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Abstract: The label-less characteristics of real vehicle data make engineering modeling and capacity
identification of lithium-ion batteries face great challenges. Different from ideal laboratory data, the
raw data collected from vehicle driving cycles have a great adverse impact on effective modeling
and capacity identification of lithium-ion batteries due to the randomness and unpredictability of
vehicle driving conditions, sampling frequency, sampling resolution, data loss, and other factors.
Therefore, data cleaning and optimization is processed and the capacity of a battery pack is identified
subsequently in combination with the improved two-point method. The current available capacity is
obtained by a Fuzzy Kalman filter optimization capacity estimation curve, making use of the charging
and discharging data segments. This algorithm is integrated into a new energy big data cloud
platform. The results show that the identification algorithm of capacity is applied successfully from
academic to engineering fields by charge and discharge mutual verification, and that life expectancy
meets the engineering requirements.

Keywords: electric vehicle; cloud data; error analysis; capacity estimation

1. Introduction

Different from the laboratory-labeled data of lithium-ion batteries, the cloud data
collected from vehicle driving cycles limits the possible application of multi-path battery
capacity modeling to a certain extent. It is difficult to calibrate battery model parameters for
vehicles in service. On the other hand, the cloud data do not have life labels. At the same
time, the accuracy of the lithium-ion battery capacity model based on the accumulated
charge method between two points is affected by the accuracy of state of charge (SOC) [1].
However, due to systematic and random errors in sampling, the SOC in real vehicle data
cannot accurately reflect the real SOC.

Currently, there are three prevalent SOC estimation methods: the first technique
directly adopts the SOC of the Battery Management System (BMS), which may be its
actual estimated value or its apparent value. The former error depends on the accuracy
of the developed state estimation algorithm, whereas the later error assumes that the user
experience is typically a pseudo-SOC that cannot reflect the actual SOC.

The second method is to use SOC estimation based on a model-driven method [2]
combined with various types of filtering [3–6]. Usually, the model needs additional test
identification. For example, the first-order RC model can be used to estimate the battery
SOC [7], and the second-order Randles circuit can be used to construct the state space and
estimate the state variable SOC in combination with the individual impedance measured
by Electrochemical Impedance Spectroscopy (EIS) [8]. The state filtering algorithm can
also be optimized to estimate and update the SOC [9]. Considering that Equivalent Circuit
Model (ECM) parameter identification needs to be carried out under laboratory conditions,
it is difficult to schedule battery cells and calibrate parameters for cloud platform service
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vehicles. In addition, ECM parameter mismatches due to differences between laboratory
and real vehicle conditions may still occur even if they can be calibrated.

The third method is based on the specific relationship of OCV-SOC, which collects
monomer OCV to directly map SOC. This method can ensure the accuracy of SOC under
the premise of sufficient static depolarization. Considering that EV has a long resting
interval, the method of Professor Sauer’s team from RWTH Aachen University is conducive
to directly measure SOC by collecting charged OCV based on the OCV-SOC curve mapping
relationship [10]. Therefore, a charging interval screening link is added before executing
the algorithm, which requires the vehicle to have a certain rest period before charging. In
addition, considering the effect of temperature on battery capacity, the temperature should
be relatively constant during charging. Therefore, a relatively accurate capacity analysis
based on the accumulated electricity between two points can only be triggered if the above
two conditions are met. However, in practical engineering, there are few user behaviors
that can meet the requirements of charging after resting, and users are generally used to
charging after resting or discharging after resting. Therefore, data fragments satisfying the
requirements of resting are less in the charging part and more in the discharging part, and
the static premise accurately mapped by OCV-SOC is available in the discharging part.

Aiming at improving the accuracy of SOC estimation, the systematic and random errors
are analyzed in the collection of real vehicle cloud data based on real vehicle unlabeled data
and combine the improved accumulated power between two points method to solve the
available capacity. Moreover, the correction strategy of on-vehicle SOC is analyzed to obtain a
more reliable SOC acquisition method. Finally, the Kalman filter with fuzzy logic is introduced
to optimize the robustness of the model. Through the above steps, the capacity identification
model of a lithium-ion battery under cloud big data scenario is obtained and verified.

The content of this paper is organized as follows: Section 2 analyzes the two-point
method. Section 3 analyzes the systematic error and random error of real vehicle cloud
signal sampling and proposes the optimization method. Section 4 proposes an adaptive
filter based on fuzzy logic to improve the accuracy of the results. Section 5 presents the
results and verification of the proposed methods. Section 6 summarizes the proposed
methods and prospects for future work.

2. Improved Two-Point Method for Engineering Application

The two-point method is a commonly method used to calculate battery capacity [11–14].
This method can be applied in the laboratory, but it is difficult to use in vehicle driving
cycles [15]. Therefore, this section adopts other methods based on partial charging curves
to improve the two-point method. This paper defines the capacity as the ratio of battery
charging and discharging ampere hours to the difference between SOC before and after [16],
and derives the following Formula (1):

SOC(t2) = SOC(t1) +
1
C

∫ t2

t1

CEi(t)
3600

dt (1)

where SOC(t2) is the state of charge of the battery at time t2, SOC(t1) is the state of charge
of the battery at time t1, C is the total capacity of the battery cell in ampere hours, and i(t)
is the current in ampere at time t. CE is the coulomb efficiency. CE ≈ 1 because the side
reaction rate of lithium-ion batteries is relatively low compared with lead-acid or nickel
hydrogen batteries [17]. The integral operation is performed in seconds and converted
into hours. It is specified that the current i(t) at the time of discharge is negative and the
charging current is positive, and the following Formula is derived (2):

C =

∫ t2
t1

CEi(t)
3600 dt

SOC(t2)− SOC(t1)
(2)

According to Formula (2), the accuracy of battery capacity calculation depends on both
the integration accuracy of charge and discharge current and the SOC calculation accuracy.
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The estimation accuracy of SOC may be related to the evaluation rate and resolution of
cloud collection and the SOC correction strategy of vehicle end in actual projects. The error
of SOC will be analyzed and optimization methods will be proposed later.

3. Error Analysis

The data in this paper are provided by a company. Taking some key parameters as
potential errors in an engineering application that may be encountered in sampling and
calculation, this section divides all errors into nonrandom systematic errors, including
sampling frequency and sampling resolution; and random errors, including electricity
integration error, charging interval, temperature change, and SOC correction strategy;
combined with actual cases to carry out analysis and algorithm optimization.

3.1. System Errors Originated from Sampling Frequency and Resolution

The system error is repetitive, which is generally inherent in the system itself. The
sampling frequency and parameter sampling resolution of cloud data are usually deter-
mined during the platform construction. Different frequencies and resolutions will affect
the capacity estimation as system errors.

The sampling frequency determines the amount of data. High-frequency sampling will
get more specific data but also increase the burden of platform storage. Therefore, frequency
division sampling technology is proposed to cope with the load and fidelity of electric
vehicle (EV) cloud data upload. The event-driven method can be used to sample only when
the signal value changes, to reduce the memory requirements of low-frequency signals
on a large scale. For high-frequency data, the high-frequency signals can be discarded
by fast Fourier transform combined with trial-and-error method, and the optimal storage
frequency can be determined by inverse Fourier transform.

The sampling resolution of the battery signal will also cause capacity calculation error.
Some key parameters and resolution are shown in Table 1. The resolution basically meets
the requirements of the national standard. Among them, the SOC sampling step size is 1%,
which may cause capacity estimation error. Therefore, analysis should be carried out and
corresponding algorithm optimization should be designed.

Table 1. Sampling resolution.

Parameter Resolution Ratio

Time year-month-day-hour-minute-second
Mileage kilometers
Voltage 0.1 V
Current 0.1 A

SOC 1%
Temperature 1 ◦C

Figure 1 shows the SOC and quantity (Q) diagram calculated from the cloud charging
data of an electric vehicle. The sampling resolution of SOC is 1%. Take charging ∆SOC = 2%
as an example and take the traditional accumulated electricity between two points for
analysis; its current capacity should be the slope value of the blue dashed line in Figure 1
that is, ∆Q/∆SOC. However, because the SOC resolution is only 1%, the metering points
are stacked. In fact, if the SOC sampling resolution is sufficient, the real SOC-Q points
should be distributed like red dots. Although the collected data corresponding to 86%
SOC is unreliable, the first SOC-Q point triggered to 87% SOC is relatively reliable, and
the subsequent points cannot be guaranteed because the actual SOC should be between
87~88%, and the actual capacity after optimization should be the slope of the red dashed
line in the figure.
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3.2. Random Errors Originated from Coulometric Integration and Charging Segment

In addition to the system error that may be caused by the inherent sampling frequency
and resolution of the cloud platform itself, uncertain random factors such as current or time
jump, temperature change, and the SOC correction strategy set by the manufacturer in the
calculation process will also constitute random errors for cloud capacity identification. This
section will analyze the possible random errors in combination with cases and optimize the
algorithm to reduce the random errors of capacity cloud identification.

During the charging and discharging process of electric vehicles, potential dynamic
errors or data packet loss accompany the battery signal sensors and data uploading, result-
ing in the transient jump of current and the data vacancy of time segments. To improve
it, choose a more stable current segment to calculate the metering integration, and make
a differential observation on the time series. If the time jump is too large, the electricity
integration will be significantly affected.

The interval and length of the charging SOC captured by the accumulated charge
between two points will also affect the capacity estimation. By constructing the charging
SOC transformation matrix to observe the influence of different charging starting SOCs
on the fluctuation of capacity life calculation, it can be found that the longer the SOC
interval, the more stable and reliable the identified capacity life will be. In engineering
practice, the reason why SOC calculated under low SOC and high SOC is feasible is that
the battery changes rapidly with OCV in the low SOC interval, as shown in Figure 2. The
SOC correction strategy carried by the current general BMS adopts the method driven by
amp-hour integration fusion model to carry out fast correction in this interval. Based on
the above correction principle of SOC in engineering practice, the charging and discharging
interval segments that meet the initial conditions of SOC can be directly screened to
optimize the random error influence of charging interval on capacity calculation.

3.3. SOC Correction Strategy

In engineering, to give users a better experience, engineers usually add a modification
strategy to the actual SOC. This section will analyze various potential correction strategies
combined with real cloud data to minimize the capacity estimation error caused by SOC
correction strategies.

In the low SOC interval, the linearity of the OCV-SOC curve is high, as shown in
Figure 3. The SOC changes rapidly with the OCV. It is believed that the SOC algorithm
carried by the general BMS will use the method of fusion model filtering to carry out faster
correction in this interval. The SOC at this time should be a relatively reliable SOC after
filtering and fusion correction value.
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There is also a correction problem in the high SOC interval [18]. A typical correction
of the upper cut-off voltage corresponding to 100% SOC is shown in Figure 3a,b. The
former corresponds to a small apparent SOC estimate, and the latter corresponds to a large
apparent SOC estimate. In Figure 3a, the SOC of the display will reach 100% soon after
the charge reaches 96%. The SOC of the display is smaller than the actual state. When the
actual state of the battery has reached the upper cut-off voltage, the SOC of the display will
be corrected to 100% immediately because the estimation error is still 96%. In Figure 3b,
when the charging reaches 100% SOC, the charging state is not ended immediately. From
this, the apparent SOC is larger than the actual one. When the apparent SOC reaches 100%,
the actual state of the battery has not reached the upper cut-off voltage, and the charging
is completed after it reaches it. The core of the above two kinds of correction strategies is
that the true state of charge of the battery must correspond to 100% when the upper cut-off
voltage is reached; before the cut-off voltage is reached, the SOC presented is not reliable,
and there is a large or small cumulative error.

In addition to the above cut-off voltage correction, there is also dynamic correction as
shown in Figure 3c,d in the high SOC section. In the actual charging data sampling, the
correction phenomenon as shown in Figure 3e,f is also captured, which correspondingly
verifies the actual existence of the correction strategy as shown in Figure 3c,d. With regard
to online capacity cloud identification based on charging segments, it is the most reliable
SOCmin, which should be as low as 30% SOC. For the SOCmax, it should correspond to the
upper cut-off voltage or the high SOC interval of more than 95% shall be selected as far
as possible. The SOC intercepted meeting these two conditions is relatively reliable for
capacity identification of the accumulated electricity between two points.
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In addition, SOC can also be corrected after standing. Before EV startup, BMS can
map SoC based on OCV by looking up the table. By studying the relationship between
voltage change and standing time, it is required that the standing time should meet 3 h.
Considering the user’s charging and discharging behavior, there are few charging segments
in the cloud data of the real vehicle that meet the requirements of 3 h standing, but in the
discharge process, there are many segments that meet the requirements of 3 h standing.
Therefore, when the OCV-SOC correction strategy is oriented to practical applications, it is
easier to meet the static requirements in the discharge section.

3.4. Temperature Correction

As one of the most important parameters, battery temperature affects battery power,
durability, and safety [1]. Lithium-ion activity is also different at different temperatures,
and the temperature difference leads to fluctuations in the available capacity of the battery,
resulting in random errors in capacity estimation at different temperatures [19]. According
to the temperature performance test of the battery, the discharge capacity of the battery in
the low-temperature environment decreased significantly, and the discharge capacity in the
high-temperature environment increased slightly. As shown in Figure 4, the relationship
between temperature and depth of discharge (DOD) shows that the lithium battery is fully
discharged at 25 ◦C. Therefore, when modeling the capacity of lithium-ion batteries in
the cloud-oriented big data scenario, it is necessary to uniformly correct the capacity at
different temperatures to 25 ◦C. Based on empirical formulas, the identification results can
be corrected by the following formula (3):

Capstd = Capi × (1 − 0.02 × (Tave − 25)÷ 10) (3)

where Capstd is the standard capacity after temperature correction, and Tave is the average
temperature of the temperature measuring point.
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4. Adaptive Filtering Based on Fuzzy Logic Rules

Due to the inherent system and random errors of real vehicle cloud data, the capacity
identification results tend to fluctuate and diverge. In this section, a filter correction
algorithm [20] will be designed based on the preliminary identification of capacity, and the
observation noise in the state space will be adjusted in real time according to different SOC
of charge/discharge start/end in combination with fuzzy logic (FL) to calculate a more
reasonable and accurate capacity estimation result.

Specifically, after the preliminary capacity values are obtained based on the charge
and discharge segments, the final capacity estimation results are obtained by Kalman filter
(KF) optimization of fuzzy noise control. When establishing the state space of the filtering
system, considering the slow attenuation of the battery capacity, it is considered that the
capacity is basically the same before and after the time, and there is some system noise ωi.
The state space of the battery capacity is:

xi+1 = xi + ωi (4)
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yi = xi + vi (5)

where xi, as capacity, considers the small attenuation of charge and discharge capacity
and the system noise ωi. The smaller value meets the filtering requirements. yi is used to
output the observed values of the equation, considering the influence of different charging
intervals on the estimation accuracy vi = eαv0. Variable observation noise is used, α is
determined by fuzzy logic according to the charging start and end states, and v0 is the
general observation noise constant.

The flow of determining the variable observation noise value based on fuzzy logic is
shown in Figure 5, CT(i) by i capacity observations of the sequence, combined with the
sequence i − 1. Capacity estimation results of CE(i − 1). The capacity estimation result is
obtained after KF optimization controlled by fuzzy logic CE(i). Continue to participate
in the state filtering of the next time series, form a closed-loop correction, and iteratively
estimate the real system capacity state. The main basis for formulating fuzzy rules is:
SOCmin, and relative error eQ. Smaller output α Value; SOCmax ≥ 99%. Configure small
observation noise Vi.
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5. Results and Discussion

Based on the principle of accumulated electricity between the above two points and
the analysis of the systematic and random errors in the data of the cloud platform of real
vehicles, this section will study the capacity identification algorithm based on the two-point
method and the multi-point method in combination with the charging segment and the
discharging segment based on the actual operation data of 100 real vehicles, and use the
Kalman filter of fuzzy logic to evaluate and analyze the current available capacity life of
the battery system.

5.1. Identification of Charging Segment Capacity

By analyzing the correction strategy of the charging SOC in the random error, the
charging segments that meet a certain interval are strictly screened. It is required that the
starting SOC of the charging segment should be less than 30%, and the SOC at the end of
the charging should be the corresponding SOC when the upper cut-off voltage is reached,
or the high SOC interval of more than 95%.

Figure 6 shows the capacity life of the battery system identified in this study based on
the collected cloud charging data of 100 vehicles, where each color represents the identified
capacity of a vehicle based on the charging data within two months, and a single circle
represents the capacity identified based on a single charge. The error fluctuation of single
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capacity estimation is due to the inherent system error and random error, but it does not
affect the overall trend of attenuation. It is worth noting that about three of the 100 vehicles
may have premature capacity aging due to multi-layer consistency and potential faults,
as shown in the filled circle in Figure 5. It is necessary to carry out return inspection in
combination with enterprises.
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5.2. Identification of Discharging Segment Capacity

Compared with the SOC reliability of the charging segment, the discharging segment
can theoretically measure more accurate SOC. Compared with the user’s charging habits,
the discharge segment is more likely to meet the long-term standing segment, so it can be
corrected by using the OCV-SOC look-up table to obtain more accurate SOC.

For the system capacity identification of discharge segments, this section applies the
method of multi-point linear regression to optimize the original two-point cumulative
electricity method. The SOC calculation formula at the discharge stage is as follows in
Equation (6):

SOC(ti) =
Q(ti)

C
=

Q(t0)−
∫ ti

t0
I(t)dt

C
(6)

wherein Q(ti) by ti. The multiple linear regression form of the remaining power at any
time obtained by transformation is shown in Formula (7):∫ ti

t0

I(t)dt = Q(t0)− C × SOC(ti) (7)

Q(t0) and capacity C are unknown; accumulated discharge
∫ t1

t0
I(t)dt is known. The

accumulated error in the discharge segments that meet the screening conditions has been
eliminated, so the SOC(ti) is accurate to a certain extent. Define a multi-point representation
as
(∫ t1

t0
I(t)dt, SOC(ti)

)
; therefore, the

∫ t1
t0

I(t)dt and SOC(ti) linear relationship between
can be reflected by multi-point regression as shown in Figure 7.

Therefore, the current available capacity of the battery for the discharge segment can
be identified by Equation (8) through linear regression. For convenience of expression, let
qi =

∫ ti
t0

I(t)dt.

C =
∑n

i=0 qi ∑n
i=0 SOC(ti)− n ∑n

i=0 qiSOC(ti)

n ∑n
i=0 SOC(ti)

2 − (∑n
i=0 SOC(ti))

2 (8)

Figure 8 shows the capacity life of the battery system identified in this study based on
the cloud discharge data of real vehicles. Compared with the number of available charging
segments, due to the continuity of the long discharge interval, more segments can meet the
screening requirements, and the attenuation trend consistent with the charging calculation
results and individual vehicles with premature capacity aging can also be observed.
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5.3. Fuzzy Kalman Identification of Charge and Discharge Capacity

The real system capacity state after filtering is shown in Figure 9. The Kalman filter
based on fuzzy logic can reasonably and effectively remove the system state noise, and the
trend conforms to the attenuation law of lithium-ion batteries. Among them, circles and
boxes are the identification results of charge and discharge capacity, respectively, which are
basically the same.

Batteries 2022, 8, x FOR PEER REVIEW 10 of 12 
 

Figure 8. Estimation of discharge capacity of 100 real vehicles. 

5.3. Fuzzy Kalman Identification of Charge and Discharge Capacity 
The real system capacity state after filtering is shown in Figure 9. The Kalman filter 

based on fuzzy logic can reasonably and effectively remove the system state noise, and 
the trend conforms to the attenuation law of lithium-ion batteries. Among them, circles 
and boxes are the identification results of charge and discharge capacity, respectively, 
which are basically the same. 

 
Figure 9. FL + KF capacity estimation result. 

The algorithm verifies the capacity from the perspective of charging and discharging 
data segments. According to the attenuation evolution, the system capacity of this model 
decays from 200 ah to about 185 ah in the range of 0–40,000 km, and can travel to about 
110,000 km if the retirement boundary is 80%. In fact, most users will not choose to retire, 
so the reasonable mileage life is expected to reach 200,000 km. If users drive 60 km a day, 
the battery life can reach about 9 years. 

The real-time life estimation algorithm developed in this study is integrated into the 
new energy big data monitoring cloud platform in Sichuan, as shown in Figure 10, which 
realizes the application of the algorithm from academic to engineering fields. 

 

 

Figure 10. UI interface of big data monitoring cloud platform of Sichuan new energy innovation 
center. 

6. Conclusions 
To reflect real capacity changes, the lithium-ion battery capacity estimation model is 

established by the raw data of vehicle driving cycles on the cloud. First, the causes of ca-
pacity estimation issues are analyzed using the accumulated charge method between two 
points. Then, using real vehicle data that has been sampled from the cloud, the systematic 

Figure 9. FL + KF capacity estimation result.



Batteries 2023, 9, 216 10 of 12

The algorithm verifies the capacity from the perspective of charging and discharging
data segments. According to the attenuation evolution, the system capacity of this model
decays from 200 ah to about 185 ah in the range of 0–40,000 km, and can travel to about
110,000 km if the retirement boundary is 80%. In fact, most users will not choose to retire,
so the reasonable mileage life is expected to reach 200,000 km. If users drive 60 km a day,
the battery life can reach about 9 years.

The real-time life estimation algorithm developed in this study is integrated into the
new energy big data monitoring cloud platform in Sichuan, as shown in Figure 10, which
realizes the application of the algorithm from academic to engineering fields.

Batteries 2022, 8, x FOR PEER REVIEW 10 of 12 
 

Figure 8. Estimation of discharge capacity of 100 real vehicles. 

5.3. Fuzzy Kalman Identification of Charge and Discharge Capacity 
The real system capacity state after filtering is shown in Figure 9. The Kalman filter 

based on fuzzy logic can reasonably and effectively remove the system state noise, and 
the trend conforms to the attenuation law of lithium-ion batteries. Among them, circles 
and boxes are the identification results of charge and discharge capacity, respectively, 
which are basically the same. 

 
Figure 9. FL + KF capacity estimation result. 

The algorithm verifies the capacity from the perspective of charging and discharging 
data segments. According to the attenuation evolution, the system capacity of this model 
decays from 200 ah to about 185 ah in the range of 0–40,000 km, and can travel to about 
110,000 km if the retirement boundary is 80%. In fact, most users will not choose to retire, 
so the reasonable mileage life is expected to reach 200,000 km. If users drive 60 km a day, 
the battery life can reach about 9 years. 

The real-time life estimation algorithm developed in this study is integrated into the 
new energy big data monitoring cloud platform in Sichuan, as shown in Figure 10, which 
realizes the application of the algorithm from academic to engineering fields. 

 

 

Figure 10. UI interface of big data monitoring cloud platform of Sichuan new energy innovation 
center. 

6. Conclusions 
To reflect real capacity changes, the lithium-ion battery capacity estimation model is 

established by the raw data of vehicle driving cycles on the cloud. First, the causes of ca-
pacity estimation issues are analyzed using the accumulated charge method between two 
points. Then, using real vehicle data that has been sampled from the cloud, the systematic 

Figure 10. UI interface of big data monitoring cloud platform of Sichuan new energy innovation
center.

6. Conclusions

To reflect real capacity changes, the lithium-ion battery capacity estimation model
is established by the raw data of vehicle driving cycles on the cloud. First, the causes of
capacity estimation issues are analyzed using the accumulated charge method between
two points. Then, using real vehicle data that has been sampled from the cloud, the
systematic and random mistakes in cloud sampling are analyzed. A correction method
is then presented and developed for accurately determining the real SOC of the system,
as well as the range between high and low SOC. The fuzzy logic Kalman filter optimizes
the capacity estimation curve. Finally, using the charging and discharging data segments,
the battery system’s current available capacity is determined. The capacity identification
curve derived from the established capacity estimation model of a lithium-ion battery is
in accordance with the decay trend of the battery system, as confirmed by the cloud data
of 100 real vehicles of a vehicle enterprise, and the mileage life of the modified model is
anticipated to reach 200,000 km. The algorithm has also been implemented into a company’s
big data detection cloud platform, and the estimation accuracy has passed the platform’s
verification, accomplishing the algorithm’s transition from academic to engineering stages.

In the subsequent study, based on this research, the current research group will predict
the capacity based on the capacity estimation and precisely forecast the battery service period.
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