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Abstract— Machine learning technologies have gained 

considerable attention for state of health (SOH) estimation of 

Lithium-ion batteries due to their advantages in learning the 

behavior of non-linear systems. The mapping between the 

features and the SOH can be established according to learning 

and optimization theory. However, the SOH features can 

become invalid under different conditions as the battery aging 

process is closely related to the operating conditions. In this 

work, the fuzzy entropy (FE) of the voltage, extracted from 

short-term current pulses, is proposed as a feature for support 

vector machine-based (SVM-based) SOH estimation. The 

robustness and effectiveness of the proposed methods are 

verified by extended experiments performed on the three most 

common Li-ion battery chemistries, i.e., NMC, LFP, and NCA. 

The obtained Pearson correlation coefficient, relating the FE 

feature to the SOH, returns values higher than 0.9. Finally, the 

proposed FE-based SVM model can estimate the SOH of the 

considered batteries with MAPE below 1.6% when the battery 

state of charge (SOC) is known and MAPE below 3.4% when 

the SOC is not known. 

Keywords— Lithium-ion battery, Fuzzy entropy, State of 

health, Robust estimation. 

I. INTRODUCTION 

Battery energy storage systems play an essential role in the 
green energy transition as they are a key technology for 
powering electric vehicles and for improving the stability and 
flexibility of renewables-dominated power systems [1-3]. As 
far as battery energy storage is concerned, among all kinds of 
batteries, Lithium-ion batteries today are the most popular 
technology, with over 50% share. Since the 1990s, Lithium-
ion (Li-ion) batteries have become an integral part of daily 
routines and currently have the highest growth rate and the 
largest share of the market investments. The increasing 
demand is benefiting from their excellent performance, such 
as high power (up to 1500 W/kg) and energy density (up to 
350 Wh/kg), high energy efficiency (more than 95%), and 
relatively long cycle life (more than 3000 cycles). However, 
similar to other energy storage systems, batteries’ 
performance will deteriorate with usage, and their rated 
lifetime is hard to reach because of dynamic operation 
conditions in real-world scenarios [4]. Therefore, an accurate 
estimation of the state of health (SOH) of batteries is essential 

to manage their operation, extend their lifetime, and improve 
the safe and reliable operation of the system. 

SOH is a figure of merit that indicates the condition of the 
battery throughout its service life. It is usually expressed as 
the ratio of the current battery capacity to the initial capacity 
when the battery is new. Various methods have been proposed 
for battery capacity/SOH estimation, such as experimental 
approaches, model-based state observers, and data-driven 
machine learning (ML) methods [5]. Battery capacity or other 
health-related parameters (i.e., OCV, impedance, etc.) can be 
measured through laboratory tests. Still, such measurements 
are more challenging in real-world applications. This is 
because on the one hand, the method relies on high-precision 
current sensors. On the other hand, the battery must be stopped 
from regular operation so that the capacity test can be 
conducted, which results in downtime periods and even 
penalties. Model-based methods for SOH estimation are 
commonly used where state observers can be designed based 
on the equivalent circuit models or electrochemical models. 
The SOH, regarded as a state variable, can be estimated by 
online identifying the health-related parameters through an 
iterative mechanism. The model-based filters can capture the 
dynamic character of the system, but they require an accurate 
battery model. That means a cumbersome task of 
identification of battery parameters will be introduced. 
Currently, extensive research has been carried out to apply 
ML technologies in battery SOH estimation [5, 6], such as 
linear regression, support vector machine (SVM), relevance 
vector machine, artificial neural network, ensemble learning, 
Gaussian process regression, etc. ML is an appealing solution 
because it can extract aging information (i.e., SOH features) 
from measurements and relate them to battery performance 
parameters (e.g., capacity, impedance, etc.), avoiding a 
complex battery modeling process. 

To increase the SOH estimation accuracy, the feature 
should include enough aging information, and the ease of 
feature extraction should be addressed in real-life 
applications. From the literature, one can observe that features 
are extracted from electrochemical impedance spectroscopy 
measurements or full charging/discharging voltage curves, 
which are difficult to obtain in real-life applications due to 
specific requirements and restrictions of the measurement 
devices [5]. By utilizing the short-term pulse test, some 
differential features and geometric features can be extracted 
[5]. However, extracting the features manually brings some 
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problems. For instance, extensive laboratory testing is 
required to obtain certain SOH features on the one hand. Some 
features, on the other hand, rely upon the test conditions, and 
they may become invalid when the temperature or state of 
charge (SOC) variation is considered. Furthermore, in most of 
the available literature, the proposed features are validated 
only for specific Li-ion battery chemistry. For these reasons, 
it is essential to explore and propose effective SOH features 
that can be conveniently obtained and are robust to aging 
conditions.  

In our previous work [7], fuzzy entropy (FE) was proposed 
as a feature for SOH estimation and its high performance over 
a wide range of calendar aging and cyclic aging conditions for 
the LFP chemistry was validated. In this paper, FE, as a robust 
feature, is used to accurately estimate the SOH of Li-ion 
batteries, independent of the aging condition and battery 
chemistry. SVM is utilized to establish the FE-SOH mapping. 
The effectiveness of the feature is validated based on extended 
laboratory aging tests for the three most used Li-ion battery 
chemistries. The rest of this paper is organized as follows. The 
theory of FE algorithms, as well as the improvement over the 
traditional entropy method, are introduced in Section II. 
Section III compares the effectiveness of FE and SE features 
for different battery chemistries. The SOH estimation results 
using the FE-based method under known and unknown SOC 
conditions are given, respectively. Section IV gives the 
conclusion of this work. 

II. FUZZY ENTROPY FEATURE EXTRACTION 

To determine the probability of producing a new pattern in 
a signal, approximate entropy was proposed in 1991 [8]. 
Because entropy is conceived as a measure of the rate of 
information production, an improved algorithm, sample 
entropy (SE), was subsequently developed, in which the 
meaningless self-match does not count. SE is an effective way 
of quantifying the predictability degree of the time series, as 
well as their complexity. SE is defined by the negative natural 
logarithm of the conditional probability that a dataset of length 
N will repeat itself for m+1 points within a boundary r after 
having repeated for m points [9]. FE has further improved the 
traditional SE, and the detailed steps of the FE algorithm are 
shown in Fig. 1. Theoretically, the differences between 
calculating SE and FE lie in the two processes of vector 
generation and similarity degree calculation, as shown in Fig. 
2. On the one hand, by subtracting the mean value of the match 
templates, the shape of the vectors determines their similarity 
degree in FE. On the contrary, in SE, the similarity is 
calculated in absolute coordinates, which gives unreliable 
results. On the other hand, the exponential function is used in 
FE calculation as an alternative to the Heaviside function used 
in SE. As shown in Fig. 3(b), FE is remarkably robust against 
data noise and test conditions due to the use of fuzzy function, 
which significantly alleviates the sensitivity of SE to 
parameter variations. As a result, FE was proved less sensitive 
to parameter selection and more robust to data noise and data 
size than SE [7, 10]. 

Algorithm: Fuzzy entropy 

Require: N: the total number of data, r: the tolerance for accepting matrices, m: the dimension of vectors 

input: a given series {v(1), v(2),…, v(N)} 
initialization: initialize r as a positive real number, m as a positive integer 

Loop: 
for i, j = 1, 2, …, N-m+1 do 

Generate vectors Vm(i) and Vm(j) ►
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end for 
Remove the baseline from the generated vectors 

end for 
for i, j = 1, 2, …, N-m+1, k = 0, 1, …, m-1 do 

Calculate the fuzzy distance between vector Vm(i) and Vm(j) ► { }max ( ) ( )m
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Calculate the similarity degree Dij
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Calculate the similarity degree Wm ► the sum of Dij
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end for 
m = m + 1 and repeat loop only once, then calculate Wm+1 
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Fig. 1. Flowchart of FE algorithm. 
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(a)                                                                                                         (b) 

Fig. 2. Comparison between SE and FE algorithms: (a) Difference in vector generation, and (b) differences in calculating the similarity where the Heaviside 

function and the exponential function are used in SE and FE, respectively. 

III. EXPERIMENTAL TESTS AND SOH ESTIMATION 

RESULTS 

A. Experimental set-up 

To verify the robustness of the proposed FE feature, the 
three most used Li-ion battery chemistries have been 
considered, i.e., NMC, NCA, and LFP. The main electrical 
parameters of the tested batteries are summarized in Table I. 

The three cells were subjected to accelerated aging tests at 
elevated temperatures as follows. The NMC-based Li-ion 
cells were cycled-aged at 35°C using the standardized WLTC 
driving cycle for class B vehicles; at the end of the test (i.e., 
after 580 full equivalent cycles, FECs), the cells reached a 
capacity fade of 13%. The capacity and internal resistance of 
the NMC batteries were measured at 25°C initially after every 
week of cycling (corresponding to 20 FECs). Since it was 
found that the battery capacity fades slowly, the capacity test 
was changed to every 3 weeks after 14 weeks of cycling. The 
NCA-based Li-ion cells were calendar-aged at 45°C and 90% 
SOC for 13 months, reaching a capacity fade of 25%. 
Similarly, the LFP-based Li-ion cells were calendar-aged at 
55°C and 50% SOC for 21 months, reaching a capacity fade 
of 30%. After each month of calendar aging, the capacity and 
the internal resistance of the LFP and NCA cells were 
measured at 25°C to quantify the incremental degradation to 
which the cells were exposed.  

TABLE I.  THE DATASHEET OF THE TESTED LI-ION BATTERIES 

Item NMC NCA LFP 

Nominal capacity 3.4 Ah 4.0 Ah 2.5 Ah 

Nominal voltage 3.6 V 3.6 V 3.3 V 

Maximum voltage 4.2 V 4.2 V 3.6 V 

Cut-off voltage 2.65 V 2.5 V 2.0 V 

Maximum continuous 
charge current 

2 A 2 A 10 A 

Maximum continuous 

discharge current 
8 A 15 A 50 A 

 

B. FE/SE feature extraction results 

During the aging test of the considered batteries, a 20s-
pulse charging current followed by a 10s-relaxation time was 
applied to the batteries, which were previously charged to 
different SOC levels. The corresponding voltage responses 
were used for SOH feature extraction (i.e., FE). The Pearson 
correlation coefficient (PCC) is used to measure the 
monotonous relationship between the FE feature and SOH 
[10]. For the three considered Li-ion battery chemistries, the 
FE/SE curves under different SOC conditions are shown in 
Fig. 4 to Fig. 6, and the corresponding PCC results are 
summarized in Table II. 

For SE features, the PCC values are below 0.6 in most 
cases (except for the LFP chemistry). This indicates that SE 
features are invalid in estimating the battery SOH. Contrarily, 
the FE feature shows strong robustness against the SOC levels 
(i.e., at each SOH, the FE value is quasi-independent of the 
SOC). Besides, the PCC values for FE are always higher than 
0.94, showing an approximately linear correlation between FE 
and SOH. Therefore, aiming to reduce the complexity of the 
entire algorithm and avoid the overfitting problem, the SVM 
model is selected for battery SOH estimation [10]. An 
illustration of the proposed FE-based SOH estimation method 
is shown in Fig. 3. 
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Fig. 3. Schematic diagram of the proposed FE-based SOH estimation 

method. 



 

(a)                                                                                                                (b) 

Fig. 4. Feature extraction for NMC battery under different SOC levels: (a) FE and (b) SE. (The pulse test contains10s-pulse plus 10s-relaxation). 

 

(a)                                                                                                                (b) 

Fig. 5. Feature extraction for NCA battery under different SOC levels: (a) FE and (b) SE. (The pulse test contains10s-pulse plus 10s-relaxation). 

 

(a)                                                                                                                (b) 

Fig. 6. Feature extraction for LFP battery under different SOC levels: (a) FE and (b) SE. (The pulse test contains10s-pulse plus 10s-relaxation). 

TABLE II.  THE PCC BETWEEN SE/FE FEATURES AND SOH FOR DIFFERENT BATTERY CHEMISTRIES (FEATURES ARE EXTRACTED FROM PULSE TEST WITH 

10S-PULSE PLUS 10S-RELAXATION @ DIFFERENT SOC LEVELS) 

NMC NCA LFP 

SOC 

[%] 

PCC 

of SE 

PCC 

of FE 

SOC 

[%] 

PCC 

of SE 

PCC 

of FE 

SOC 

[%] 

PCC 

of SE 

PCC 

of FE 

10 0.2808 0.9620 10 0.5812 0.9530 20 0.7460 0.9962 

30 0.6064 0.9528 50 0.1261 0.9491 50 0.9439 0.9879 

50 0.4765 0.9595 80 0.3562 0.9614 80 0.9526 0.9722 

70 0.5362 0.9674 N/A N/A N/A N/A N/A N/A 

90 0.5144 0.9716 N/A N/A N/A N/A N/A N/A 

 

C. SOH estimation results 

The root-mean-squared error (RMSE), mean absolute 
percentage error (MAPE), and maximum value of the absolute 
percentage error (APE) are the metrics used to evaluate the 
effectiveness of the proposed method, defined as follows: 

 ( )
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N =
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  (3) 

where NT denotes the total number of validation data, ˆ
i

SOH  

and iSOH  are the estimated and real SOH of point i, 

respectively. To investigate the estimation accuracy and 

robustness against test conditions when using FE as a feature, 

two case studies are conducted separately where the SOC 

levels are known and unknown. 
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a) Case study I: The FE features used for SVM model 

training and validating are extracted from the known SOC 

level. 

As observed in Fig. 4 to Fig. 6, the FE features still show 
a slight difference when extracted from different SOC levels. 
Therefore, to simply investigate the estimation accuracy of the 
FE-based model for different battery chemistries, it is first 
assumed that the SOC is known during both model training 
and validation processes. The FE features extracted from 
different SOCs are modeled separately. The self-validation 
approach is used, where the aging datasets of the tested 
batteries are divided into a training group (65% of the dataset) 

and a validation group (35% of the dataset). The same 
procedure is used for all the three Li-ion battery chemistries. 

The SOH estimation results are presented in Fig. 7 (for the 
NMC chemistry), Fig. 8 (for the NCA chemistry), and  Fig. 9 
(for the LFP chemistry), while the estimation accuracy of the 
proposed algorithm is summarized in Table III, for all three 
chemistries. As observed, the proposed FE feature and 
algorithm can accurately and stably estimate the SOH of the 
batteries with MAPE values below 1.61%, independent of 
battery chemistry (and as low as 0.75% for the NMC 
chemistry). The maximum APE for all considered cases is 
2.58% (and as low as 1.92% for the NMC chemistry).

 

 

(a)                                                                             (b)                                                                             (c) 

 

 

(d)                                                                             (e) 

Fig. 7. SOH estimation results for NMC battery under different SOC conditions (a) 10% SOC, (b) 30% SOC, (c) 50% SOC, (d) 70% SOC and (e) 90% SOC. 
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(a)                                                                             (b)                                                                             (c) 

Fig. 8. SOH estimation results for NCA battery under different SOC conditions (a) 10% SOC, (b) 50% SOC, and (c) 80% SOC. 

 

 

(a)                                                                             (b)                                                                             (c) 

Fig. 9. SOH estimation results for LFP battery under different SOC conditions (a) 20% SOC, (b) 50% SOC, and (c) 80% SOC. 

TABLE III.  THE SUMMARY OF FE-BASED SOH ESTIMATION ERRORS FOR DIFFERENT BATTERIES 

NMC NCA LFP 

SOC [%] MAPE [%] RMSE 
Maximum 

APE [%] 
SOC [%] MAPE [%] RMSE 

Maximum 

APE [%] 
SOC [%] MAPE [%] RMSE 

Maximum 

APE [%] 

10 0.72 0.01 1.42 10 1.35 0.01 2.15 20 1.23 0.01 1.97 

30 0.76 0.01 1.57 50 1.14 0.01 1.94 50 1.02 0.01 2.37 

50 0.90 0.01 1.79 80 1.61 0.01 2.50 80 0.93 0.01 2.58 

70 0.75 0.01 1.92 N/A N/A N/A N/A N/A N/A N/A N/A 

90 0.68 0.01 1.62 N/A N/A N/A N/A N/A N/A N/A N/A 

 

b) Case study II: The FE features used for SVM model 

training and validating are extracted from unknown and 

different SOC levels. 

To analyze the dependency of the FE-based SOH 
estimation method on the SOC levels, one or two FE features 
extracted from random SOC levels are selected as input to 
train the SVM model. Taking the data of NMC battery 
{FEk@SOCk, k=1, 2, …, 5} as an example, one feature FEk or 

two features [FEk, FEm] where k≠m, corresponding to each 

SOH point is randomly selected in sequence. The established 
SVM model is the nonlinear mapping from randomly selected 
features to battery SOH. It is also be noted that to evaluate the 
robustness of the FE-based model to SOC, there is no aliasing 
between the training feature and the validation feature. The 
SOH estimation results are shown in Fig. 10 (for the NMC 
chemistry), Fig. 11 (for the NCA chemistry), and Fig. 12 (for 
the LFP chemistry), and the estimation errors are summarized 
in Table IV. For a more precise comparison, the estimation 
results obtained with 50% SOC from the case study I are 
repeatedly shown in Fig. 10(a), Fig. 11(a), and Fig. 12 (a). 

It can be seen that as the uncertainty of the test conditions 
increases, the estimation errors become larger, meanwhile, the 
fluctuation in the estimation becomes more significant. For the 
NCA battery, when the SOC level is unknown and only one 
FE feature is utilized, the trend of battery capacity fade can 
only be roughly estimated, with a MAPE of 3.39% and a 
maximum APE of 6.77%. Adding one more feature from 
another SOC level improves the estimation accuracy to less 
than 4.61% of maximum APE. For both NMC and LFP 
battery chemistries, the maximum APE of the estimation 
keeps lower than 3.28%. This shows that when using the FE 
feature to estimate the SOH, there is no need to accurately 
estimate the SOC in advance (especially for NMC and LFP 
batteries), which is very suitable for practical applications. 
Consequently, the suggested FE-based approach is applicable 
in real-world scenarios because the battery system does not 
need to be forced to reach a specified SOC before applying a 
20-second current pulse. 
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(a)                                                                             (b)                                                                             (c) 

Fig. 10. SOH estimation results for NMC battery in different situations: FE features are extracted (a) from a known SOC (SOC at 50% as an example), (b) 

from two random unknown SOCs, and (c) from one random unknown SOC. 

 

 

(a)                                                                             (b)                                                                             (c) 

Fig. 11. SOH estimation results for NCA battery in different situations: FE features are extracted (a) from a known SOC (SOC at 50% as an example), (b) from 

two random unknown SOCs, and (c) from one random unknown SOC. 

 

 

(a)                                                                             (b)                                                                             (c) 

Fig. 12. SOH estimation results for LFP battery in different situations: FE features are extracted (a) from a known SOC (SOC at 50% as an example), (b) from 
two random unknown SOCs, and (c) from one random unknown SOC. 
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TABLE IV.  THE COMPARISON OF FE-BASED SOH ESTIMATION ERRORS WHEN FEATURES ARE EXTRACTED FROM KNOWN AND UNKNOWN SOC LEVEL 

SOC level 

NMC NCA LFP 

MAPE [%] RMSE 
Maximum 

APE [%] 
MAPE [%] RMSE 

Maximum 

APE [%] 
MAPE [%] RMSE 

Maximum 

APE [%] 

50% 0.90 0.01 1.79 1.14 0.01 1.94 1.02 0.01 2.37 

2 Random and unknown SOCs 0.97 0.01 2.59 2.28 0.02 4.61 1.07 0.01 2.79 

1 Random and unknown SOC 1.26 0.01 3.28 3.39 0.03 6.77 1.38 0.01 3.22 

 

IV. CONCLUSIONS 

In this paper, a FE-based Li-ion battery SOH estimation 
method is proposed and the effectiveness of the FE feature for 
different battery chemistries and aging conditions is studied. 
The PCC results show that the proposed FE feature has a 
strong correlation (PCC remains higher than 0.94) with SOH 
for NMC, NCA, and LFP batteries. In other words, the FE-
based method overcomes the feature failure problem of 
traditional feature-based methods considering different 
battery chemistries. Moreover, the approximately linear 
relationship between FE and SOH helps avoid the complex 
training process and computation-demanding SOH estimation 
algorithms. The SVM method is sufficient to ensure high-
precision SOH estimation as MAPE remains below 1.65% in 
all the investigated cases and as low as 0.90% for the NMC 
chemistry). Furthermore, effective FE features can be 
conveniently obtained from the short-term pulse test, showing 
strong robustness against SOC. This means that the system 
does not even need to be limited to reach a specific SOC when 
the current pulse is applied, which is of great importance in 
real-world applications. 
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