

3.1.1. Testing in Constant Load

The test functioned to observe to what extent the capacity of the battery with the constant load that was
given at 1C. With a full discharge test until running out, a discharge curve was obtained, which was then
analyzed to observe the steep currents or voltage spikes so that the fault was detectable. This fault detection is
called over-discharge.

3.1.2. Teston Pulse

This test aimed to obtain SOC-OCV data by discharging for 30 seconds or to obtain an accurate OCV
sample curve and then was rested for 30 seconds. This was done continuously repeated until the battery was
discharged or reached the maximum limit. From this test, the SOC-OCV data were obtained in a full condition
until it ran out or the maximum and minimum OCV values were known. Subsequently, it was used as a
reference for detecting any faults in the battery as in the detection calculation it requires the maximum and
minimum OCV and SOC

3.1.3. Test on Varied Load

Test on 1C discharge was carried out with a maximum battery terminal voltage of 4.23 V within 6 minutes
to get a 10% reduction in SOC to produce overcurrent due to short circuit with a maximum surge of 10 A for
10 seconds. Also, during the experiment in collecting the data, the sensor used was highly potential to
experience the fault, say, due to the supply cable being broken or accidentally disconnected, leading the data
readings to be imperfect. The experiment to obtain sensor failure data used the discharge testing in which half
of its operation was in a loaded state (1C) and half of its operation in a no-load state with a duration of 7.5
minutes. The experiment was conducted using a dummy load with a load/current pull of 2.2 A, which then
caused a surge in current when experiencing a short circuit and due to sensor failure.

3.2. Test on SOC-OCV Connection

This test was conducted with loading of 1C for one hour to find out the capacity of the full battery state
until running out. Based on Fig. 4, the measured terminal voltage is 3.52 V (when the voltage drops on the
curve) under 2.2 A loaded condition with a duration of one hour, and the measured OCV voltage (load
disconnected from the battery) is 3.65 V, where the voltage is 3.65 V. It is the voltage at 0% SOC or capacity
runs out. Furthermore, the terminal voltage of 3.52 V is used as a reference for the minimum working area
limit in the battery fault detection study.

Fig. 4 is the current input similar to the pulse test. The battery model could follow the form of the test
terminal voltage, indicating that the battery model worked properly. From the relative error, it can be seen that
the model was quite accurate, with a mean relative error of 0.06%. The error was quite small; thus, it can be
concluded that the parameters that change the battery capacity are quite accurate. The reference value of SOC,
OCV, terminal voltage (V;) is used to detect a fault in the BMS.

e If the SOC value is less than 0% and the OCV is less than 3.65 V, an over-discharge occurs.

e If the current value has exceeded the maximum limit of 6 A and the rated terminal voltage of the battery
is less than 3.85 V, an overcurrent occurs.

e If the measured terminal voltage value is in the range of 1V < V; < 2V between then, there is a sensor
reading error or sensor failure.
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Fig. 4. Battery Voltage Measured with the Constant Load

3.3. Overcurrent

Experimental data is data directly obtained from sensors and data from models or simulations that have
been made by taking into account several assumptions to facilitate error detection. The results of the
comparison of the two data will be improved by applying the Kalman Filter algorithm, which functions to
improve the actual reading results. Furthermore, noise elements are added to each type of error which will also
be corrected using the Kalman Filter. The comparison of terminal voltage between experiment results of the
Kalman filter is shown in Fig. 5.

Kalman Filter is one of the algorithms commonly used in linear systems and as a solution used to solve
linear discrete data filtering problems. This method uses a recursive process in handling measurement data that
contains a lot of interference or can be said to be noise. It is used in dynamic system estimation. The system
assumed by this method is a linear system and estimates the previous state, current state, and future state and
can work even when the nature of the system being modeled is not known correctly and precisely. Noise can
be caused by the dynamic state of a system, for example, in the battery, namely the dynamic state of the sensor.
Random variables representing process noise and measurement noise can change over time or can be set in a
constant form.

When the curve is at a value of 0 then it is in a safe condition, or there is no error. On the contrary, if the
curve is at a value of 1 then it is in an error condition, or there has been an overload. From the previous over-
discharge turtle, we can observe that V; and SOC increase when they are used for too long, namely with Vt and
OCV values less than 3.52 V and SOC exceeding 100%.

Comparison of Terminal Voltage between Experiment Results and Results of Kalman Filter
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Fig. 5. Overcurrent due to the Noise
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The current and voltage data on the battery cannot be separated from any interference/noise elements that
can cause errors that can affect battery life. Fig. 6 shows an overcurrent due to a short circuit affected by noise.
From the curve, it can be observed that the Kalman Filter was able to reduce any noise-causing failure in the
signal reception system and made the system inefficient.

The detection of overcurrent fault in view of the short circuits resulted in very sharp spikes reaching
3.2V from the minimum voltage limit of 3.65V. Meanwhile, a discharge current of 6A from the maximum
current limit of 10A was obtained. From the test data, the normal value of current of <6A was obtained, and
this then caused the battery to occur overcurrent as observed on the detection curve by defining the curve error
at the value of 1. Otherwise, the safe condition of the battery curve is at a value of 0. Fig. 6 shows that when
the battery was short-circuited, then the curve was within the value of 1.

Battery Currant

i 6F — v v ' v n
i 4 1
g 2 r—-
3 0 Jl J 1 -J 1 J L 1 J Jl r
500 1000 1500 2000 2500 3000 3500 4000
Time (3)
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w
M35k 4
| R S
500 1000 1500 2000 2500 3000 3500 4000
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Overcurrent Sign
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1o ) T O
> 0 c
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Fig. 6. Detection and Isolation of Overcurrent

3.4. Sensor Failure

Testing the battery was conducted through several data collection scenarios, including that the current
sensor was considered ideal or maintained to prevent any failure from occurring [32]. This was done because
the current was input in the experiment determining the results of the model. The next scenario was that the
supply to the sensor circuit leading to the battery was removed, so it could not measure the battery properly,
and an error occurred in sensor reading. The experiment was carried out with a load of 1C within 7 minutes.
First, the battery was rested with the no-load condition, and it was discharged with a loaded condition (1C),
and in the interval of these conditions, a sensor failure was made with the pattern as shown in Table 2.

Table 2. The Scenario of the Sensor Failure Experiment

Battery State  Current Sensor State  Voltage Sensor State Remark
Rest Normal Normal
Rest Normal Failed
Rest Normal Normal
Rest Normal Normal Without load (measuring OCV)
Rest Normal Normal
Rest Normal Failed
Rest Normal Normal
Discharged Normal Normal
Discharged Normal Failed
Discharged Normal Normal
Discharged Normal Normal Loaded
Discharged Normal Normal (discharged 1C)
Discharged Normal Failed
Discharged Normal Normal
Rest Normal Normal

Battery Insulation Performance Analysis in Electric Vehicles for the Improvement of Battery Lifetime (Lora Khaula
Amifia)


http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&

ISSN 2338-3070 Jurnal llmiah Teknik Elektro Komputer dan Informatika (JITEKI) 419
Vol. 7, No. 3, December 2021, pp. 412-422

The state of the current sensor was always in a normal state as the current sensor is an important element
in data collection referring to the load current, while the voltage sensor is in a failed state due to an improper
installation, resulting in a failure in the sensor data reception system. This simulation was carried out with the
aim of getting a comparison of the V, sensor fail with the V; output model.

The simulation output of the voltage sensor was obtained by V, of 1.5V to 1V. As shown in Table 2, it
can be stated that the voltage sensor was in a failed state, while the output of the model was obtained by V, of
3.7V to 4V. Compared with the experimental results, it could be observed that both had almost equal same
conditions so that it can be concluded that the two conditions were similar or reliable. Furthermore, the data
were added the following noise elements.

This is a form of battery protection or protecting the battery working conditions beyond tolerances or
specifications by distinguishing safe or dangerous battery conditions that are useful for optimizing battery
performance. It is done so that the battery life is more durable and safer. Fig. 7 illustrates a sensor failure on
the battery by adding a fault signal. In the sensor failure test, an additional noise signal was created based upon
the sensor fail curve generated by the comparison of the V; sensor fail with the V; output model derived from
the voltage sensor, which was then reduced using a Kalman Filter.

Comparison of Vt sensor failed and Vt model output using KF
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Fig. 7. Sensor Failure due to the Noise using Kalman Filter

Kalman Filter acts as a solution that is used to solve linear discrete data filtering problems where this
recursive process is the first. In addition, Kalman Filter has a system that is assumed to be a linear system, and
all observed variables are represented in a Gaussian distribution. It supports estimation of the previous state,
current state, and future state and can work even when the nature of the system being modeled is not known
correctly and precisely.

An important part of the operation of the Kalman Filter algorithm is the recursive process which is divided
into two parts, namely the predictor and corrector sections. Predictors function to estimate the next state and
error covariance. At the same time, the corrector serves to provide feedback on the state and error covariance
in order to obtain better and more accurate state estimation results. In estimating a state, the Kalman Filter can
use a form of feedback control by estimating the state process at a time and then getting feedback in the form
of measurement results. The results of detection and isolation using the Kalman Filter in Fig. 8 were quite
accurate by comparing the V. sensor data with the V, model data. The isolation of sensor failure could be
defined if the curve was at a value of 0 and then it was in a safe state (no error), otherwise, if the curve was at
a value of 1, then it was in a failed state, or a sensor failure occurred.

4 CONCLUSION

The results of detection and isolation of overcurrent and sensor failure using Kalman Filter were found
quite accurate. In overcurrent isolation, a discharge current of 6A was obtained from the maximum current
limit of 10 A. For sensor failure isolation, the Kalman Filter algorithm succeeded in improving the previous

Battery Insulation Performance Analysis in Electric Vehicles for the Improvement of Battery Lifetime (Lora Khaula
Amifia)


http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&

420

Jurnal lImiah Teknik Elektro Komputer dan Informatika (JITEKI) ISSN 2338-3070
Vol. 7, No. 3, December 2021, pp. 412-422

readings or was able to reduce noise. Meanwhile, sensor failure due to the noise produced the reliable state or
noise sensor data were minimized, making the current and voltage sensors safe.

Comparison of Vt sznsor and Vt vsing Kalman Filter
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Fig. 8. Detection and Isolation of Sensor Failure using Kalman Filter
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