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Abstract: Accurate capacity estimation of onboard lithium-ion batteries is crucial to the performance
and safety of electric vehicles. In recent years, data-driven methods based on partial charging curve
have been widely studied due to their low requirement of battery knowledge and easy implementa-
tion. However, existing data-driven methods are usually based on a fixed voltage segment or state of
charge, which would be failed if the charging process does not cover the predetermined segment
due to the user’s free charging behavior. This paper proposes a capacity estimation method using
multiple small voltage sections and back propagation neural networks. It is intended to reduce
the requirement of the length of voltage segment for estimating the complete battery capacity in
an incomplete charging cycle. Firstly, the voltage segment most possibly covered is selected and
divided into a number of small sections. Then, sectional capacity and skewness of the voltage curve
are extracted from these small voltage sections, and severed as health factors. Secondly, the Box–Cox
transformation is adopted to enhance the correlation between health factors and the capacity. Thirdly,
multiple back propagation neural networks are constructed to achieve capacity estimation based
on each voltage section, and their weighted average is taken as the final result. Finally, two public
datasets are employed to verify the accuracy and generalization of the proposed method. Results
show that the root mean square error of the fusion estimation is lower than 4.5%.

Keywords: capacity estimation; lithium-ion batteries; multiple voltage sections; back propagation
neural network; Box–Cox transformation

1. Introduction

Due to the rising primary energy shortage and environmental degradation, many
countries around the world are highly encouraging and supporting the development of
new energy vehicles. New energy vehicles mainly include electric vehicles, hydrogen
energy vehicles and other environmental-friendly energy vehicles. Among them, electric
vehicles (EVs) have received extensive attention due to their high efficiency, security and
reliability [1]. Currently, lithium-ion batteries are the most widely used energy storage
system for EVs, and they highly determine EVs’ endurance and power performance. The
capacity of lithium-ion batteries gradually degrades with the increase in cycle. According
to the IEEE Standard 1188.1996, the battery needs to be replaced as its capacity drops to
80% of the rated capacity. In addition, some key states of the battery are closely related
to the capacity, such as state of charge (SOC) [1], state of health (SOH) [2] and remaining
useful life (RUL) [3]. Therefore, it is of great significance to estimate battery capacity online.

1.1. Literature Review

A large number of capacity estimation methods have been proposed, which can mainly
be divided into two categories: model-driven methods and data-driven methods.

The model-driven methods are usually based on the electrochemical model or the
equivalent circuit model. The electrochemical model [4–6] is based on the physical and
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chemical properties of the battery. It has the advantages of definite physical meaning and
high accuracy. However, it is too complicated to be applied online and has many parameters
to calibrate. The equivalent circuit model [7,8] is based on the electrical characteristics of
the battery and uses electrical components, such as a resistor and a capacitor, to model
the battery. Compared with the electrochemical model, the parameter number of the
equivalent circuit model is greatly reduced, but the accuracy is lower. Generally, the model-
driven methods require electrochemical knowledge and a profound understanding of the
operating mechanism of the battery. Their flexibilities are also limited because different
battery types, even cells, usually need to be modeled individually.

In contrast, the data-driven methods are more flexible and easier to use than the model-
driven methods since they need not pay much attention to the complex electrochemical
reactions inside the battery; rather, they only need to extract health features (HFs) represent-
ing the behavior of capacity degradation from historical data and then establish a machine
learning model between HFs and the capacity. Chen et al. [9] extracted four geometric HFs
from the current and voltage curves. The Laplacian Eigenmap algorithm was employed
to establish an intrinsic manifold, and the geodesic on the manifold was used to estimate
battery capacity. Chao et al. [10] extracted five HFs from the battery charging curve and
then used the relevance vector machine (RVM) to model the relationship between HFs
and the capacity. Zheng et al. [11] extracted three HFs from the incremental capacity (IC)
and differential voltage (DV) curves, and proposed a joint estimation method for SOC and
capacity. In addition, some scholars use ultrasonic methods to extract HF. For example, Li
et al. [12] used a laser Doppler vibrometer to obtain the scanning signal of a lithium battery
under different aging degrees and extract HF from it; Li et al. [13] used ultrasonic signals to
conduct non-destructive battery testing, and selected seven high-quality HF.

The machine learning model also plays an important role in the accurate estimation
of battery capacity. With the rapid development of machine learning and artificial intelli-
gence, an increasing number of algorithms, such as support vector machine (SVM) [14,15],
correlation vector machine [16], and Gaussian process regression [17], are being introduced
to battery capacity estimation. With the rise in neural networks (NNs), especially due to
their outstanding nonlinear fitting ability, these are being widely used for capacity or SOH
estimation. Zhang et al. [18] constructed a three-layer back propagation neural network
(BPNN) to train the model between internal resistance and capacity for achieving accurate
state estimation. Wen et al. [19] extracted HFs from IC curves and established an SOH
estimation model at different temperatures also using BPNN. Pan et al. [20] extracted
multi-dimensional HFs from historical data, and established the extreme learning machine
(ELM) to realize the SOH estimation. Li et al. [21] proposed a framework incorporating the
concepts of transfer learning and network pruning to build compact convolutional neural
network (CNN) models on a relatively small dataset with improved estimation perfor-
mance. Tan et al. [22] proposed a SOH prediction method based on transfer learning, and
designed a model by combining the long short-term memory (LSTM) and fully connected
(FC) layers.

Most existing studies on capacity estimation are realized on the basis of full charg-
ing/discharging conditions. However, this is not practical for EV applications. EV users
prefer to recharge the battery before its full discharging to 0% SOC due to range anxi-
ety, while also preferring to stop charging before 100% SOC to avoiding over-charging.
Especially in the case of fast charging, the battery is only charged to about 80% SOC. In
other words, lithium-ion batteries are likely to experience an incomplete charging process.
Accordingly, some researchers proposed capacity estimation methods based on fixed volt-
age/SOC segments. Fan et al. [23] extracted HFs from specific segments in the constant
current stage (3.8–4.1 V) and constant voltage stage (1.5–0.2 A), respectively, and utilized
Gaussian process regression (GPR) to establish a model between HFs and the capacity.
Schaltz et al. [24] introduced a first-order linear equation to model the relationship between
the sectional capacity and full capacity, verifying that different charging rates have little
impact on the estimation results. Zheng et al. [25] proposed the particle swarm optimization
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(PSO) algorithm to select an optimal charging voltage segment under different conditions
and employed a linear model to estimate full capacity based on sectional capacity. Park
et al. [26] chose the sectional capacity corresponding to a fixed SOC segment as HF, and
constructed a multi-layer perceptron (MLP) model for capacity estimation based on the
extracted HF.

The above studies have proven the feasibility of using a charging segment for capacity
estimation. In practice, however, EV users often exhibit free and inconsistent charging
behaviors. In this case, a pre-determined and fixed charging segment cannot be fully
covered (called a valid voltage segment in this paper), as shown in Figure 1, leading to the
failure of existing methods.
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1.2. Motivation and Main Contributions

This paper proposes a capacity estimation method based on multi-BPNN. Firstly, the
commonly used voltage segment is further divided into a number of small sections. Then,
HFs are extracted from these small sections, and the Box–Cox transformation (BCT) is
adopted to obtain a higher correlation between HFs and the full battery capacity. Finally,
multi-BPNN models are developed to achieve an accurate and flexible capacity estimation.
The main purpose of the proposed method is to increase the probability that a selected
charging segment can be covered in every charging cycle.

The innovations and contributions of the paper mainly include the following:

(1) A charging voltage segment is further divided into a number of overlapped small sec-
tions, which increases the availability of an arbitrary voltage segment in an incomplete
charging cycle for capacity estimation.

(2) The sectional capacity and skewness extracted from each small voltage section are
used as HF candidates, and a selection strategy is introduced to obtain an optimal
HF for each single section. Additionally, the BCT strategy is adopted to enhance the
correlation between HFs and the full battery capacity.

(3) The multi-BPNN is utilized to establish the mapping model between HFs and the
full battery capacity. In addition, a fusion method based on weighted average is
developed to achieve the final estimation result when the charging segment covers
more than one small section.

(4) The proposed method is comprehensively demonstrated on two public battery datasets
using comparison studies, including (1) capacity estimation with the small sections
before and after BCT transformation, and (2) capacity estimation with the proposed
method and conventional method.

1.3. Paper Organization

The rest of the paper is organized as follows. Section 2 introduces the battery datasets
used in this paper. Section 3 details the principle of the proposed method. In Section 4,
the feasibility and accuracy of the proposed method are validated by experiments on two
public datasets. Finally, main conclusions of the paper are summarized in Section 5.
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2. Battery Datasets

Two public battery datasets from NASA and CALCE are used in this paper. This
section introduces these two datasets in brief.

2.1. NASA Battery Dataset

NASA lithium-ion battery dataset [27] is provided by NASA Ames Research Center.
Three battery cells, namely B5, B6, and B7, are selected in this study. B5 is used as a
training dataset, while the other two batteries are used for test datasets. These batteries
have a nominal capacity of 2 Ah, and cathode material of lithium cobalt oxide (LiCoO2).
Experiments at room temperature are carried out as follows:

• Charging: the batteries are charged with a constant current of 1.5 A until their voltage
reaches 4.2 V, followed by a constant voltage stage until the current is below 20 mA;

• Discharge: the batteries are discharged with a constant current of 2 A to a predefined
cut-off voltage. The cut-off voltages of the three batteries are 2.7 V (B5), 2.5 V (B6) and
2.2 V (B7), respectively;

• Impedance measurement: the electrochemical impedance spectroscopy (EIS) is utilized
to measure the battery impedance with a scanning frequency range of 0.1–5 kHz.

Steps (1)–(3) are repeated until the capacity is lower than 70% of the rated capacity of
the battery.

The capacity degradation curves of B5, B6, and B7 are shown in Figure 2a, and, as
examples, the changes in voltage and current with the increase in cycle of B5 are shown in
Figure 2b,c, respectively. The voltage and current changes of the other two batteries are
similar to those of B5.
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2.2. CALCE Battery Dataset

This battery dataset is provided by the Center for Advanced Life Cycle Engineering
(CALCE) of the University of Maryland [28]. In this paper, three battery cells, namely
CS35, CS36, and CS37, are selected. The former is used for training, while the other two
batteries are used for testing. The nominal capacity of these batteries is 1.1 Ah, and their
cathode material is also LiCoO2. At room temperature, these batteries are tested with the
following steps:

• Charging: the batteries are charged with a constant current of 0.55 A (0.5C) until
their voltage reach 4.2 V, followed by a constant voltage stage till the current is
below 20 mA;

• Discharging: with a constant current of 1.1 A (1C), the batteries are discharged to the
cut-off voltage of 2.7 V;

• Impedance measurement: the impedance of the battery is measured by EIS;

Steps (1)–(3) are repeated until the capacity is lower than 80% of the rated capacity of
the battery.
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The capacity degradation curves of the three cells are shown in Figure 3a, and the
voltage and current curves of CS35 are shown in Figure 3b,c, respectively. The voltage and
current changes of the other two cells are similar to those of CS35.
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3. Proposed Method

In practical applications, the battery is often charged randomly and incompletely;
therefore, it is difficult to estimate the capacity by a fixed voltage/SOC segment. To solve
this problem, this paper proposes a capacity estimation method using small voltage sections
and multi-BPNN. It contains two stages, namely offline training and online estimation.
The former includes four steps: segment division, HF extraction, HF transformation, and
model construction. The latter includes three steps: segment division, HF extraction and
transformation, and capacity estimation and fusion. The flowchart is shown in Figure 4.

3.1. HF Extraction

During the charging and discharging processes of the battery, Li+ is repeatedly
detached between the positive and negative electrodes, which is accompanied by side-
reactions, resulting in the irreversible loss of the chemical substances in the battery. With
the increase in cycles, the side-reactions gradually intensify. In the micro view, the solid
electrolyte interphase (SEI) will grow, and the electrodes will dissolve. In the macro view,
the internal resistance will increase, and the capacity will decrease [29].

Because the internal resistance and capacity cannot be acquired directly, it is needed
to extract HF from the historical data to characterize the law of capacity degradation. The
HF influences the accuracy and robustness of the model significantly. This paper uses the
Pearson correlation coefficient to measure the HF quality, which is formulated as follows:

r = ∑n
i=1 (HFi − HF)(Qi −Q)√

∑n
i=1 (HFi − HF)2

√
∑n

i=1 (Qi −Q)
2

(1)

where HFi and Qi are values of the i-th data of HF and capacity, HF and Q are the average
of HF and Q, respectively. The range of r is [–1, 1]. The r is closer to 1 or −1, the better the
positive/negative correlation between HF and capacity, and the higher the HF quality.

The voltage segment corresponding to 10–50% SOC of the NASA dataset is 3.9–4.07 V,
and the CALCE dataset is 3.85–3.98 V, as shown in Figure 5.

It can be seen from Figure 5 that the slope of the voltage curve increases, while the
charging time shortens gradually with the increase in cycle. In other words, the correspond-
ing sectional capacity decreases with the increasing cycle. Therefore, the sectional capacity
can be used as an HF for battery degradation. In this paper, this is expressed as HFsc, and
the Pearson correlation coefficient between HFsc and the full battery capacity is named rsc.
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However, with the rise in the voltage section, the curves gradually become parallel
to each other, as shown in Figures 6 and 7. Especially for the CALCE dataset in the
range of 3.928–3.980 V, the sectional capacity can no longer be suitable for distinguishing
differently aged batteries because it changes very slightly. In addition, the rsc in these
sections decreases obviously, which will be validated in Section 4.

To ensure the accuracy of the model in high voltage sections, it is necessary to introduce
a new HF. From the perspective of statistics, the distribution of voltage data changes with
the cycle, as shown in Figure 8. It is clear that the voltage data distribution is very different
in the two voltage sections. In the high voltage section, the peak of the curve gradually
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shifts to the right. Therefore, the skewness is selected as a supplementary HF, which is
expressed as HFskew, and the correlation between HFskew and capacity is named rskew.
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The skewness is an important parameter in statistics, representing the asymmetry of
data distribution, and it is formulated as:

Skewness =
1
n∑n

i=1

(
vi − µ

σ

)3
(2)

where vi is the i-th voltage data, µ and σ are the average and standard deviation
of v, respectively.

Pearson correlation coefficients between the skewness and the capacity are calculated
and plotted in Figures 9 and 10, where both the skewness and capacity are normalized by:

Y =
Xi − Xmin

Xmax − Xmin
(3)

where, Y is the normalized value, Xi is the i-th original data, Xmin and Xmax are the
minimum and maximum values in vector X, respectively.
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It can be seen from Figures 9 and 10 that with the rise in voltage sections, the correlation
between the skewness and the capacity generally increases. As a result, the skewness can
be used as a supplement HF, making up the failure of HFsc in high voltage sections.

In some middle voltage sections, the rsc and rskew are very close to each other, and
both are highly correlated with the capacity. If the bigger one is selected as HF directly,
some valuable information in the smaller HF may be missed. To obtain an optimal HF in a
voltage segment, a fused method is proposed as follows:

HF =


HFsc , rsc − rskew > 0.05
HFskew , rskew − rsc > 0.05
HFpca , |rskew − rsc| ≤ 0.05

(4)

When the difference between the two HFs is greater than 0.05, the bigger one is
selected. Otherwise, the principal component analysis (PCA) is adopted to fuse the HFsc
and HFskew, and the first principal component is selected as HF, which is expressed as
HFpca in Equation (4). It is worth mentioning that the threshold value, 0.05, is determined
using the trial-and-error method.

3.2. Segment Division

The purpose of segment division is to increase the coverage probability of the required
charging voltage segment for capacity estimation by reducing the length of small sections.

Coverage probability, HF quality and number of neural networks are three indicators
for the selection of small section length, among which we have to make a trade-off because
they contradict each other. For example, a longer voltage segment increases the HF quality;
however, it reduces the coverage and requires more neural networks. To simulate the
user’s random charging behavior, the coverage is calculated as follows: (1) 10,000 random
segments with a length greater than the small section length are generated; (2) If a random
segment could cover one or more small sections, it is determined as a valid segment;
(3) The percentage of valid segments to the total 10,000 segments is defined as the coverage
probability.

As an example, coverage probability, HF quality and number of neural networks at
different section length are plotted in Figure 11, where r1, r2, r3 are the correlation between
the capacity and HFs extracted from NASA B5, B6 and B7 cells, respectively. It is clear
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that with the increase in section length, the required neural networks reduces, and the
correlation of the three batteries increases, but the coverage lowers.
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Due to the contradiction between correlation and coverage, it is practical to improve
the coverage without lowering correlation. For this purpose, this study divides the voltage
segment into a number of overlapped small sections as follows:{

Starti = Starti−1 + L× (1− overlap)
Endi = Starti + L

, i = 1, 2 · · · , n (5)

where Starti and Endi are the start point and end point of the i-th small voltage sections,
respectively, L is the length of the small voltage section, and Start0 is the start point of
the segment.

Figure 12a shows the segment division when the overlap is 0, while Figure 12b plots
the segment division when the overlap is equal to 50%. Figure 13 shows the influence of
the overlap length on the three indicators.
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Figure 12. Segment division as the overlap is equal to (a) 0% and (b) 50%.

It can be seen from Figure 13 that with the increase in the overlap, the coverage also
increases, especially for L = 0.055 V, presenting a sharp rise. When the overlap reaches
60%, the coverage is about 95%, and after that, the coverage is almost no longer improved.
Moreover, HF is almost unaffected by the overlap.

Based on the above results, a section length of 0.035 V and an overlap of 60% are
selected in this paper to make a good trade-off among HF quality, coverage and the number
of required neural networks.
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3.3. HF Transformation

Generally, the correlation between the HF and capacity is expected to present a linear
relationship. However, the normality and stability of data are disturbed by battery system
complexity and inevitable external interference. Therefore, it is necessary to transform the
data appropriately to meet a normal distribution as much as possible.

Commonly used methods include logarithmic, square root, reciprocal transformation,
etc. However, for different data, the corresponding transformation methods should also be
different. To find a transformation method that can be flexibly applied to different data,
Box and Cox designed a novel transformation method, Box–Cox transformation (BCT) [30],
which transforms the data through parameter λ to realize a flexible data transformation,
and it is formulated as:

y =

{
(x+c)λ−1

λ , λ 6= 0
ln(x + c), λ = 0

(6)

The inverse transformation is:

x =

{
(1 + λy)1/λ, λ 6= 0
exp(x) , λ = 0

(7)

where x is the original data, y is the transformed data, λ is the transformation parameter,
and c is a constant to ensure the data positive.

Different data transformations can be realized by controlling λ, which is calculated
with the maximum likelihood estimation and the Bayesian method. This paper uses the
maximum likelihood estimation method to obtain λ, and the specific derivation process is
detailed in [30]. As an example, the changes of HF with cycle and capacity before and after
BCT are compared in Figure 14. It is clear that the correlation between HF and capacity has
been significantly improved after BCT transformation.
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3.4. Capacity Estimation Model

Due to the complex aging mechanism inside the battery and external interference, the
relationship between HF and capacity is nonlinear. The neural network is an abstraction
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and simulation of the human brain achieved by establishing “neurons” and “synapses”
between input and output. Because of the excellent nonlinear fitting ability of the neural
network, it is widely used for various estimation and prediction problems.

In this study, a three-layer BPNN is applied to model the nonlinear relationship
between the HF and capacity. As shown in Figure 15, the first layer is input layer (HF), the
second layer is hidden layer, the third layer is output layer (capacity), and each layer is
fully connected by weight and bias.
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The calculation of BPNN mainly consists of two parts: forward propagation and back
propagation. During the forward propagation, data in the input layer are processed by
the hidden layer and then transferred to the output layer to attain results, which can be
formulated as: {

hi = f (Zh) = f (Wh,i · x + bh,i)
O = f (ZO) = f (∑n

i=1 (WO,i · hi) + bO)
, i = 1, 2, . . . , n (8)

where hi is the output of i-th node in the hidden layer, O is the output result (Qest), x is the
input data (HF), W is weight, b is bias, n is the number of nodes in the hidden layer, and
f (.) is the activation functions, which is chosen as Sigmoid function:

f (z) =
1

1 + e−z (9)

The back propagation’s purpose is to minimize the error by adjusting the weight
and bias. In this paper, the mean squared error (MSE) is selected to be the loss function
as follows:

E =
1
n∑n

i=1 (ŷi − yi)
2

(10)

where ŷ is the estimated capacity, and y is the real capacity.

3.5. Fusion of Estimation Results

In practical applications, there would be more than one estimation result in which the
charging voltage segment covers multiple sections. In this case, the multiple estimation
results are fused to attain the final estimated capacity, as shown in Figure 16, where k is
the first small voltage section that can be covered by the charging segment, m refers to the
number of covered small voltage section (k + m ≤ n), HFkrepresents the HF extracted from
the k-th small section, BPNNkrepresents the trained BPNN for the k-th small section, and
Qest,k is the estimated result by the k-th BPNN.
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In this paper, the weighted averaging is employed to fuse the multi-estimated results
as follows:

Capacity =
k+m

∑
i=k

(
1/ exp(RMSEi)

∑k+m
i=k (1/ exp(RMSEi))

·Qest,i

)
, k + m ≤ n (11)

where RMSEi is the root mean square error of the i-th estimated capacity, and exp(.) is
employed to widen the difference among estimation results so that the better estimation
result can be assigned a higher weight.

4. Results and Discussion

To evaluate the feasibility and accuracy of the proposed method comprehensively, two
indexes, including the root mean square error (RMSE), and mean absolute percentage error
(MAPE), are utilized, which are formulated as follows:

RMSE =

√√√√ 1
N

N

∑
i=1

(qi − q̂i)2 × 100% (12)

MAPE =
1
N

N

∑
i=1

∣∣∣∣ qi − q̂i
qi

∣∣∣∣× 100% (13)

where qi is the real capacity, q̂i is the estimated capacity, and N is the number of cycle.

4.1. Details of Small Sections

As aforementioned, the selected segment in this paper is the voltage corresponding to
10–50% SOC, i.e., voltage segment of [3.9 V, 4.07 V] for NASA dataset, and voltage segment
of [3.85 V, 3.98 V] for CALCE dataset. The two datasets are divided using a section length
of 0.035 V and an overlap of 60%, and the details are listed in Table 1.

Table 1. Details of divided small voltage sections.

NASA CALCE
Section Voltage (V) Charging Time (s) Voltage (V) Charging Time (s)

Segment 3.900–4.070 1300 3.850–3.980 2134
S1 3.900–3.935 240 3.850–3.885 626
S2 3.914–3.949 306 3.864–3.899 719
S3 3.928–3.963 370 3.878–3.913 733
S4 3.942–3.977 395 3.892–3.927 700
S5 3.956–3.991 395 3.906–3.941 657
S6 3.970–4.005 399 3.920–3.955 616
S7 3.984–4.019 395 3.934–3.980 581
S8 3.998–4.033 372 — —
S9 4.012–4.047 341 — —
S10 4.026–4.070 312 — —
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As can be seen from Table 1, the charging time of a section is reduced dramatically in
comparison with the entire segment. For NASA and CALCE datasets, the average charging
time is 352 s and 662 s, respectively, which accounts for 20–35% of the segment charging
time, and only accounts for 2–7% with respect to the full charging time. Such a small-time
proportion is beneficial for reducing the data and time required for capacity estimation, as
well as being practical.

4.2. HF Extraction Results

As analyzed in Section 3.1, a single HF cannot meet the quality requirement for
accurate capacity estimation. Along with sectional capacity, this paper selects the skew-
ness of the voltage section curve as a supplementary HF. The HF extraction results are
shown in Table 2.

Table 2. Results of health factor extraction.

NASA CALCE
Section rsc rskew HF rsc rskew HF

S1 0.992 0.761 HFsc 0.956 0.726 HFsc
S2 0.993 0.842 HFsc 0.966 0.503 HFsc
S3 0.993 0.757 HFsc 0.956 0.404 HFsc
S4 0.986 0.763 HFsc 0.974 0.824 HFsc
S5 0.980 0.843 HFsc 0.923 0.957 HFpca
S6 0.985 0.675 HFsc 0.873 0.957 HFskew
S7 0.962 0.948 HFpca 0.762 0.945 HFskew
S8 0.976 0.985 HFpca — — —
S9 0.953 0.977 HFpca — — —
S10 0.934 0.942 HFpca — — —

It can be seen that the rsc is always high for the NASA dataset; especially in low
voltage sections, the rsc is greater than 0.98; even in the high voltage sections, the rsc is
higher than 0.93. In addition, the difference between rsc and rskew is slight. Therefore, the
extracted HF in high voltage sections are HFpca.

For the CALCE dataset, the rsc is greatly affected by the voltage rise. In high voltage
sections, rsc drops sharply, becoming lower than 0.9. In contrast, rskew rises with the
increase in voltage range, making up the failure of HFsc in high voltage sections. As a
result, the complementarity between HFsc and HFskew ensures that each small section has
a high-quality HF.

4.3. Verification of BCT Transformation

The quality of HF highly affects the accuracy of capacity estimation. To improve
the normal distribution of HF and its correlation with capacity, BCT transformation is
employed as described in Section 3.3. The correlations between HFs and capacity before
and after BCT transformation are listed in Table 3.

After BCT transformation, the average HF correlation coefficient for NASA dataset
increases from 0.983 to 0.987, achieving an improvement of 0.6%; for the CALCE dataset,
the average HF correlation coefficient increases from 0.937 to 0.960, which rises by 2.5%.
To further verify the effectiveness of BCT, capacity estimation are implemented using HF
before and after BCT, respectively. The comparison of RMSE and MAPE is summarized
in Tables 4 and 5.

It can be seen from Tables 4 and 5 that in each voltage section of the two datasets, the
capacity estimation is more accurate after BCT transformation, especially in the low voltage
sections. As for the NASA dataset, the average RMSE of B7 cell is lowered by 27%. In
addition, the estimation accuracy of B6 and B7 are very different because of their individual
discharging profiles. As for the CALCE dataset, the capacity estimation results after BCT
transformation also achieve notable improvement. Different from the NASA dataset,
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CS36 and CS37 exhibit similar capacity estimation accuracy because of their consistent
operating profiles.

Table 3. HF correlation comparisons before and after BCT.

NASA CALCE
Section Before BCT After BCT Before BCT After BCT

S1 0.992 0.994 0.924 0.956
S2 0.993 0.995 0.936 0.965
S3 0.993 0.993 0.919 0.959
S4 0.983 0.985 0.945 0.975
S5 0.980 0.989 0.952 0.960
S6 0.988 0.993 0.949 0.955
S7 0.989 0.989 0.933 0.952
S8 0.988 0.988 — —
S9 0.972 0.985 — —
S10 0.947 0.975 — —

Improvement 0.6% 2.5%

Table 4. Comparison of capacity estimation before and after BCT (NASA dataset).

B6 RMSE B6 MAPE B7 RMSE B7 MAPE
Section Before After Before After Before After Before After

S1 6.3% 4.3% 3.5% 2.1% 4.7% 3.9% 2.6% 1.9%
S2 6.8% 4.6% 3.9% 2.6% 4.8% 3.7% 2.7% 1.9%
S3 7.8% 4.8% 4.4% 2.9% 7.1% 3.7% 4.0% 1.9%
S4 8.4% 5.4% 4.8% 3.1% 7.4% 4.4% 4.2% 2.1%
S5 6.4% 6.1% 3.8% 3.2% 5.1% 3.6% 2.8% 1.5%
S6 5.4% 5.3% 3.1% 2.9% 4.2% 2.9% 2.2% 1.2%
S7 4.5% 4.3% 2.4% 2.1% 3.4% 3.1% 1.5% 1.3%
S8 6.7% 5.3% 3.9% 3.1% 4.4% 3.3% 1.9% 1.2%
S9 8.9% 8.9% 4.9% 4.9% 7.7% 5.9% 3.7% 2.2%
S10 9.0% 8.1% 4.9% 4.3% 7.0% 5.9% 2.9% 2.4%

Improvement 17.5% 19.6% 27.1% 38.1%

Table 5. Comparison of capacity estimation before and after BCT (CALCE dataset).

CS36 RMSE CS36 MAPE CS37 RMSE CS37 MAPE
Section Before After Before After Section Before After Before

S1 5.2% 3.4% 5.0% 2.9% S1 5.2% 3.4% 5.0%
S2 3.9% 2.8% 3.4% 2.2% S2 3.9% 2.8% 3.4%
S3 2.6% 1.9% 2.2% 1.6% S3 2.6% 1.9% 2.2%
S4 3.0% 2.6% 2.4% 1.7% S4 3.0% 2.6% 2.4%
S5 3.6% 3.2% 2.7% 2.4% S5 3.6% 3.2% 2.7%
S6 3.3% 2.9% 2.7% 2.7% S6 3.3% 2.9% 2.7%
S7 4.6% 4.1% 3.5% 2.7% S7 4.6% 4.1% 3.5%

Improvement 20.7% 26.1% 22.6% 25.3%

4.4. Verification of Capacity Estimation Fusion

In this section, four voltage segments that cover different small voltage sections
are selected to verify the fusion method for capacity estimation. The details of the four
voltage segments are listed in Table 6, where “time proportion” denotes the ratio of the
sectional charging time to full charging time. Capacity estimation results are plotted
in Figures 17–20 and estimation errors are summarized in Table 7, where Case 1 refers to
the capacity estimation using the proposed method in this paper, while Case 2 represents
the capacity estimation using the full voltage segment of 10–50% SOC.
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Table 6. The details of four selected voltage segments.

No. Battery Segment (V) Time Proportion Covered Sections

1 NASA B6 3.89–3.97 3.1% S1–S3
2 NASA B7 3.92–4.01 8.0% S2–S6
3 CALCE CS36 3.88–3.95 16.6% S4, S5
4 CALCE CS37 3.85–3.98 26.1% S1–S7
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Table 7. Errors of capacity estimation fusion.

Case 1 Case 2
No. RMSE MAPE RMSE MAPE

1 4.4% 2.4% 3.9% 2.2%
2 3.3% 1.6% 2.8% 1.4%
3 2.8% 2.2% 2.0% 1.9%
4 1.7% 1.5% 1.5% 1.3%

According to Figures 17–20, it is evident that the error distribution of Case 1 is very
similar to that of Case 2, indicating that the proposed method can capture the capacity
degradation trend of the lithium-ion battery. As seen from Table 7, both the RMSE and
MAPE present little difference between Case 1 and Case 2. Particularly, the average RMSE
in Case 1 is about 3%, while it is about 2.75% in Case 2. However, the average voltage
length in Case 1 only accounts for 13.5% of the full charging time. In other words, the
proposed method significantly reduces the required data for capacity estimation and only
lowers the estimation accuracy slightly. Taking the NASA B6 cell as an example, when the
voltage segment (3.89–3.97 V) only covers Sections 1–3, the RMSE increases from 3.9% to
4.4%, but the corresponding time reduces to 3.1% of the full charging time. Additionally,
the proposed method is very flexible because it does not require a fixed voltage or SOC
section. This is valuable for practical applications. By comparing Table 7 to Tables 4 and 5,
it can be concluded that the proposed fusion method makes the final capacity estimation
be closer to that estimated by the small voltage section with higher accuracy. Taking the
NASA B7 cell as an example, the RMSE with respect to S2–S6 is 3.7%, 3.7%, 4.4%, 3.6%,
2.9% and 3.1%, respectively. After fusion, the RMSE changes to 3.3%, and it is obviously
close to the two highest accuracies of 2.9% and 3.1%.

5. Conclusions

A lithium-ion battery capacity estimation method based on small charging voltage
sections and multiple back propagation neural networks has been proposed in this paper.
To increase the availability of data required for capacity estimation, the voltage segment
corresponding to 10–50% SOC is selected and divided into a number of overlapped small
sections. The sectional capacity and skewness of voltage curve extracted from each small
section are combined to achieve a high-quality health factor. Additionally, the Box–Cox
transformation is introduced to improve the correlation between the health factor and
the capacity. Subsequently, an individual three-layer back propagation neural network is
designed for each voltage section to realize capacity estimation based on the health factor,
and the estimation results of the multiple networks are fused through weighted averaging
to attain the final estimated capacity. Experimental results indicate that: (1) with the help
of the Box–Cox transformation, the correlation between the health factor and the capacity
increases by 0.6% and 2.5% for the NASA and CALCE datasets, respectively; (2) Compared
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with the results directly using the extracted health factor, the root mean square error of
capacity estimation after the Box–Cox transformation can be, on average, reduced by 21%;
(3) The proposed method can highly reduce the amount and improve the availability of
required data for capacity estimation without lowering the estimation accuracy.

Compared with the existing segment capacity estimation methods, that is, using fixed
segments for capacity estimation, the biggest advantage of the method proposed in this
paper is that it reduces the amount of data required for capacity estimation and increases
the flexibility of capacity estimation, so that any available segment of the user can be
used for capacity estimation, which is more conducive to practical use. From the view
of electrochemistry, the advantage of the capacity estimation method based on segment
data is that it can avoid excessive activation of active substances in the battery due to full
charging/discharging, which will slow down the loss of battery materials and battery
aging process. Moreover, the electrochemical mechanism of the fragment charge discharge
process requires further discussion.

Furthermore, there are the limitations of our current work. Firstly, the drastic change
of temperature will constantly change the aging trend of the battery, making the estimated
results unreliable, especially in the capacity estimation by segment data. Therefore, the
effect of temperature change on the estimation results needs further discussion. Secondly,
in this work, we only used one type of battery for verification, and the applicability of this
method in other types of batteries is also worthy of further discussion.
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