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Abstract – A novel battery SOH estimation algorithm based on outlier detection has been presented. 
The Battery state of health (SOH) is one of the most important parameters that describes the usability 
state of the power battery system. Firstly, a battery system model with lifetime fading characteristic 
was established, and the battery characteristic parameters were acquired from the lifetime fading 
process. Then, the outlier detection method based on angular distribution was used to identify the 
outliers among the battery behaviors. Lastly, the functional relationship between battery SOH and the 
outlier distribution was obtained by polynomial fitting method. The experimental results show that the 
algorithm can identify the outliers accurately, and the absolute error between the SOH estimation value 
and true value is less than 3%.  
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1. Introduction 
 
Environment pollution, energy shortage and large 

demand of vehicle make people to seek new technological 
breakthrough in vehicle power system field. The electric 
vehicle is an effective way to solve the above problems. As 
the main power resource of the electric vehicle, the battery 
system and its states have a significant effect on the 
vehicle’s power performance, economy and security [1-4].  

Therefore, the study on battery system state estimations 
has become one of the core technologies. 

Battery state estimations consist of state of charge (SOC) 
estimation and SOH estimation et.al. At present, the 
estimation methods for battery SOC have become more 
and more mature. While, the estimation methods for 
battery SOH are still in research stage, and rarely get into 
practical application. As one of the key tasks of battery 
state estimations, the estimation methods for battery SOH 
have obtained more and more attentions among the 
domestic and overseas researchers. 

So far, the common vehicle power battery SOH estimation 
methods are implemented by battery intrinsic parameters 
estimation and identification. The concept of battery SOH 
was proposed firstly in 1998 [5]. Since then, the research 
focus was gradually turned to the investigation of rated 
capacity variation characteristics and internal resistance 
variation characteristics [6,7]. Gregory [8] put forward a 
battery SOH estimation algorithm based on Double 

Extended Kalman Filter (DEKF) method. Dai Haifeng and 
Wei Xuezhe [9] made further studies on the DEKF method. 
Nakamur [10] presented an algorithm for battery internal 
state estimation through adaptive digital filter, and got the 
SOH value by using recursive least square algorithm to 
estimate the internal resistance. Song [11] proposed a 
battery SOH estimation algorithm using double sliding 
mode observer to estimate capacity and internal resistance. 
The above battery SOH estimation methods are all 
implemented based on the battery rated capacity or internal 
resistance estimation. But it is difficult to obtain the accurate 
values of battery rated capacity or internal resistance in 
reality. So the estimation error is relatively large. 

Outlier detection is one of the most important aspects 
in data mining field. It has been used in various fields 
such as credit card fraud checking, network intrusion 
detection and weather forecast, etc [12]. The existence of 
outliers has a significant impact on the analysis of time 
series, such as the autocorrelation and partial correlation 
analysis, parameter estimation, result prediction, and even 
pattern identification. At present, there is still no research 
using outlier detection to evaluate the battery SOH in 
domestic and abroad. While researchers have developed 
lots of different outlier detection algorithms. Among these 
algorithms, the outlier detection algorithm based on 
angular distribution performed better in analysis of battery 
lifetime data because of following characteristics, i.e. high 
dimension, parameter shading and big data, etc. 

Aiming at the battery lifetime data characteristics, a novel 
battery SOH estimation method using the outlier detection 
algorithm based on angular distribution is presented. The 
battery characteristic parameters such as battery voltage, 
current, temperature, SOC are form the battery lifetime 
data set. Then the outlier detection algorithm is used to 
identify the states of the outlier sets in the battery lifetime 
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data sets. Lastly, the fitting function between the outlier 
state and battery SOH is constructed to implement the 
effective battery SOH estimation. 

 
 

2. Theory of Outlier Detection Algorithm 
 
The outlier detection method can find out the outliers 

or the isolate points through analysing the information 
characteristics. This mechanism can be applied to solve the 
outlier identification problem during the battery lifetime 
aging process. At present, the outlier detection algorithms 
are mainly divided into following types: statistics-based, 
distance-based, density-based and angular-distribution-
based [13]. The first three algorithms are maturely 
studied, but have poor practicability in high-dimensional 
data. So, in this article, the angular-distribution-based 
outlier detection algorithm is adopted to analyse the battery 
characteristics parameters. 

The concept of calculating the abnormal degree of each 
point in data set by angular distribution method was given 
[14]. Assuming a simple two-dimensional data set, the 
point O is a divorced point deviating from group and the 
point B is in the interior of the group, other points are 
between point O and point B. Where the angular range 
formed by point O and two other points in the data set is 
limited, its fluctuation is relatively small. While the angular 
range formed by point B and two other points in the data 
set is wide, its fluctuation is relatively large. The angular 
fluctuation of the boundary points is between the two 
above. Therefore, the angle variance can be used to 
measuring the abnormal degree of each point, and thus 
distinguishing the above three types of points. 

Based on the above theory, Pham et al. proposed the 
concept of angle distribution abnormal factor [15], and the 
specific definition is as follows: 

Assuming a sample data set dS RÍ , | |S n= , a sample 
point p SÎ , and a pair of sample points , \{ }a b S pÎ . 

apbQ  are selected randomly to represent the angle value 
between different vectors a p-  and b p- . Thus the 
variance of the whole apbQ  is the angle distribution 
abnormal factor VOA( )p . 
 
 2
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Kriegel’s research indicates that if a point has smaller 

angle variance VOA( )p , it will be more likely to be an 
outlier point. Therefore, the abnormal degree of each point 
could be obtained by its angle variance, and the data set 
was distinguished to normal point, boundary point and 
abnormal point. However, at present there is not a good 
way to define the threshold, we can only select the best 
VOA_1, VOA_2 by experiments to ensure the ability to 
identify the outliers [16]. Outlier distribution is as shown in 
Fig. 1. 

 
 

3. Analysis of Battery SOH Characteristics  
Parameters and Lifetime Model 

 
3.1 Analysis of battery SOH characteristics para-

meters 
 
The power battery SOH can be reflected by the 

characteristic parameters of the battery itself. Therefore, 
the battery SOH can be evaluated by analysing the joint 
changes of several internal characteristic parameters. 
Through the present studies, it is known that there is a 
certain relationship between battery SOH and the battery 
characteristics parameters, i.e. voltage, current, temperature, 
SOC, internal resistance and rated capacity. Among the 
above parameters, the voltage, current and temperature 
are relatively easy to be measured, and the method of 
battery SOC estimation is more mature. However, the rated 
capacity and internal resistance measurement are difficult, 
and the relative error is larger. So, in this article, the 
changes of the following four parameters, i.e. voltage, 
current, temperature, and SOC, are selected as the battery 
SOH judgment basis. 

Considering the electrochemical properties of the 
battery, the rated capacity and internal resistance are the 
most immediate characteristic parameters that reflect the 
battery SOH (especially the rated capacity) [17]. The SOH 
decrement of a battery cell is mostly caused by the battery 
aging and degradation, namely, durability problems. That 
means with the using or storing of the battery cells, the 
battery capacity would decrease and the resistance would 
increase. Thus the SOH of battery cells worsen [17].But 
the process of estimating and measuring the rated capacity 
and internal resistance is complex. In order to make the 
SOH estimation algorithm be simple and feasible, a battery 
lifetime model is established, which takes the temperature 

 
Fig. 1. Outlier distribution 
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and the total amount of battery charge-discharge as the 
variables. And the battery lifetime model was integrated 
with the battery system model and hybrid vehicle model to 
construct a battery system simulation platform with 
lifetime attenuation characteristics. 

 
3.2. Car battery model 

 
Thevenin model is widely used at present, which 

considering the capacitance characteristics of the battery, 
and can also describe the electrochemical properties of 
cell accurately. The model using RC parallel network 
which consists of polarization capacity Cp and polarization 
resistance Rp can predict the battery polarization effect in 
cell load response process, simulating the dynamic 
characteristics of battery polarization in the process of 
generation and elimination. Equivalent circuit model is 
shown in Fig. 2. 

The analysis shows that the establishment process of 
current battery model, which have not taken the battery 
aging and life attenuation into account. That is to say in 
the cell equivalent circuit model, the battery parameters 
such as resistance, capacity and so on are all got by 
empirical methods. However, their values are fixed in the 
process of model runs and it cannot describe the 
attenuation characteristics of battery life. 

 
3.3. Battery lifetime model 

 
Arrhenius equation describes the acceleration effect of 

the temperature stress on the battery lifetime. Based on the 
above theory, paper [18] built a two-factor lifetime model 
which takes Ah-throughput and temperature as variables. 
In this article, the charge-discharge rate multiply time to 
obtain a battery lifetime model that take Ah-throughput as 
independent variable, then taking temperature and charge-
discharge rate is as accelerated stress. The study is based 
on Thevenin battery equivalent circuit model, considering 
the effects of charge-discharge rate and temperature on 
battery life, and establishing battery life model with growth 
of internal resistance and fade of battery capacity fade. 
Combining the battery life model with Thevenin battery 

equivalent circuit model is to constitute a battery life model 
with attenuation characteristics. And then use it as a basis 
for this study. 
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The coefficients of B and z in battery life models are just 

a discrete value corresponding to specific charge-discharge 
rate, but the charge-discharge rate of the battery under 
practical conditions is a continuous gradient. Considering 
the current of the battery system was gradual when 
established the battery life model, linear interpolation 
method was used to obtain the parameter B and z values 
under continuous discharge rate condition. 

 
3.4 Battery system simulation model with lifetime 

fading characteristics 
 
The literature [19] constructed a vehicle battery manage-

ment system software platform in-loop, which included 
the battery system model, vehicle controller model, driver 
model, driving cycle model, powertrain model, vehicle 
dynamics model and wheel models, etc. The software 
platform can realize all the functions of the battery 
management system under vehicle condition and also can 
make a real-time monitoring and control of the power 
lithium battery pack. The battery lifetime model is added 
to the vehicle battery management system software platform 
in-loop. So, a battery system model with lifetime fading 
characteristics is constructed in this paper. The relation 
diagram of the battery lifetime model and battery system 
model is shown in Fig. 3. And the improved battery system 
model with lifetime fading characteristics is shown in Fig. 4. 

 
Fig. 2. Equivalent circuit model of Thevenin 

Note: ideal voltage source Uoc is the open circuit voltage of battery, UL is 
the battery terminal voltage, R0 is the internal resistant 

Table 1. Battery lifetime model and coefficient table[18] 

C_rate C/2 2C 6C 10C 
B 31630 21681 12934 15512 
z 0.552 0.554 0.56 0.56 

Note: on the above formula, Qloss is the percentage of battery capacity 
fading, t is the running time, and T is the test temperature (absolute 
temperature), DOD is the depth of the discharge, and C_rate is 
charge-discharge rate. 

 

 
Fig. 3. The relation diagram of battery lifetime model with 

battery model 
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4. The Battery SOH Estimation Algorithm Based 
on Outlier Detection 

 
4.1. The basic idea of the algorithm 

 
In this article, the proposed battery SOH estimation 

algorithm based on outlier detection could be described as 
follows: 

1) Firstly, with the integration of hybrid vehicle model, a 
power battery model with lifetime fading characteri-
stics was built to set up the battery system simulation 
platform. 

2)  Based on the above simulation platform, the charac-
teristic parameters that can represent the battery system 
performance degradation are obtained during the 
process of battery lifetime fading. Then, the outlier 
detection algorithm based on angular distribution was 
built for the test data set. 

3)  After normalizing and pre-processing the test data set, 
the outlier detection algorithm based on angular 
distribution is used to identify the outliers in the test 
data set. Then, calculate the outlier state of the 
characteristic parameters that can represent the battery 
system performance degradation during the process of 
battery lifetime fading. 

4)  According to the above outliers state of the charac-
teristic parameters, set up the relation model or fitting 
equation between the outliers state and the battery SOH. 

5) Finally, collect new characteristic parameters and get 
the outliers state. Then calculate the battery SOH value 
by the fitting equation. 

 
4.2. Algorithm detailed processes 

 
The detailed processes of the proposed battery SOH 

estimation algorithm based on outlier detection is shown in 

Fig. 6. 
The specific processes of the algorithm are described as 

follows: 
Input: the battery characteristics parameters data set X 
Output: the outlier set O, and the battery SOH estimation 

value 

1)  System initialization, get the 4-dimensions and n-
groups battery life data set X (voltage, current, 
temperature and SOC), and pre-treatment the test data 
set X. 

2)  Generate the initial test data set ( )X m  (m = 30). Use 
Eqs. (1), (2) and (3), to analyze each element in the set, 
and calculate the VOA  value of each element of 
characteristic parameter ( )X m . 

3)  According to the VOA  value of each element, with the 
normal threshold and the outlier threshold, get the 

 
Fig. 4. The battery system simulation model with lifetime fading characteristics 

 
Fig. 5. The proposed battery SOH estimation method flow 

diagram 
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normal data set, boundary data set and outlier data set. 
4)  After the last calculation, get the latest data 

element ( )X i , normal set and border set to update the 
calculation sample set. Use Eqs. (1), (2) and (3)to 
analyze ( )X i  and obtain the outlier factor VOA  of 

( )X i .Compared the VOA  with the normal threshold 
and outlier threshold, if ( )X i  is an outlier, ( )X i  will 
be added to the outlier set and output at the same time. 
Otherwise, ( )X i  will be added to the normal set or 
border set. The normal set and border set are updated 
by FIFO mode. 

5)  Repeat step 4) until the test data up to 3000 groups, and 
output the outlier set O. 

6)  Get the latest data element ( )X i , and repeat the above 
steps 2) ~ 5) until all data detection complete under the 
standard working conditions. Calculate the average 
value of battery parameters outlier numbers every 300 
seconds. 

7)  Finally, according to the final set O, conclude the 
battery SOH at present by the fitting equation. 

 
4.3. Algorithm implementation 

 
The step 2) above is the core of the whole algorithm, the 

value of VOA  can be calculated accurately and quickly by 
step 2). Assume that the input of step 2) consists of the 
latest data ( )X i , normal set and boundary set, which is a 

data flow pattern calculation set, and the output is the 
VOA  value of ( )X i . The specific implementation steps 
are as follows: 

① Set the latest data element ( )X i as the vertex p ; 
② Get an arbitrary point a, which is inequality with 

point p in the data set; 
③ Get another point b, which is inequality with point p 

and point a, and find out all point b in the data set; 
④ Calculate all the vector angles apbQ  generated by 

vector p-a and vector p-b; 
⑤ Store the obtained apbQ  to the angle set [ ]iQ  

respectively; 
⑥ If there still exists untreated point a in the data set, 

return to step ②; 
⑦ To deal with the [ ]iQ  by Eqs. (1), (2) and (3), 

obtain the VOA  value of each element [ ]X i . 
 

4.4. The sensitivity analysis of algorithm  
 
The sensitivity analysis of proposed method should be 

required, because of the influence on model in the process 
of data collection, such as systematic error, measurement 
noise, accidental error and so on. The simulation takes 
20000 samples with 26 outliers(SOH is 92% according the 
fitting function) in 4*ECE+EUDC condition and different 
intensity of noise into model. The definition of unbearable 
noise intensity in the sensitivity analysis of proposed 
method is that it leads to 5% fluctuation of the error (i.e. 
87% SOH to 97% SOH) for the estimate results of the 
proposed algorithm. And the result is shown in Table 2. 
Analysis of the results known, the algorithm will be invalid 
if Gaussian white noise intensity is more than 8. 

 

 
Fig. 6. The detailed process of the battery SOH estimation 

algorithm based on outlier detection 
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Fig. 7. 4*ECE+EUDC and FTP75 conditions 
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Table 2. The outlier test results and statistics in 4×ECE+ 
EUDC condition 

Noise  
intensity D 5 6 6.5 7 7.5 8 8.5 9 

Outlier 
detection in 
every time 

24 
20 
27 
22 
27 
29 
25 
30 
25 
32 

27 
28 
17 
32 
29 
22 
21 
33 
25 
29 

18 
25 
28 
32 
32 
24 
22 
29 
30 
25 

27 
29 
27 
25 
36 
28 
24 
26 
27 
27 

29 
35 
27 
25 
21 
23 
39 
28 
29 
25 

30 
32 
25 
32 
20 
24 
32 
25 
32 
37 

33 
35 
23 
30 
23 
28 
41 
29 
31 
31 

40 
24 
32 
31 
40 
38 
32 
32 
20 
27 

Total outlier 261 263 265 276 281 289 304 316 
Average value 26.1 26.3 26.5 27.6 28.1 28.9 30.4 31.6 

SOH valuation 92.9
% 

92.5
% 

92.1
% 

90.1
% 

89.3
% 

88.1
% 

86.3 
% 

85.1
% 

 
5. Simulation and Analyze 

 
5.1 Battery lifetime data 

 
As indicated in section 3.1, this article selects the battery 

voltage (Volt), current (Amp), temperature (Temp), and 
state of charge (SOC) as the judgment for battery SOH. So 
the data set is composed of the above four parameters. In 
section 3.4, the parameters of the battery system model in 
the simulation platform need to be initialized. Combining 
with practice, the rated capacity initialized as 6.5Ah, 

 
Fig. 8. The change of Rated Capacity values with SOH 
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Fig. 9. The migration diagram of battery characteristic parameters under 4*ECE+EUDC 
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Fig. 10. The migration diagram of battery characteristic parameters under FTP75 

Note: while the battery aging, the four parameters (voltage, current, SOC, temperature) change as shown in Fig. 9 and Fig. 10. 
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internal resistance initialized as 0.28Ω, and initial SOC 
initialized as 60% and assuming that the temperature of 
current environmental is 20 degrees. The input of the 
vehicle simulation platform is the standard driving 
condition. In this article, 4*ECE+EUDC and FTP75 
conditions are applied to be the test conditions. 

The following is the process of obtaining the 
characteristic parameters (In order to the rapid acquisition 
of data, the simulation environment, compared to the real 
battery SOH decreases fast, but it does not affect the 
validity of the proposed model and the reliability of the 
data.): Rated capacity is changed with SOH, and their 
values are shown in Fig. 8. 

The simulation model works under the conditions of 
4*ECE+EUDC and FTP75. The SOH dropped 5% after 
each cycle from 100% until it reaches 50%. The data was 
collected every 0.1s. The total time was 25776s, so, 
257760 data was obtained in all. And these source data 
formed the test data set X. The test data set X under 
4*ECE+EUDC and FTP75 conditions are shown in Fig. 9 
and Fig. 10. 

 
5.2. Test results and analysis 

 
As shown in Fig. 11, a graphical user interface (GUI) 

was established to investigate the process result and the 
algorithm operation expediently. By using the Windows 
platform with 2GHz Intel processor and 2GB memory, the 
running time was less than 17856s. 

As shown in Fig. 11, click ‘START’, ‘PAUSE’ and 
‘CONTINUE’ respectively to correspond to program 
starting, pausing and going on. In Fig. 11, the left table 

(called Table 1) updates once every 300 seconds. The 
middle table (called Table 2) displays the variance VOA of 
every characteristic parameter within 300 seconds. By this 
way, the system directly displays the number of outlier 
points and other information every 300 seconds. 

Under the 4*ECE+EUDC and FTP75 standard driving 
condition, the number of outliers in different rated capacity 
and internal resistance is counted, and the Fig. 12 shows the 
statistical graph of the number of outliers corresponding to 
every 300 seconds. 

The battery system in health condition itself has existed 
outliers, which contains the system error, system control 
error (excessive demand of system control for energy led 
battery system failure at the minor level) and so on. As 
outlier’s number is very little and the data obtained from 
the vehicle models have been filtered, these outliers will 
have no interference to the algorithm. 

According to the above results, calculate the average 
number of the outliers under each battery state of health, 
and the statistical results are shown in Table 3. 

According to the results shown in Table 3, the polynomial 
fitting method was applied to get the fitting equation 
between the average number of outliers and battery SOH. 
The Eq. (5) and (6) show the relationship between outlier 
number and battery SOH in the process of battery lifetime 
fading. The battery SOH dropped from 100% to 80% in 
4*ECE+EUDC and FTP75 standard conditions. 

 

 

 
Fig. 11. The GUI of battery SOH estimation algorithm 

based on outlier detection 
 

Table 3. The average outliers number under different 
battery SOH 

SOH Outlier number 
(4*ECE+EUDC) 

Outlier number 
(FTP75) 

100% 
95% 
90% 
85% 
80% 
70% 
60% 
50% 

23.73 
25.45 
26.40 
31.73 
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81.36 
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170.30 
165.50 

0 0.5 1 1.5 2 2.5

x 10
4

0

20

40

60

80

100

120

140

160

180

200

Time(s)

T
he

 n
um

be
r o

f o
ut

lie
rs

 p
oi

nt

 

 

The number of outliers point every 300
seconds under 4*ECE+EUDC condition

0 0.5 1 1.5 2 2.5

x 10
4

0

50

100

150

200

250

300

350

400

Time(s)

T
he

 n
um

be
r o

f o
ut

lie
rs

 p
oi

nt

 

 

The number of outliers point every
 300 seconds under FTP75 condition

 
 

0 0.5 1 1.5 2 2.5

x 10
4

0

20

40

60

80

100

120

140

160

180

200

Time(s)

T
he

 n
um

be
r o

f o
ut

lie
rs

 p
oi

nt

 

 

The number of outliers point every 300
seconds under 4*ECE+EUDC condition

0 0.5 1 1.5 2 2.5

x 10
4

0

50

100

150

200

250

300

350

400

Time(s)

T
he

 n
um

be
r o

f o
ut

lie
rs

 p
oi

nt

 

 

The number of outliers point every
 300 seconds under FTP75 condition

 
Fig. 12. The statistical graph of the outlier number under 

two conditions 
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3 20.00455 0.511

19.51 335
SOH x x

x
= - × + ×
- × +

          (5) 

 
20.001673 0.6309

118.7
SOH x x= × - ×

+
         (6) 

In the process of SOH fading from 100% to 50%, the 
comparison graph of the test results under two conditions 
and polynomial fitting results is shown Fig. 13. 

In order to verify the feasibility and effectiveness of the 
proposed battery SOH estimation algorithm, based on the 
HEV simulation software, new historical lifetime charac-
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Fig. 13.The fitting and algorithm test results in the process of SOH fading 

 
Fig. 14. The battery characteristic parameters under 4*ECE+EUDC 

 
Fig. 15. The battery characteristic parameters under FTP75 
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teristic parameters were gained under different standard 
condition to test and verify the proposed algorithm. 

In 4*ECE+EUDC and FTP75 standard conditions, the 
parameter sets of 5 different SOH (97.5%, 92.5%, 87.5%, 
82.5%, 75%) were obtained, and the parameter sets are 
shown in following Fig. 14. and Fig. 15.  

As shown in Fig. 14 and Fig. 15, the lower the SOH is, 
the greater the parameter fluctuation is, such that with 
the decrease of SOH the internal resistance has increased, 
and voltage will has the larger amplitude at the same 
charge-discharge current, then there is more electric 
power loss(by thermal power) in charge-discharge process. 
Therefore, the SOC increased more slowly in charging 
process, and the SOC decreased faster in discharging 
process. The fluctuation of the parameters become larger, 
resulting in more parameters are detected as outliers. With 
the decrease of SOH, the internal resistance has increased 
and lead to the open-circuit voltage decreasing. And the 
current will become smaller under the same load as shown 
in Fig. 14 and Fig. 15 the fluctuation of the Current has 
become smaller, so the current does not affect the number 
of outliers significantly. 

The battery characteristic parameters data set are taken 
into outlier detection by proposed outlier detection 
algorithm, to obtain the value of the average number of 
outliers in each state, and the outlier statistics in 4*ECE+ 
EUDC condition and FTP75 conditions results are shown 
as Table 4. 

The average outliers number in Table 4 are brought into 
the fitting function (5) and (6), then the SOH value of the 
new state is obtained, and the absolute error and relative 
error of the SOH value are calculated. The results are 
shown in Table 5. 

By comparing the true SOH value with the estimated 
value, under different conditions, the proposed battery 
SOH estimation algorithm based on outlier detection can 
make an accurate assessment of battery state of health. The 

absolute error under 4*ECE+EUDC condition is less than 
1%, and the absolute error under FTP75 condition is less 
than 3%. So, the equations (5) and (6) can represent the 
relationship between outlier number and SOH accurately. 
The outlier detection algorithm succeeds in evaluating 
battery SOH. 

 
 

6. Conclusion 
 
The test results show that the proposed outlier detection 

algorithm can recognize the outlier points accurately under 
different conditions. The number of outlier points in the 
outlier data set increases gradually with the battery SOH 
fading. And the fitting function established in this paper 
can reflect the relationship between battery SOH with the 
current outlier data distribution, and the absolute error of 
the evaluation results and the real value of SOH is less than 
3%. The evaluation algorithm based on outlier detection 
for battery state of health can estimate the battery SOH in 
real time accurately. 
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