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Abstract: Owing to the increasing use of electric vehicles (EVs), the demand for lithium-ion (Li-ion)
batteries is rising. In this light, an essential factor governing the safety and efficiency of electric
vehicles is the proper diagnosis of battery errors. In this article, we address the detection of battery
problems by using the intraclass correlation coefficient (ICC) method and the order of cell voltages
to enhance EV performance. Furthermore, we propose a framework for diagnosing problems with
battery packs, which could be used to detect abnormal behavior. The proposed method calculates
ICC values based on the terminal voltages extracted from a caravan battery pack. These ICC values
are then used to determine whether the battery has a defect. In addition, the order of cell voltages
is used to analyze the causes of faults. Furthermore, we conducted experiments to investigate and
evaluate battery cell faults in EVs. The experimental results indicate that the proposed approach can
be used to detect battery cell faults accurately.

Keywords: battery management system (BMS); fault diagnosis; LFP battery; electric vehicle;
correlation coefficient

1. Introduction

Nowadays, global warming and climate change are among the greatest concerns for
humans. Several researchers have attempted to raise public awareness about the effects of
modern technology and innovation [1]. Electric vehicles (EVs) represent one solution to
these problems. Owing to their environmental benefits, strong performance, and nonpollut-
ing nature, EVs have always been popular forms of transportation [2–4]. The potential fuel
efficiency of EVs is one of the major reasons to support their growth. A more compelling
reason is their ability to reduce greenhouse gas emissions. The battery plays a critical role
in EVs, because it provides driving power and absorbs braking energy. In terms of electric
cars, several prognostications have been made concerning battery development. Many of
these forecasts differ significantly owing to the uncertainty associated with batteries. The
future of EVs would be bright if new batteries with considerably higher energy densities
and lower costs are developed. Owing to the voltage and capacity limitations of individual
cells, battery packs typically consist of many battery cells arranged in a series and paral-
lel [5,6]. The condition of the batteries during EV operation is crucial for ensuring vehicle
safety and reliability.

Batteries can be optimized with a battery management system (BMS) to enhance their
longevity and performance. In BMS software, model algorithms are implemented, usually
based on equivalent circuit models (ECMs), which continuously monitor battery dynamics
and estimate battery data [7,8]. A battery management system (BMS) is used [9,10] to
determine the cell states and collect cell identification data. BMSs offer several features that
increase the battery life, such as equalization and energy management [11–13]. However,
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a local BMS cannot detect battery faults, which may lead to a fire or an explosion [14,15].
Four causes of electrical accidents have been identified, namely overcharging [16], over-
discharging [17], external short circuit, and internal short circuit [18,19]. In the first two
types, voltage abnormalities tend to be avoided by estimating the SOC of the batteries
rather than providing customer-valued information [5,20]. External and internal short
circuits pose a greater risk than overcharging and undercharging. As a result of the short
circuit fault, more heat is generated, which is more likely to cause a thermal runaway [18,21].
In Reference [22], an electrochemical–thermal-coupled model was used to demonstrate
that an internal short circuit causes an abnormal voltage, temperature, and state of charge
(SOC) response. Instead of the electrochemical–thermal-coupled model, the fault diagnostic
algorithm was based on the energy balance equation (EBE) model, which reduced the
computational burden. An internal short circuit fault was estimated more accurately
using a model-based switching model proposed in Reference [23], and RLS was also used
to determine the parameters and detect faults. This method uses RLS to estimate the
parameter values for low computational costs. Still, the result was unreliable fault detection
due to the effects of online cell balancing on the data collected from other cells in the pack.

Researchers have used nonlinear parity equations [24] to calculate the residuals of
the voltage, current, and fan setting based on the equivalent circuit model (ECM), thermal
model, and SOC model. The probability density function was used to select the thresholds
of these residuals. More comprehensive fault detection and isolation were performed for the
current and voltage sensors, as well as for the cooling fan. Recently, researchers developed
a new mechanism by using the proportional–integral–observer-based method [25] to detect
and estimate faults in current sensors with the aim of improving the energy estimation.
The concept of sliding mode observers modeled on electrical and thermal dynamics was
introduced [26]. The sliding surfaces of each observer were used to derive filter expressions
for fault detection. In Reference [26], based on the assumption that voltage, current, and
temperature sensor faults are bounded and finite, the outputs of the aforementioned filters
were used to detect, isolate, and estimate sensor faults. An RLS-based parameter estimation
scheme was proposed in Reference [27] to detect and isolate the faults of voltage and
current sensors. The computed parameters were used in the ECM; the parameters were
then processed using a weighted moving average filter and subjected to a cumulative sum
(CUSUM) analysis to search for abnormalities in the residuals. As a result, this method
was able to successfully detect deterioration in battery performance when sensor failure
occurred in a limited environment.

Recent studies have focused on fault determination based on the entropy theory. In
Reference [28], Shannon entropy and the Z-score method were used to detect abnormalities
in battery temperature and predict the time and location of faults to prevent thermal run-
away. In Reference [29], the authors described the voltage variation, current variation, and
rate of temperature change as three criteria for characterizing external short circuit faults.
They set thresholds based on these criteria to recognize external short circuit faults. Li-ion
batteries differ in terms of their characteristics, and for this reason, this method is unreliable,
because it cannot confirm that the set thresholds are accurate. Additional experiments
would be needed to verify the thresholds for Li-ion batteries. This study [30] presented a
multi-fault diagnostic strategy using interleaved voltage measurement topology and an im-
proved correlation coefficient method. Various types of faults can be diagnosed using this
strategy, including internal and external short circuits, sensor faults, and connection faults.
Two different voltage sensors were used to correlate each battery and contact resistance
to identify the location and type of faults accurately. To eliminate the influence of battery
inconsistency and measurement errors, a method of calculating improved correlation coef-
ficients was applied. To isolate various faults accurately using topology-based methods,
a battery pack must be connected in a series with interleaved voltage measurements in
which multiple cells are placed in a series.
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Continuous use of a lithium-ion battery can lead to the consumption of lithium ions
and solvents within the battery, thus reducing the usable battery capacity. Under un-
intentionally severe conditions, such as high or low temperatures, overcharging, and
over-discharging, components that may act as internal resistances are generated more
rapidly than usual. Batteries are widely used in packs consisting of individual cells con-
nected in parallel, because they are operated over long periods. The fact that the voltage
and temperature of individual cells can be measured independently means that faults in
or failure of individual cells can be easily detected. Since the temperature sensor is not
attached to all cells in the battery pack, the accuracy with which an abnormality can poten-
tially be detected differs depending on how far the abnormal cell is from the temperature
sensor. When using the battery pack as a whole, it is difficult to determine the data of
individual cells, and for this reason, it is difficult to discover anomalies, which increases
the possibility of their occurrence.

In this study, we aimed to analyze the external and internal characteristics of batteries
and define the abnormalities. To this end, we proposed a method to diagnose battery
pack failure based on the intraclass correlation coefficient (ICC) and order of cell voltages.
Correlation coefficients have been used to detect faults, and they have served as reliable
diagnostic measures against normal or abnormal fluctuations. Moreover, the order of the
cell voltages approach can help with fault identification. Additionally, we propose a frame-
work for diagnosing problems in battery packs to detect battery anomalies. Furthermore,
the proposed model can be adapted based on actual caravan data and can be applied to
detect battery issues in other vehicles or caravans with similar features.

The remainder of this paper is organized as follows. In Section 2, we introduce the
fault diagnosis and analysis methods used herein and provide detailed explanations of
the proposed framework. A simulation in which the proposed method is applied to data
is described in Section 3. Section 4 summarizes the process of validating the proposed
method by using actual data. Our concluding remarks are presented in Section 5.

2. Fault Diagnosis and Analysis Methods
2.1. Intraclass Correlation Coefficient

As a statistical measure, an intraclass correlation coefficient (ICC) indicates the con-
sistency of the association between two groups. It has been used as an analytical tool for
measuring data reliability. Ronald Fisher proposed the concept of ICC. The ICC is used to
determine the match and correlation between battery cells. In general, the battery is most
used in the middle region of the SOC, but the middle region of the SOC of lithium iron
phosphate (LFP) batteries is extremely flat. This makes it difficult to diagnose abnormalities
by using the voltage graph alone. Herein, we use curve points to determine whether
cells are balanced, but the proposed approach cannot be used to determine the degree of
cell unbalance.

If cell voltages are different within the same battery pack due to severe cell unbalance,
an abnormality exists. Moreover, if cell unbalancing is severe, the battery capacity is
low, or battery resistance is high, a low ICC value is obtained. ICC is derived from the
Pearson correlation coefficient, and its value ranges between 0 and 1. The closer the ICC
value to 0, the lower is its degree of similarity, thus the scenario can be diagnosed as
abnormal (meaning the battery can be diagnosed as abnormal by using the ICC values of
cell voltages). The model to be used in conjunction with ICC is determined according to
the type and definition.

According to the guidelines provided by Koo and Li, specific models are used, such as
single rater and consistency models. This is the C,1 model, and the ICC value is obtained
through subjects and measurements:

σr
2 ≈ MSBS−MSE

k

σv
2 ≈ MSE
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ρ2C =
σr

2

σr2 + σv2

ρ2C ≈
MSBS−MSE

MSBS + (k− 1) · MSE
≡ ICC (C, 1) (1)

r is the subject index where the subject refers to the target of the measurement. Here,
r represents the voltage value of the cell, and k indicates the number of measurements. In
this paper, the number of voltage-measuring sensors is k. ri, which is a deviation from
the mean for subject i. σr

2 is a variance of ri. MSBS is the mean square between subjects,
and MSE indicates the mean square error. σr

2 can obtain with MSBS, MSE, and k. σv
2 is to

calculate the error, which can be obtained from the MSE. According to Reference [31], the
C,1 model of ICC is expressed as Equation (1).

2.2. Order of Cell Voltages

Since ICC alone is insufficient to determine the cause of an abnormality, an order of
cell voltages is used to determine the cause. The order of cell voltages represents high
and low voltage values. A problem caused by an external factor increases the resistance
considerably greater than a problem caused by an internal factor. Therefore, according to
Ohm’s law, if the same current is applied to a cell with and without a resistance problem,
the corresponding voltage will have a specific characteristic. In discharge currents, the
voltage is invariably lower than that of the normal cell, and in charging currents, the voltage
is always higher. In other words, in resistance problem data with a constantly flowing
current, the order of cell voltages is almost constant. Additionally, the overpotential section
of a cell with a capacity problem is shorter than that of a normal cell, and for this reason,
the order of cell voltages changes even when a constant current flows. Since each issue has
different characteristics, the order of cell voltages with stable current flows is typically used.

2.3. Curve Point

When the value of the current changes in a scenario where the current flows, the
voltage graph is a curve rather than a straight line, owing to polarization. However, as
the number of batteries connected in parallel/series increases, the probability of a change
in the battery cell balance increases. Cell unbalance, which is not a severe challenge,
refers to the state in which the battery SOC is misaligned. Cells with high SOC reach the
charge cut-off voltage first, whereas cells with low SOC reach the discharge cut-off voltage
first in the battery pack. However, even in a normal case, because the cells that reach
the charge/discharge cut-off at any given point are different, the difference between the
curve points is used to determine whether the battery is normal or is affected by a cell
balance problem.

The curve can be obtained by computing the Euclidean distance according to the
following equation and the method used to find the longest distance between points i and j
in n-dimensions. Xiv and Xjv represent the characteristics of individual i and j. p denotes
the number of portions in the sample, and v denotes the number of individuals [32].

dij =

√√√√ p

∑
v=1

(
Xiv − Xjv

)2 (2)

Figure 1 describes identifying a curve point based on Euclidean distance. The blue
line represents the raw data or the smoothing spline data of the rest period after the charge
cut-off voltage is reached. The purple line connecting the first and end points is orthogonal
to each point in the raw data or the smoothing spline data (Figure 1a). In Figure 1b, the
circle is randomly set to demonstrate obtaining the Euclidean distance. The distance is
measured by drawing a perpendicular line from the straight purple line to each real voltage
data point. After that, the measured distance is indicated. Figure 1c shows the distance
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between ex 1 and ex 2. The point with the most significant distance is displayed in the raw
data in Figure 1d. It is considered the curve point.

Figure 1. Determining the curve point based on Euclidean distance; (a). Smoothing data, (b) How to
find curve point, (c). Distance to line, and (d). Curve point in the raw data.

2.4. Proposed Methodology (Configuration of Fault Diagnosis & Cause Analysis)

Herein, we propose a model for estimating battery pack failure based on the ICC and
order of cell voltages. Correlation coefficients are used to detect faults through reliable
diagnostics despite normal fluctuations. The ICC value can indicate a defect and cannot
identify a defective cell. Notably, a cell identified as abnormal based on ICC may not
necessarily be faulty. Consequently, the order of cell voltages is used to detect cell faults. In
general, the order of cell voltages can be used to analyze the cause of abnormality, because
voltage behavior is variable for each reason.

Moreover, we propose a diagnostic framework for battery pack problems that could
be useful for detecting battery-related issues. The proposed flowchart for diagnosing
abnormalities in a battery is illustrated in Figure 2.

This flowchart is to determine the capacity, resistance, and cell balancing problems.
A battery with multiple anomalies would demonstrate various symptoms, making it
hard to determine which anomaly affects the battery. In the case of multiple problems
simultaneously occurring, the proposed logic can determine the most significant anomaly
of all the associated anomalies.

The abnormality criterion is subject to change depending on the application and
the used environment. In this paper, the criteria for abnormal symptoms were assumed
to be 10% deviation for each item, respectively. Preliminary studies confirmed that any
abnormality causes at least a few percentages (e.g., 3%) of SOC deviation through these
criteria. To this end, we deployed ICC to initially filter out the normal condition (i.e., the
condition where the SOC deviation is less than 3%).
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In this paper, since the cell balancing problem is determined using the idle period after
full charging, the charge and discharge voltage data were generated by designating the
SOC as 100–97% using a simulation. The SOCs were assigned as Cell 1 = 100%, Cell 2 = 99%,
Cell 3 = 98%, Cell 4 = 97%, and Cell 5 = 96%, and then, the cycles were performed. Figure 3
demonstrates different causes of abnormalities, including capacity problem, resistance
problem, typical cell balancing problem, and serious cell balancing problem.

Figure 2. Proposed flowchart for abnormality detection.

As for the voltage data used, as shown in Figure 4, the curve that reached near the full
charge was 12 times, and the voltage that reached near the full discharge was 4 times. Since
ICC is designed to catch the behavioral difference rather than the differences in the values,
the SOC deviation is more likely to be detected at around the full charge events where the
voltage fluctuation is more like to have deviated from each other. Hence, even if there could
be voltage differences between the cells in the middle SOC range for various reasons (SOC
deviation, resistance deviation, and capacity deviation), the voltage fluctuation would be
almost identical. Therefore, the ICC may not be able to identify the faulty conditions.
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Figure 3. Types of causes of abnormalities ((a) capacity problem, (b) resistance problem, (c) typical
cell balancing problem, and (d) serious cell balancing problem).

Figure 4. Cell balancing simulation (a) voltage (left) and (b) ICC value (right).

As a result of applying the voltage to the ICC (at the area near the full charge),

(1) ICC value cell 1 and cell 2 < 0.5: 0%
(2) ICC value cell 1 and cell 3 < 0.5: 16.6%
(3) ICC value cell 1 and cell 4 < 0.5: 83.3%
(4) ICC value cell 1 and cell 5 < 0.5: 91.7%

To demonstrate why the ICC criterion was set to 0.5 for the small SOC deviation,
Figure 5 illustrates the ICC by increasing the SOC deviation by 1%. From here, it can
be observed that most of the ICC values shift to below 0.5 after the SOC deviates more
than 3%.

If there is a problem through ICC, the flow chart of the voltage is used to analyze the
cause. The capacity is changed depending on the number of lithium ions available for
activation. It means that batteries with a lower capacity will charge and discharge faster
than other batteries in use. A cell with a capacity problem reaches the “steady state” faster
than a cell with other standard capacities when a constant current continues to flow. Thus,
it is possible to change the order of the voltages. On the other hand, in the case of a cell with
a resistance problem, the voltage is lower than that of other cells when the discharge current
flows, and the voltage is higher than that of other cells when the charging current flows.

In addition, in the case of a cell balancing problem, the voltage of a specific cell is
constantly low or high, thus the order of the voltages does not change when a current flows.
Due to these characteristics, the capacity problem can be identified based on the continuous
current flowing.
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The most prominent are distinguished between resistance and cell balancing is iden-
tifying cells that have reached the cut-off voltage. While the current flows, the voltage
is affected by resistance. When a charging current flows through a cell with significant
resistance, the voltage will show a higher SOC, even though the actual SOC of the cell is
50%. When the current flows, specific cells affected by significant resistance reach charge
and discharge cut-off voltages. However, in the case of the cell balancing problem, the cell
that has reached the cut-off voltage during the charged state and the cell that has reached
the cut-off voltage during the discharged state are not the same. Therefore, it is possible to
separate the resistance and cell balancing problem.

Figure 5. ICC value histogram.

Finally, only a cell balancing problem may be suspected when the capacity and resis-
tance are within the normal range. If there are problems with both capacity and resistance,
there is a high probability that the cell balancing problem is also included. The authors
of [33,34] show that cell balancing is attempted when SOC deviation occurs by about
10%. Therefore, “typical cell balancing” is a case where the SOC deviation is 3%~15%,
including the margin, and if SOC deviation exceeds 15%, then it is classified as a serious
cell balancing problem.

Typical cell balancing means that the cells’ SOC does not match. SOC 100% is based
on the cell that arrives at the charging cut-off voltage first in a battery pack. Conversely, a
0% SOC is the standard for the discharge cut-off voltage.

A serious cell balancing problem means that the difference between the highest SOC
and the lowest SOC at a full-charge cut-off voltage is more than 15%.

The cell SOC deviation can be identified using the voltage deviation as well. However,
the LFP battery has a flat voltage over the long SOC range. Thus, the curve point method
can provide more vivid evidence for identifying the SOC deviation, because it uses vector
information (the curve itself) rather than single-point voltage information. In the “rest after
charge” section, the curve point uses the area where the voltage drops in a curved shape.
The difference in the curve point was designated as 60 s, and it was obtained through
experiment of the LFP 280 (Ah) prismatic cell. Figure 6 is the result of an experiment
with a 3-h rest after charging in units of 1% at the SOC 100%~86% area. The curve points
are similar from SOC 100% to SOC 88%, and the curve point of SOC 86% could appear
at a place with a difference of about 1 min. Thus, the degree of cell unbalancing was
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determined using the curve point. Since the values used in this paper were generated based
on the caravan’s LFP battery data, the values used in ICC and curve points can be changed
depending on the application or the battery types.

Figure 6. Voltage and curve point during 3 h of rest after fully charging.
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3. Simulation of a Caravan Battery Pack
3.1. Resistance Problem

A caravan battery pack simulation was implemented in Simulink to obtain the actual
data. As long as the capacity and resistance of the cells are identical, the same voltage
was produced. Therefore, we set different cell capacities and resistances for comparison.
Since the resistance problem was modeled, the capacity was set in a range in which the
effect of the capacity difference was negligible. The capacities and resistance of cell 1 were
280 (Ah) and 0.06 (mΩ), those of cell 2 were 275 (Ah) and 0.06 (mΩ), those of cell 3 were
270 (Ah) and 0.06 (mΩ), and those of cell 4 were 275 (Ah) and 0.3 (mΩ), respectively. The
resistance of cell 4 was five times higher than that of the other cells. Herein, the input data
for Simulink were obtained from the capacity problem described in Section 4.2.

Figure 7b shows the data extracted using Simulink in Figure 8. Cell 4, the resistance
of which was five times higher than those of the other cells, exhibited more remarkable
voltage variation at higher and lower currents than the other cells. Although cell 4 did not
reach the cut-off voltage, despite its capacity being set equal to that of cell 2, it is evident
that cell 4 was at its peak when a large current flowed. Therefore, it is reasonable to expect
that this cell will be the first to attain the cut-off voltage if the current continues to flow.

Figure 7. Simulation of a caravan battery pack with a resistance problem.

Since the current data are real, the extracted voltage data appear similar to the actual
data. According to the voltage data in Figure 8b, cell 4 exhibits more significant variations
than the other cells, but it is a stretch to identify cell 4 as abnormal or faulty based on these
findings.

Therefore, its abnormality is determined using the ICC value.
Figure 9a shows the ICC value obtained by entering the voltage data into the ICC

model. An abnormality was suspected when the ICC value decreases to less than 0.5. As
shown in Figure 8a, under peak conditions, the voltage variation with respect to the other
cells differs considerably, depending on whether a large charge current of 100 (A) or a large
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discharge current of −200 (A) flows, resulting in an ICC value of 0.5 or smaller. The next
step is to perform a cause analysis considering the order of the voltages.

The resistance value implemented in Simulink is constant; voltage fluctuations occur
due to current insertion from the actual caravan data. Owing to multiple resistors in
environments, the voltage fluctuations are more significant than those illustrated in Figure 8.
Although the noise level is not greater than that in the actual data, the nonconstant current
made it difficult to analyze the order of the cell voltages. We performed filtering to remove
noise from the voltage data, as illustrated in Figure 9b. After that, we checked the order
of voltages.

Figure 8. (a) Input current (left) and (b) output voltage (right).

The current value input into Simulink had a longer discharging section than the
charging section, and for this reason, we used data from the discharging section. Figure 9c
shows the charging and discharging sections based on the current value. Therefore, if the
charging current flows just before the discharge current, the voltage will initially peak;
after which, it will drop to its lowest value. Thus, when analyzing the data, as the current
transitions from negative to positive or positive to negative, the current flows steadily.

In Figure 9d, even though the capacity of cell 3 is smaller than that of cell 4, it is evident
that the voltage of cell 4 is the lowest in the part where the discharge current flows steadily,
meaning that it is affected by a significant resistance. Therefore, in the case of resistance
and capacitance problems, we used the order of voltage to analyze the cause.

Lastly, to figure out whether it is a resistance problem or only a cell balancing problem,
we will check whether a cell that has reached cut-off voltage in a charged state is the same
as a cell that has reached cut-off voltage in a discharged state. Figure 8b shows that only
cell 4 draws a voltage waveform larger than other cells when charging and discharging
and is close to the cut-off voltage. Through this, the resistance problem was simulated, and
the cause was analyzed.

3.2. Cell Balancing Problem

As shown in Figure 8, the capacities of all cells were the same as 280 (Ah), and the
initial SOC was designated as Cell 1 = 100%, Cell 2 = 99%, Cell 3 = 98%, and Cell 4 = 95%
and then cycled. A curve changes fast in a full charge and full discharge section, thus it
seemed that it would be possible to verify the difference by the initial SOC more easily. A
variety of sections were created close to full charge and full discharge. When the generated
voltage data was put into the ICC, it was found that the ICC value between SOC 100%
and SOC 95% fell below 0.5 from the data near the full charging region. This result means
less similarity.

Next, to distinguish it from the resistance problem, Figure 10a shows the voltage when
the cells are unbalancing in the battery pack, and b shows the voltage in ICC. In Figure 10a,
it can be seen that cell 1 reaches the charge cut-off voltage and cell 4 reaches the discharge
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cut-off. A cell that reaches the cut-off voltage according to the order of the suggested flow
chart is used. If each cell inside the battery pack has a different SOC, the high SOC cell has
a higher voltage, and the low SOC cell has a lower voltage.

Figure 9. Simulink data with the resistance problem ((a) ICC value, (b) filtering of voltage data, (c)
cutting the discharge part in (b), and (d) order of cell voltages).

Figure 10. Simulink data with a cell balancing problem ((a) voltage and (b) ICC value).

Figure 11 data is filtered, and the order of the voltage is determined. When the filtered
voltage data are listed according to the voltage level, it may be seen that the filtered voltage
data are arranged in order from the high initial SOC, which shows a result similar to the
resistance problem. To distinguish it from the resistance problem, identify the cells that
reach the cut-off voltage in the order of the suggested flow chart.
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Figure 11. Simulink data with cell balancing problem ((a) filtering the discharge part in cell balancing
problem voltage data, and (b) an order of cell voltages).

The SOC 100% of a battery pack in which individual cells are connected in a series is
based on a cell that has reached the cutoff voltage first in a fully charged state. Conversely,
SOC 0% is determined by the cell’s voltage arriving at the full discharge cut-off voltage.
If the SOC of cells is different, a cell that reaches cut-off voltage in a charged state is not
the same as a cell that reaches the cut-off voltage in a discharged state, thus it could be
determined whether it is a resistance problem or a cell balancing problem.

The charging cut-off voltage of the LFP battery is 3.6 (v). It means that 3.5 (v) is near
full charge, and cell 1 is the highest. In addition, cell 4 voltage is the lowest in Figure 11
that can be seen as a cell-balancing problem, not a resistance problem, since different cells
reach each cut-off voltage.

This paper obtains a curve point using the rest period after fully charging to check the
degree of unbalancing when the cell balancing problem is identified. Suppose the curve
point algorithm is used to determine the degree of problem with cell balancing. In that case,
the criteria for determining the result may vary depending on the field of battery use and
environmental conditions. To assess the degree of cell balancing by applying the “curve
point” algorithm based on the data of the caravan battery to Simulink, the Simscape battery
pack was implemented by setting the capacity, type, and resistance of the battery used in
the caravan as similar as possible.

Curve points are obtained from the rest period after a charge. The degree of cell
balancing is determined based on the cell with the highest SOC. Previously, the ICC value
derived between Cell 1 and Cell 4 had a value of less than 0.5. For this reason, the problem
was thought to be suspected. Figure 12 shows the voltage with rest after a full charge of
each cell, along with the curve points. The curve point of Cell 1 is about 679 s, Cell 2 is 646 s,
Cell 3 is 631 s, and Cell 4 is 628 s. However, the curve point from Cell 4 was about 51 s
apart from Cell 1′ which made it possible to analyze that cell balancing can be attempted
and then returned to normal through calibrations. It can be seen that the ICC values of
Cell 2 and Cell 3 are not significantly different from the ICC values of Cell 1, and the results
of the curve point also show that there was no significant problem.
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Figure 12. Curve point with cell balancing problem.

4. Validation with Real Data
4.1. Description of Battery Pack Used and Data Collection Procedure

The battery pack used herein consisted of 280 (Ah) cells connected in the two parallel
4 series (2P4S) configuration. In addition, the battery pack was equipped with a sensor
that could measure the voltage, current, and temperature. The sensor was connected to
the BMS, and the battery pack was installed in a caravan for use. Data were transferred
between computers and the BMS through CAN interfaces. The research variables were
four voltages (Cell 1, Cell 2, Cell 3, and Cell 4) and two currents measured at each parallel
connection point. Among the four cells, Cell 1 and Cell 4 were connected to the BMS, thus
their resistance was significantly higher than those of the other two cells. The voltage,
current, and temperature data from the BMS were collected at 1-s intervals and uploaded
to cloud storage. Herein, we focused on analyzing the voltage and current data. The data
gathering process is illustrated in Figure 13.

4.2. Capacity Problem

The battery capacity depends on the number of active lithium ions available inside
the battery. If the lithium-ion concentration is higher, the battery capacity is higher. As
the battery continues to be used, an irreversible reaction occurs between the lithium ions
provided by the positive electrode and the negative electrode, which changes the chemical
state of the battery and prevents it from returning to its original condition, thus acting as
a resistance and reducing the number of active lithium ions available. Thus, the battery
capacity decreases.

As each battery ages, typically, its capacity decreases. A battery must be replaced once
its state of health (SOH) reaches 80%. Generally, SOH 80% represents the end of life (EOL).
However, batteries are strongly affected by external conditions. Therefore, battery packs
usually have different aging rates. In battery packs with varying aging rates, only one
cell has a smaller capacity than the other cells during continuous use. At this point, if the
capacity is noticeably low, the amount of lithium ions in the battery is small. Therefore,



Energies 2022, 15, 1647 15 of 19

the cut-off voltage is reached before the other cells during charging or discharging. If this
situation continues, the SOC gap widens, leading to cell unbalance, which worsens with
time. Finally, it becomes a defect.

Figure 13. Process of gathering data.

The voltage data of the battery pack considered herein are shown in Figure 14. In
the caravan battery, cell 3 had a capacity of roughly 170 (Ah), while the other cells had
capacities of approximately 275 (Ah), meaning that a difference of approximately 1.6 times
existed. The current of the capacity problem data is shown in Figure 8a, and cell 3 shows a
different voltage form from the other cells in the charging section, as well as the discharging
section of the voltage data.

Figure 14. Capacity problem ((a) voltage and (b) ICC value).

The purpose of importing raw data into an ICC model is to check for problems. The
use of ICC is one approach to finding correlations. ICC values smaller than 0.5 indicate a
weak correlation. As shown in Figure 14b, a weak correlation is often observed.
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Additionally, lines are found below 0.5 in the case of cell 3, which indicates that this
cell is suspicious. Nevertheless, because the ICC value does not guarantee the existence
of an abnormality in a particular cell, the order of cell voltages in the flowchart is used
to analyze the abnormal cells and the underlying causes. To this end, we used a moving
average filter instead of a smoothing spline to eliminate noise.

As a continuous discharge current flows through a battery cell with a significantly
lower capacity in the battery pack, the cell with the least capacity reaches a lower voltage
more quickly than the other cells owing to the difference in the amount of internal active
material. A battery cell with a low capacity arrives at the steady state first because of the
relatively lower amount of internal activation material than that in normal cells. During
discharge, the steady state is at a subordinate position. Thus, the cell with the capacity
problem reaches the steady state first and has the lowest voltage among the other cells.
Once the other cells reach the steady state, their voltage decreases and returns to the order
of voltages before they reach the steady state. Therefore, the sequence of voltages can be
used to check for capacity problems.

Figure 15a shows the discharge section after filtering all of the voltages in Figure 14a,
which is extremely useful, because a considerable amount of noise is removed through
filtering. Figure 15b shows the cells, in Figure 15a in the order of high voltage during
discharge. After charging, when discharging commences, cell 3 drops to the lowest position
after some time. If the discharge current flows continuously, the sequence of cells returns to
its original position, which is a characteristic of the capacity problem, as described above.

4.3. Resistance Problem

As described in Section 4.1, cell 1 or 4 has the highest resistance in the absence of
defects. According to Ohm’s law, if all cells are charged or discharged with the same
current, one of the two cells must reach the cut-off voltage. However, in Figure 16a, cell 2
has reached the cut-off voltage, pointing to a possible problem. In fact, while disassembling
this pack, the busbar screws of cell 2 were looser than those of the other cells.

Figure 15. Capacity problem ((a) filtering the discharge part in Figure 13 (left) and (b) order of
cell voltages).

According to Figure 16b, the ICC value of the resistance data is less than 0.5 throughout
the continuous discharge period, and the relationship between almost all of the data is poor
when the battery is fully charged. Since cells 1 and 4 supply BMS power, their resistances
are higher than those of the other cells, and for this reason, the ICC values of these two cells
are extremely high. By contrast, cell 3 showed a poor correlation with all the cells. If the
resistances of cells 2 and 3 were similar, we can expect that the relationship between each
of the cells would be strong. By contrast, cell 2 showed a stronger connection between cell
1 and cell 4, meaning that the voltage validations of cells 2, 1, and 4 were similar, which is
additional evidence for a scenario in which cell 2 is suspected to have significant resistance.



Energies 2022, 15, 1647 17 of 19

Figure 16. Resistance problem ((a) voltage and (b) ICC value).

Based on these data, the ICC low value is not necessarily an indicator of a defective
cell. Hence, by using the cause analysis algorithm, problematic cells and the cause of the
problems can be identified.

According to Figure 17, once the voltage has been filtered, the trace of cell 2 reaching
the full discharge cut-off voltage remains at first; then, it grows slowly as the charging
current flows. When a steady charging current flows, the voltage of cell 2 increases
gradually until it peaks and remains there. In this case, cell 3 is at the lowest position owing
to low resistance. In the data of approximately 50,000 s, the voltages of cell 3 and cell 4
change for a while because of changes in the charging current, but the difference is more
significant in the case of cell 4 because of its higher resistance.

Figure 17. Resistance problem ((a) filtering the charge part in Figure 15 (left), and (b) order of
cell voltages).

Thus, cell 3 can be considered a potentially suspicious cell in the ICC model, but the
ICC is only a technique to determine the correlation. When abnormal cell detection is
performed based on the order of cell voltages, cell 2 reaches the cutoff voltage by itself, and
its voltage is high when the charging current is continuous. In raw data and filtered data, it
can be judged that there is a resistance problem by seeing that both cell 2 reach the charge
and discharge cut-off voltage. Thus, it can be concluded that cell 3 is not problematic, and
cell 2 has a resistance problem. Hence, based on the order of the cell voltages and the cells
reaching the cut-off voltage, it was identified that cell 2 has a resistance problem.

5. Conclusions

Herein, we proposed a model to identify the failures of caravan battery packs by
using ICC and the order of cell voltages. The order of cell voltages can be used to reliably
identify battery faults. To analyze the cause of failure, we used actual battery terminal
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voltages rather than modeled data. Additionally, the proposed model can be trained
using real-world vehicle data, which would enable it to accurately identify battery issues
in vehicles with similar features. To monitor battery abnormalities, we designed a new
framework for diagnosing problems with battery packs. In this manner, we focused on
diagnosing abnormalities and analyzing their causes based on the data gathered from
capacity and resistance problems. Based on the experimental and theoretical results, the
proposed method was found to be suitable for fault detection and anomaly resolution. In
the future, we aim to apply the proposed method to data obtained from complex problems
and conduct more extensive research. Furthermore, we intend to analyze the causes of
battery failure by further subdividing the causes into external and internal problems.
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