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 
Abstract—State of health (SOH) is critical to the management 

of lithium-ion batteries (LIBs) due to its deep insight into health 
diagnostic and protection. However, the lack of complete charging 
data is common in practice, which poses a challenge for the 
charging-based SOH estimators. This paper proposes a multi-
stage SOH estimation method with a broad scope of applications, 
including the unfavorable but practical scenarios of heavily-
partial charging. In particular, different sets of health indicators 
(HIs), covering both the morphological incremental capacity 
features and the voltage entropy information, are extracted from 
the partial CC charging data with different initial charging 
voltages to characterize the aging status. Following this endeavor, 
artificial neural network (ANN)-based HI fusion is proposed to 
estimate the SOH of LIB precisely in real-time. The proposed 
method is evaluated with long-term aging experiments performed 
on different types of LIBs. Results validate several superior merits 
of the proposed method, including high estimation accuracy, high 
tolerance to partial charging, strong robustness to cell 
inconsistency, and wide generality to different battery types. 

Index Terms—state of health, health indicators, partial 
charging, lithium-ion battery 
 

I. INTRODUCTION 
 

ITHIUM-ION batteries (LIBs) are frequently-used energy 
storage systems for electric vehicles (EVs) due to their 

unique merits of low-cost, high energy density, and strong 
reliability [1]. Despite the wide application, a meticulously-
designed battery management system (BMS) is a prerequisite 
to guarantee the performance of the LIB system. Amongst 
others, the state of health (SOH) should be monitored 
accurately due to its property to depict the aging state of the 
battery [2].  

SOH estimation has been incrementally recognized as a key 
functionality for BMS, giving rise to a myriad of methods that 
are generally categorized into model-based methods and data-
based methods [3]. Model-based methods consider the battery 
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SOH as a state variable or a model parameter and update it with 
adaptive filters [4-6]. An alternative group of these methods 
tend to build the degradation model, based on which the SOH 
is estimated using the particle filter [7-9]. Although such 
architectures inherent high estimation accuracy, the sensitivity 
to the model accuracy and the vulnerability to the disturbance 
compromise its application in real scenarios [10, 11].  

Data-based methods mitigate the faultiness and construct 
straightforward mapping relations to infer the SOH based on 
extracted health indicators (HIs) [12, 13]. The time interval [14] 
and voltage difference [15] are commonly-used HIs derived 
based on constant-current (CC) discharging mode, and they are 
very informative to infer SOH. However, the deviation of 
discharging mode discounts its adaptability in real applications. 
To remove such obstacles and potentiate online estimation at 
different discharge rates, a novel energy-based HI is developed 
by combining current with voltage sequence to infer SOH [16]. 
However, practical dynamic discharging conditions can lead to 
uncertain voltage differences within the same time interval, 
which impairs the precise evaluation of SOH [17]. 

In contrast, constant current-constant voltage (CCCV) 
charging attenuates practical uncertainties due to manufactures’ 
propensities to regular the charging mode. This has solicited 
increased interest and endeavors to use CCCV charging data to 
estimate the SOH of LIB. Time constant was extracted by 
exponentially fitting constant-voltage (CV) current and further 
utilized to infer the SOH [18]. Following a similar procedure, 
an equivalent circuit model (ECM) was employed to reflect the 
dynamic variation of CV current, and the aging factor was 
extracted to indicate the SOH [19]. Alternatively, regional CV 
charging current and CV duration were found to have a strong 
correlation with the battery capacity thus could be used for SOH 
estimation [14]. Although encouraging results validate the 
value of exploiting CV charging features, the need of complete 
CV charging is seldom fulfilled in practical applications since 
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the CV charging phase is typically time-consuming, occupying 
the majority of the total charging time. 

Instead, the CC charging phase, which recovers the majority 
of charge with much less time, also contains informative HIs 
for evaluating the SOH. The incremental capacity analysis (ICA) 
and differential voltage analysis (DVA) are the most used 
methods within this scope [20]. By comparison, the ICA has 
viewed wide applications due to the consistency of reference 
features [21]. Moreover, the IC indicators, i.e., the positions, 
heights, and areas of the IC peaks, have a direct linkage to the 
degradation process [22-24]. Despite the promising results, the 
IC curves are subject to noises induced by the differential 
operation, which hinders the extraction of HIs [25]. This has 
inspired enormous works on smoothing the IC curves [26]. The 
probability density function method was proposed to estimate 
the SOH [27]. To suppress the adverse effect of noises, an 
empirical model based on the deformed pseudo-Voigt peak 
function was used to fit the IC curve, and the extracted 
parameters were used to infer the phase transition behavior [28]. 
Gaussian/Lorentzian filter was employed to denoise the IC 
curves, and a strong correlation was found between the SOH 
and the shape of smoothed IC curve [29, 30]. Such methods 
inherit the merits of ICA and avoid tedious data preprocessing, 
but a complete charging profile is needed [31]. 

The integrity of the CC charging is hardly fulfilled in practice 
since the drivers tend to recharge the EVs before the LIBs are 
fully depleted. Estimation methods using partial CC segments 
are hence desired to tackle the uncertainty of the initial charging 
state. To this end, partial charging segments were used as the 
input of the support vector machine to estimate the battery SOH 
in [32]. The regional voltage was derived based on the partial 
CC phase and further applied to indicate the SOH in [33]. The 
charging duration between a fixed voltage interval was also 
found to have a strong correlation with the battery capacity thus 
could be used for SOH estimation [34, 35]. However, the use of 
a partial charging segment causes the loss of particular valuable 
HIs, which risks compromising the estimation accuracy.  

This paper aims to bridge the aforementioned gaps and 
proposes a practical multi-stage SOH estimation method, which 
views a broad scope of applications, including the adverse but 
practical scenarios of heavily-partial charging. The major 
contributions of the paper are as follows: 

1) IC-based HIs tend to disappear if the initial charging 
voltage exceeds particular regions. To mitigate this deficiency, 
the morphological IC features and voltage entropy information 
are extracted from the later/end stage of charging curves and are 
validated to be informative HIs within the high voltage plateau. 

2) The extracted HIs are fused using the ANN model, giving 
rise to a universal multi-stage estimation method applicable to 
a broad scope of applications. The estimation performance of 
the proposed method under heavily-partial charging conditions 
is comparable to the case of using the ideal ICA with complete 
CC charging curves. 

3) A comprehensive validation is performed based on the 
long-term aging experiments on three different types of LIB 
cells. The encouraging results validate the high fidelity, 
satisfied robustness, and generality of the proposed method. 

The remainder of this article is organized as follows. Section 
Ⅱ describes the experimental procedures and data set from 
different LIB cells. Section Ⅲ elaborates the ANN-based multi-
stage SOH estimator. The results are discussed in Section Ⅳ, 
while the main conclusions are summarized in Section Ⅴ. 

II. EXPERIMENTAL DATASET 
 

Three types of batteries from different data resources are 
adopted in this work, i.e., LiCoO2 (LCO), LiNiCoAlO2 (NCA), 
and blend of lithium cobalt oxide and lithium nickel cobalt 
oxide, and the corresponding testing procedures are described 
as follows. 

From the open battery data source of the Center for 
Advanced Life Cycle Engineering (CALCE) at the University 
of Maryland, four LCO cells with a nominal capacity of 1.14 
Ah, numbered #35, #36, #37, and #38, are selected for analysis. 
The cells are charged with the CCCV method, where the CC 

 
Fig. 1.  Experiment procedure and capacity degradation curves of employed batteries. 
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current is 0.5 C, the upper voltage threshold is 4.2 V, while the 
CV terminal current is 50 mA. The cells are discharged with a 
constant current of 1C until the terminal voltage drops to 2.7 V. 
The test is conducted at room temperature of around 25 ℃. 

The NCA batteries from NASA Ames Prognostics Center of 
Excellence (PCoE), Moffett Field, CA, USA are charged with 
CCCV method at room temperature (around 25 ℃), where the 

current at the CC stage is 1.5 A, the upper voltage threshold is 
4.2 V, while the CV terminal current is 20 mA. The cells are 
discharged with 2 A until the terminal voltage drops to 2.7 V, 
2.5 V, 2.2 V, and 2.5 V for B5, B6, B7, and B18, respectively. 
The cycling test is stopped when the reference capacity drops 
by 30%. 

Based on the description of the Oxford Battery Degradation 
Dataset in [36], eight Kokam SLPB 533459H4 cells are tested 
at a constant temperature of 40 ℃. The anode of the cell is 
graphite, and the cathode consists of lithium cobalt oxide and 
lithium nickel cobalt oxide. The cells are exposed to a CCCV 
charging profile, followed by the urban Artemis driving profile. 
1C charge and 1C discharge are applied every 100 cycles to 
measure the characteristic. 

The equipment used to conduct the aging tests of LIBs is 
shown in Fig. 2. It includes an Arbin LBT21014 tester to 
charge/discharge batteries, a thermal chamber to control battery 
temperatures, and a computer for data monitoring and storage. 
 

 
Fig. 2. Battery test equipment. 
 

III. MULTI-STAGE SOH ESTIMATION 

In this section, an ANN-based multi-stage SOH estimator is 
elaborated by using the LCO battery numbered #35 from 
CALCE as an example. 

A. IC-based HI Extraction 

IC curve is derived by associating the incremental capacity 
with the elevated voltage based on CC charging data. The IC 
curve contains many informative HIs highly relevant to the 
health state of LIB, thus has been widely used for the SOH 
estimation of LIB. However, the direct derivation of discrete 
voltage data leads to a highly noisy raw IC curve (blue plots in 
Fig. 3), which hinders the extraction of HIs. To remedy this 
defect, in this paper, the Gaussian function is employed as a 
filter to eliminate the heavy noises before usable HIs are 

extracted. Based on the Gaussian function, the dQ/dV as a 
function of the terminal voltage can be expressed by: 
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where n is the number of peaks, Ai is the area below the ith peak, 
ωi represents the peak width of ith peak, V0i is the symmetry 
center of ith peak. Ai, ωi and V0i are the parameters to be 
identified, and n takes different values according to the battery 
chemical materials. However, numerous noises or spikes of the 
raw IC curve invalidate the identification of parameters. Thus 
the integration is performed to Gauss function to fit a relatively 
smooth Q-V curve: 
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Although the raw Q-V curve seems to coincide with the 
filtered Q-V curve, the IC curve based on the differential of the 
raw Q-V curve contains extremely strong noise. Therefore, it is 
not possible to extract the peak features directly from the raw 
IC curve. The proposed Q-V fitting-based filtering can promise 
the direct extraction of informative HIs with the raw current-
voltage data readily available from the battery management 
systems.  

The parameters identification is conducted using the 
nonlinear least-squares method based on the measured Q-V 
curve. During the identification process, it is necessary to 
constrain the range of parameters, as shown in Table Ⅰ. Through 
this endeavor, the easily-extracted IC peaks can be obtained 
from the hardly-identifiable voltage region on the Q-V curve. 
The filtered Q-V curve and IC curve against their raw versions 
are shown in Fig. 3. It can be seen that the three peaks exist on 
the IC curve located in the area nearby 3.8 V, 3.9 V, and 4.0 V, 
respectively. The fitted Q-V curve closely follows the measured 
one while the large disturbances are filtered out effectively. 

 
Fig. 3. Raw and filtered Q-V and IC curves. 
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TABLE I 
RANGE OF PARAMETERS IN GAUSSIAN FUNCTION 

Parameters Lower limit Upper limit 
Ai (Ah) 0 4 
V0i (V) 3.7 4.2 
𝜔i (V) 0 2 

 

The drift of voltage curves during the CC phase and the IC 
curves with the cyclic usage are shown in Fig. 4. This motivates 
using the nine parameters in Table Ⅰ as effective HIs. To justify 
this, the relationships between these parameters and the battery 
capacity are shown in Fig. 5. All the HIs shown in Fig. 5 are 
selected to indicate the battery SOH since the heights, width, 
and areas of IC peaks have the potential to quantitively evaluate 
the loss of lithium-ions and active materials, which is highly 
related to inferring SOH [4, 5]. Moreover, the corresponding 
correlation coefficients are listed in Table Ⅱ. The exhibited 
strong correlations further confirm the suitability of using the 
nine extracted parameters as HIs to estimate the SOH of LIB. 
 

 
Fig. 4. Curves with cyclic usage: (a) CC charging curves and (b) IC curves. 
 

 
Fig. 5. Change of extracted IC-based HIs against the battery capacity. 
 

TABLE Ⅱ 
CORRELATION COEFFICIENTS BETWEEN IC-BASED HIS AND THE BATTERY 

CAPACITY 
Parameters Peak 1 Peak 2 Peak 3
Ai (Ah) 0.9475 0.7800 0.9721
V0i (V) 0.9055 0.9504 0.9702
𝜔i (V) 0.7891 0.9544 0.5840 

 

B. Effect of Initial Charging Voltage 

EVs are commonly recharged before the batteries deplete to 
a low state of charge (SOC). Thus, complete CC charging is 
seldom available in real applications. This can lead to the loss 
of IC-based HIs. Particularly, as shown in Fig. 4(b), only the 

third peak can be retained if the charging is started at a high 
voltage, e.g., within the region from 4 V to 4.2 V. In other words, 
several informative HIs disappear due to the incomplete CC 
charging, which inevitably discounts the accuracy of SOH 
estimation. 

With respect to the IC-based HI extraction in Section III-A, 
the elevated initial charging voltage means less charging data 
for fitting the Q-V curve, which potentially discounts the 
parameter identification. It is shown in Fig. 6 that the mean 
absolute error (MAE) of Q-V fitting remains around 4 mV at 
the low-voltage region and increases once the initial charging 
voltage exceeds 4.03 V. Therefore, the initial charging voltage 
ranged from 4 V − 4.2 V can be identified as a “dangerous 
region” where the IC-based HI extraction loses effect. 
 

 
Fig. 6. MAE of Q-V curve fitting with different initial charging voltage. 
 

C. HI Extraction under Heavily-Partial Charging 

As discussed, new useful HIs should be found to address the 
heavily-partial charging scenario where the initial charging 
voltage reaches 4V.  

It is obvious that CC charging duration occupies less time 
with the cyclic usage as shown in Fig. 4(a), thus the regional 
charging duration TRCC is considered to be a promising HI to 
estimate the battery SOH. Moreover, TRCC can be easily 
extracted without extra computations, which appeals to real-
time implementation. However, it is found that for the high 
voltage plateau, the TRCC - SOH correlation is not sufficiently 
strong to support a precise estimation compared to the IC 
features. This is particularly true for cells with different initial 
aging statuses, as described in Section Ⅱ. To solve the pre-
mentioned issues, other indicators should be introduced for 
quantifying the change of the curves to further improve the 
estimation accuracy. 

As observed in Fig. 4(a), the voltage increased more rapidly 
with the battery aging. To this end, entropy is an efficient 
feature describing the chaotic degree of time-series data that has 
been used for SOH estimation [39, 40]. However, the entropy 
is sensitive to the noise since it uses a step function to calculate 
the similarity degree [41]. Fuzzy entropy (FE) improves the 
entropy by replacing the step function with the exponential 
function (corresponding to Step 3 in Table Ⅲ) and become 
more robust to the disturbances [42]. Hence, the FE is employed 
to evaluate the rising rate of charging voltage, which is expected 
to be indicative of SOH estimation. Compared to the traditional 
entropy and sample entropy, FE can quantify the data regularity 
based on the exponential function, which has a more detailed 
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description of voltage variation. Moreover, the FE-based 
method possesses several advantages manifesting itself as a 
good HI, i.e., anti-noise capability, less data demand, and strong 
robustness to different aging conditions. Therefore, fuzzy 
entropy calculation is based on the raw voltage data, and the 
detailed algorithm of FE is described in Table Ⅲ. 

The selection of m and r herein should be determined 
beforehand, depending on the specific battery type. In this 
regard, m is commonly selected as 2 or 3, and r is set between 
0.1 and 0.25 times the standard deviation of the data [43]. Then, 
appropriate results can be derived according to the minimum 
relative error of the maximum fuzzy entropy. 

TRCC and FE represent the regularity of the time-series 
voltage curve on the transverse axis and longitudinal axis of Fig. 
5 (a). Combined with the three features of the third peak on the 
IC curve, five HIs are fused for SOH estimation, with the 
expectation to tackle the adverse scenario with heavy CC 
partialness when the initial charging voltage is over 4 V. 
 

TABLE Ⅲ 
DETAILED PROCEDURES TO DETERMINE THE FE OF CHARGING VOLTAGE 

Initialization of parameter vector m, r, and n 

Step 1: Dividing voltage series of CC phase {Vi, i = 1, 2, ..., n} into k = n - 
m + 1 sequences vi = (Vi, Vi+1, …, Vi+m) by using m as the window size;

Step 2: Calculate the distance between each sequence and all the other 
sequences, and the distance is the maximum absolute value of the 
difference between the corresponding elements of the two vectors dij = 
max|vi(t)-vj(t)|;  

Step 3: The fuzzy membership degree D is calculated according to the 
distance d  
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Step 4: Increase m to m + 1 and repeat Step 1 to 3  
Step 5: Calculating fuzzy entropy 

1
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Since drivers plan the charging of EVs based on the battery’s 
remaining charge, it is useful to map the charging voltage to 
SOC to reflect this practice. Therefore, SOC values 
corresponding to the voltage from 4 V to 4.2 V are plotted 
against the life cycles in Fig. 7. It can be observed that the 
charging voltage of 4 V and 4.05 V correspond to the SOC 
range of [40%, 65%] and [50%, 70%] approximately during the 
lifetime of LIB. Therefore, it is most probable that the charging 
of the LIB system will start from these SOC regions. By 
comparison, the charging voltage of 4.1 V means high SOC 
charging within the range of [65%, 80%] for most of the 
lifetime. To this end, initial charging voltage over 4.1 V is not 
a common case in real-world charging operations. Even if such 
high-SOC charging happens regularly in practical applications, 
it is reasonable to abandon such cycles for estimation. This is 
because the aging is quite slow during the long service time of 
the LIB system, and the discard of limited high-voltage 
charging cycles does not necessarily deteriorate the life 
diagnostic. When the voltage exceeds 4.1 V, most of the IC 

peak features are lost due to the heavily-partial charging curve. 
In this case, only the fuzzy entropy and regional charging time 
can serve as the health indicator. Therefore, the charging curve 
beginning from extremely-high SOC is not suggested for use in 
the proposed method. 
 

 
Fig. 7. The SOCs over the lifetime of the battery with different initial charging 
voltages. 

D. HI Fusion and SOH Estimation 

The sophisticated electrochemical process leads to highly 
nonlinear characteristics of LIB, which challenges the accurate 
estimation of SOH with a single HI. Therefore, an ANN model 
is employed to fusion HIs belonging to different categories and 
to estimate the SOH. The neural networks utilized to estimate 
SOH are both the back-propagation neural network (BPNN). 
The ANN 1 consists of one input layer with 9 neurons, two 
hidden layers with 10 and 8 neurons, and one output layer with 
1 neuron. The ANN 2 consists of one input layer with 5 neurons, 
two hidden layers with 8 and 10 neurons, and one output layer 
with 1 neuron. Combining the characteristic of multi-stage 
calculation and multi-category HI fusion, the proposed SOH 
estimation method is shown schematically in Fig. 8. The 
detailed procedures are summarized in Table Ⅳ. 
 

TABLE Ⅳ 
DETAILED PROCEDURES OF THE PROPOSED SOH ESTIMATION METHOD 

Model training (offline): 
Step 1-1: Based on the complete CC charging curve, the capacity-voltage 

data is fitted by the gaussian function. The extracted 9 parameters, i.e., 
A1, ω1, V01, A2, ω2, V02, A3, ω3, and V03, are treated as the input to train the 
ANN model. The trained model is named ANN 1; 

Step 1-2: Based on charging data within the charging voltage range [4.1V, 
4.2V], TRCC and FE combined with the parameters of the third peak in the 
IC curve, i.e., A3, ω3, and V03, are extracted and employed to train the 
ANN model. The trained model is named ANN 2.  

Practical SOH estimation (online): 
Step 2-1: If the initial charging voltage is 4.0 V or lower, the 9 HIs in Step 

1-1 are extracted from the relatively-complete IC curves and fed to the 
trained ANN 1 for SOH estimation. 

Step 2-2: If the initial charging voltage is between 4.0 V and 4.1 V, the five 
HIs in Step 1-2, i.e., FE, TRCC, A3, ω3, and V03. are extracted and fed to the 
trained ANN 2 for SOH estimation. 

Step 2-3: If the initial charging voltage is higher than 4.1 V, the estimation 
is not adopted.

 

IV. RESULTS AND DISCUSSION 

Following the procedures summarized in Fig. 8, in this 
section, the proposed SOH estimation method is validated 
under typical scenarios with different degrees of charging 
partialness on multiple battery types. 
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Fig. 8. The framework of the proposed SOH estimation method. 
 

A. Validation with Moderate Charging Partialness 

ANN 1 model is established to cope with the scenario of 
moderately-partial CC charging herein, with an initial voltage 
of 4.0 V. Battery #35 is utilized for training the model, and 
batteries #36, #37, and #38 are used for validation. The 
estimation results obtained from the trained cell are shown in 
Fig. 9(a). It is shown that the estimates of SOH agree with the 
experimental benchmarks closely, and most estimation errors 
are within an error bound of ±3%. Furthermore, as suggested 
by Table Ⅴ, the MAE of estimation is as low as 0.24%. The 
encouraging results validate that the proposed method can 
estimate the SOH of the training cell with high accuracy. 

Despite the same chemical composition, the performances of 
the cell may deviate from each other in the manufacturing 
process. The cell inconsistency can also enlarge significantly 
with the aging of the battery, which causes inconsistent results 
by using different batteries. Deviation also emerges from the 
model training since the model depends on the training data. 
Higher accuracy is expected if the new cell characteristics are 
close to the trained cell. It is unrealistic to train the ANN model 
for every cell in practice. Therefore, the model trained for a 
single cell should have the robustness to be utilized for other 
cells. In this regard, the trained model is used to estimate the 
SOH of batteries #36, #37, and #38, and the results are shown 
in Fig. 9(b)-(d). As shown, the estimated SOHs resemble the 
experimental degradation trajectories tightly throughout the 
lifetime of investigated LIBs. Referring to the first row in Table 
Ⅴ, it is not surprising that the estimation errors build up to some 
extent on the new cells due to cell inconsistency. However, the 
observed MAEs (within 1%) are still quite satisfactory from the 
online estimation point of view. Results suggest that the trained 
ANN model can be well generalized to new cells, which 
validates the robustness of the proposed method against the cell 
consistency.  

Experiments are repeated under different initial charging 
voltages, i.e., 3.85 V and 3.7 V. The estimation results are 
summarized in the second and third rows of Table Ⅴ. As can be 
observed, consistent results can be obtained from the two cases. 
The estimation mismatches have been well confined to a low 
level, suggesting the high fidelity of the proposed method for 
SOH estimation with moderately partial CC charging data. 

 

 
Fig. 9. Estimation results on LCO batteries with moderately-partial charging: 
(a) B35, (b) B36, (c) B37 and (d) B38. 
 

TABLE Ⅴ 
MAES OF SOH ESTIMATION WITH DIFFERENT INITIAL CHARGING VOLTAGES 

(LCO BATTERIES, ≤4 V) 

Initial charging voltage B35 B36 B37 B38 
4 V 0.24% 0.72% 0.54% 0.78%
3.85 V 0.36% 0.80% 0.64% 0.82%
3.7 V 0.24% 0.60% 0.66% 0.77%

 

B. Validation with Heavy Charging Partialness 

This section scrutinizes the performance of ANN 2 under 
more adverse scenarios with heavy charging partialness, where 
the initial charging voltage lays within the range of 4 V − 4.1 V, 
corresponding to the SOC range of 40% − 80%. Referred to the 
procedures shown in Fig. 8, FE, TRCC, A3, ω3, and V03 are 
extracted as HIs for SOH estimation. ANN 2 model is trained 
by battery #35, and batteries #36, #37, and #38 are used for 
validation. The estimation results are shown in Fig. 10, and the 
statistical errors with different initial charging voltages are 
summarized in Table Ⅵ. 

It shows that even though only heavily-partial charging data 
are available, the estimated SOHs are still in good agreement 
with the ground truth during the entire life cycle for both the 
trained and the new cells. Referring to Table Ⅵ, the MAEs of 
estimation lay in a low spectrum covering the range from 0.34% 
to 0.85%. The estimation error is enlarged only slightly, if 
observable, compared to the results in Section Ⅳ-A. Even at a 
quite tough scenario that the initial voltage reaches 4.1 V, 
corresponding to an initial charging SOC within [65%, 80%], 
the SOH can be estimated precisely with the MAE confined to 
the level of around 1%. In other words, the much-aggregated 
charging partialness does not necessarily skew the estimation 
performance, attributed to the embodiment of multi-stage and 
multi-category feature fusion. 
 

TABLE Ⅵ 
MAES OF SOH ESTIMATION WITH DIFFERENT INITIAL CHARGING VOLTAGES 

(LCO BATTERIES, 4 V−4.1 V) 

Initial charging voltage B35 B36 B37 B38 
4.1 V 0.34% 0.57% 0.35% 0.85%
4.06 V 0.33% 0.91% 0.53% 0.81%
4.03 V 0.33% 0.73% 0.52% 1.23%
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Fig. 10. Estimation results on LCO batteries with heavily-partial charging: (a) 
B35, (b) B36, (c) B37, and (d) B38. 
 

C. Generality to Different Battery Types 

The successful application of the proposed method on LCO 
batteries motivates its versatility to other types of batteries. 
Validation is performed on the NCA batteries as described in 
Section Ⅱ. Under the scenario of moderately-partial charging, 
ANN 1 model is trained afresh based on battery #5, and 
batteries #6, #7, and #18 are used for validation. The estimated 
SOHs are plotted against their benchmarked values in Fig. 11, 
and the corresponding statistical errors are summarized in Table 
Ⅶ. Similar to the case of LCO batteries, the proposed 
estimation method attains very close results to the acausal 
benchmarks. The MAEs are generally within 2%.  

Considering more adverse scenarios of heavily-partial 
charging, FE, TRCC, A3, ω3, and V03 are extracted as HIs feeding 
into ANN 2 for SOH estimation. The model is trained by battery 
#5, and batteries #6, #7, and #18 are used for validation. The 
SOH estimation results are shown in Fig. 12, while the 
statistical errors are summarized in Table Ⅷ. It is not 
surprising that the mismatch generally builds up compared to 
the earlier case since the heavy charging partialness hinders the 
extraction of valuable aging information. However, even in a 
tough scenario that the initial charging voltage reaches 4.1 V, 
the SOH can be estimated authentically with the MAE confined 
to approximately 2%. This validates that the proposed method 
is efficient for different degrees of charging partialness. The 
performance of the proposed method on NCA batteries is hence 
validated. 
 

TABLE Ⅶ 
MAES OF SOH ESTIMATION WITH DIFFERENT INITIAL CHARGING VOLTAGES 

(NCA BATTERIES, ≤4 V) 

Initial charging voltage B5 B6 B7 B18 
4 V 0.3% 2.54% 1.21% 1.17%
3.9 V 1.04% 1.5% 2.00% 1.37%
3.8 V 0.3% 1.96% 0.78% 1.65%

 
TABLE Ⅷ 

MAES OF SOH ESTIMATION WITH DIFFERENT INITIAL CHARGING VOLTAGES 

(NCA BATTERIES, 4 V−4.1 V) 

Initial charging voltage B5 B6 B7 B18 
4.1 V 1.10% 1.32% 1.77% 1.36%
4.06 V 0.66% 1.53% 1.77% 2.01%
4.03 V 0.43% 1.71% 1.00% 1.65%

 

 
Fig. 11. Estimation results on NCA batteries with moderately-partial charging: 
(a) B5, (b) B6, (c) B7, and (d) B18. 
 

 
Fig. 12. Estimation results on NCA batteries with heavily-partial charging: (a) 
B5, (b) B6, (c) B7, and (d) B18. 
 

The proposed method is further performed on Kokam pouch 
cells of the Oxford dataset. Similarly, IC-based HIs are 
extracted to infer the SOH based on ANN 1 under the 
moderately-partial charging scenario. The model is trained by 
cell #1 and validated on the other seven cells. As shown in Fig. 
13, the estimated SOHs agree with the measured ones closely, 
and the corresponding MAEs are confined below 1.5%, as 
referred to in Table Ⅸ. For the scenario of heavily-partial 
charging, the estimation results are shown in Fig. 14, ANN 2 
model is trained by cell #1 and validated on the other seven cells, 
and the statistical errors are listed in Table Ⅹ. Not surprisingly, 
the mismatch increases due to the heavier partialness of the 
charging curve. Nevertheless, the estimates are generally within 
an error bound of ±3%, and the MAEs are within 2.5% except 
for a few outliers with different initial charging voltages. Hence, 
it is validated that the proposed method is highly authentic for 
application on Kokam cells. 

A comparison between the proposed method and existing 
state-of-the-art techniques is listed in Table ⅩI. It can be 
observed that the proposed method has lower MAEs than state-
of-the-art algorithms except for the results of the Oxford dataset 
based on ANN and ELM. However, it is worth noting that the 
results of the proposed method are obtained under much more 
harsh/practical conditions where only heavily-partial charging 
curves are available (initial voltage of 4.1 V). By comparison, 
the results from other methods are obtained under ideal 
conditions where complete charging data are available. In 
summary, the proposed method contributes to improving the 
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SOH estimation accuracy with much less charging data. This 
appeals well to practical charging utilization since complete 
charging data are hardly available. 
 

 
Fig. 13. Estimation results on Kokam batteries under moderately-partial 
charging scenario: (a)-(h) Cell 1-8. 
 

 
Fig. 14. Estimation results on Kokam batteries under heavily-partial charging 
scenario: (a)-(h) Cell 1-8. 
 
 
 

TABLE Ⅸ 
MAES OF SOH ESTIMATION WITH DIFFERENT INITIAL CHARGING VOLTAGES 

(KOKAM BATTERIES, ≤4 V) 

Initial charging voltage Cell 1 Cell 2 Cell 3 Cell 4 
4 V 0.20% 0.97% 0.60% 0.69%
3.85 V 0.20% 1.31% 1.43% 1.21%
3.7 V 0.42% 1.04% 1.15% 0.90%

Initial charging voltage Cell 5 Cell 6 Cell 7 Cell 8 
4 V 0.84% 0.82% 0.98% 1.32%
3.85 V 1.34% 1.23% 1.94% 0.85%
3.7 V 0.89% 0.64% 1.46% 0.81%

 
TABLE Ⅹ 

MAES OF SOH ESTIMATION WITH DIFFERENT INITIAL CHARGING VOLTAGES 

(KOKAM BATTERIES, 4V−4.1V) 

Initial charging voltage Cell 1 Cell 2 Cell 3 Cell 4 
4.1 V 0.37% 1.62% 0.93% 1.10%
4.06 V 0.42% 2.48% 1.62% 1.83%
4.03 V 0.46% 2.02% 1.92% 2.43%

Initial charging voltage Cell 5 Cell 6 Cell 7 Cell 8 
4.1 V 1.58% 1.10% 1.74% 1.87%
4.06 V 1.54% 2.57% 1.49% 2.11%
4.03 V 1.38% 2.12% 1.95% 2.84%

 
TABLE ⅩI 

COMPARISON OF SOH ESTIMATION ACCURACY 
Method Battery Data requirement MAE 

SVR [25] 
NASA 
Oxford

3.8 V-4 V 
3.6 V-3.8 V 

≤ 2.49% 
≤ 3.62%

ANN [44] 
CALCE 
Oxford

3.9 V-4.2 V 
3.7 V-4.2 V 

≤ 2.90% 
≤ 1.796%

ELM [45] 
CALCE 
Oxford

3.9 V-4.2 V 
3.8 V-4.2 V 

≤ 2.43% 
≤ 0.69%

Proposed method 
CALCE 
NASA 
Oxford

4.1 V-4.2 V 
4.1 V-4.2 V 
4.1 V-4.2 V 

≤ 0.85% 
≤ 1.77% 
≤ 1.87%

 

Summarized from the above results, the proposed method 
promises a five-fold benefit, i.e., a high estimation accuracy, 
low demand on the integrity of CC charging, strong robustness 
to cell inconsistency, a broad generality to different battery 
types, and a foreseeable low computing cost attributed to the 
use of simple ANN model for HI fusion. 

D. Discussion 

The SOH estimation has been validated with high accuracy 
and high generality to different battery chemistries. However, it 
is worth noting that the encouraging results are obtained from 
the conditions with stable charging current and temperature. In 
more adverse conditions, the change of charging current and 
temperature can discount the accuracy of the proposed method 
since they can cause the mitigation and distortion of IC curves. 

To address this problem, an OCV model has been proposed 
in our previously-published work to compensate for the 
potential impact of charging current and temperature [7]. By 
using the compensated charging curve, the SOH has been 
validated to be estimated precisely. It will be a good practice to 
incorporate the OCV model within the proposed estimation 
framework to improve the feasibility of estimation further. This 
will be a research topic to explore in our future work. 

Considering the computational demand in the training 
process, a vehicle-to-cloud framework is established for the 
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training and implementation of ANN-based SOH estimator, as 
shown in Fig. 15.  

The charging data is collected based on the battery sensors 
generating the application-oriented charging profiles to the 
cloud platform. According to the pre-determined voltage 
threshold, the logged data are classified into moderately-partial 
charging and heavily-partial charging, which are utilized for 
training model ANN 1 and model ANN 2, respectively. Once 
the training process is accomplished, parameters of the trained 
model can be transmitted to the BMS in EVs to perform the 
SOH estimation based on the practical charging data. 

The cloud-based training approach is proposed with real-
world data collected from batteries with different chemical 
materials, which equips the SOH estimator with low-cost BMS, 
robust to practical scenarios, and broad generality to different 
battery types. 
 

 
Fig. 15. The framework of the cloud-based SOH estimation. 
 

V. CONCLUSIONS 

This paper proposes a multi-stage SOH estimation method 
with high tolerance to the adverse but practical scenarios of 
heavily-partial charging. Different sets of HIs are extracted 
from the partial CC charging data depending on the initial 
charging voltage. The HIs are further fused using ANN to 
estimate the battery SOH in real-time. Long-term degradation 
experiments have been performed on LCO, NCA, and Kokam 
pouch cells for method validation. The primary conclusions are 
summarized as follows: 

1) The fuzzy entropy and regional charging time validate to 
supplement the loss of IC features in heavily-partial scenarios. 
This is validated by the equivalent accuracy compared to the 
case of using complete charging data.  

2) The proposed method has a high tolerance to the practical 
partial charging condition. The MAEs of SOH estimation are 
less than 1.23% even in an adverse case where the initial 
charging voltage lies within 4 V−4.1 V (a SOC range of 
40%−80%). 

3) The proposed method has a strong robustness to the cell 
inconsistency, validated by the observed high estimation 
accuracy on both the trained and tested LIBs. 

4) This method is robust to different types of batteries. The 
MAEs are confined in the range from 0.3% to 2.54% for NCA 
cells and 0.2% to 2.84% for eight Kokam pouch cells. 
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