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Abstract 

 

The accuracy of the state of charge (SoC) estimation is of great importance to the 

operational safety of a battery pack, especially for secondary applications with retired 

batteries. Here, a novel approach combining Sigma-point Kalman filter and machine 

learning technique based on an equivalent circuit model is proposed to improve the 

state of charge estimation accuracy of a reused battery pack (LiFePO4) by abating the 



negative effect of the hysteresis phenomenon. Compared to traditional estimation 

methods, this approach can reduce the root mean square error by up to 8.3%. The 

maximum estimation error for three experimental tests is only 0.016 being within 

acceptable range and demonstrating the effectiveness of the proposed approach. 

 

Keywords: State of charge, Sigma-point Kalman filter, equivalent circuit model, 

hysteresis phenomenon, machine learning 

 

 

Abbreviations 

 

AEKF Adaptive extend Kalman filter 

ECM Equivalent circuit model 

EKF Extend Kalman filter 

EV Electric vehicle 

HPPC  Hybrid Pulse Power Characteristic 

LiB Li-ion battery 

LiFePO4 Lithium iron phosphate 

LSTM Long short-term memory 

OCV Open circuit voltage 

RMSE Root mean square error 

RNN Recurrent neural network 



SPKF Sigma-point Kalman filter 

SoC State of charge 

 

 

1. Introduction 

 

The Li-ion battery (LiB) is a key component for the rapid deployment of electric 

vehicles (EVs). It has a high energy density (ca 250 Wh/kg), good round-trip efficiency 

(≥90%), and relatively long cycle life (about 3000 cycles at 80% depth of discharge) 

[1][2]. It is estimated that the LiB market may grow to tens of thousands of MWhs and 

exceed an annual market value of $30 billion by 2020 [3]. In general, an EV LiB is 

changed once its capacity drops below 80% of its original nominal capacity to ensure 

operational safety and adequate mileage. This means that a retired LiB still possesses a 

70-80% capacity and has potential for secondary applications. The second-life of retired 

batteries could thus be a highly competitive market due to the large number of retired 

batteries expected in the future, which would have positive environmental and 

economic effects.  

There are several types of Li-ion batteries, but in particular the lithium iron 

phosphate (LiFePO4) is highly promising with less need of rare metal composites, huge 

reserves of olivine-type cathode materials used in LiFePO4, good power density and 

long cycle life-time. However, LiFePO4 also has detrimental aspects such as lower 

energy density due to a relative low operating voltage (2.5-3.6 V) [4]. In addition, its 



open circuit voltage to state of charge profile (OCV-SoC) is flat and has a hysteresis, 

which complicates the battery state estimation [5]. Therefore, in particular for the 

LiFePO4, improving the SoC monitoring techniques of the retired battery would be of 

major importance. This is also the main subject of this paper. 

There are many methods for determining the SoC including Ampere-hour 

counting[6][7], OCV-based estimation[8][9], model-based estimation[10], impedance-

based estimation[11] and other technologies such as fuzzy logic, and machine 

learning[12]. Among these approaches, the Kalman filter type of methods based on the 

equivalent circuit model (ECM) are the most widely used closed-loop estimation 

techniques, especially the extended Kalman filter (EKF) and adaptive extended Kalman 

filter (AEKF) methods, which are considered as a compromise between estimation 

accuracy and computational efficiency [13–16]. In the case of a normal battery, the EKF 

and AEKF are accurate enough for the state estimation and the effects of assumptions 

in the derivation process for a non-linear battery system would be negligible [17]. 

However, when it comes to a retired battery, these assumptions are not exactly met and 

thus a more accurate algorithm known as the Sigma-point Kalman filtering (SPKF) 

could be used [17,18]. The SPKF has theoretical advantages over the EKF and AEKF, 

which manifests in more accurate prediction and estimation. Moreover, the 

computational effort with the SPKF is of the same order as with the EKF and AEKF, 

and the algorithm complexity is about the same. Therefore, here the SPKF is used as 

the main SoC estimation algorithm based on the equivalent circuit model (ECM). 

The hysteresis phenomenon of LiFePO4 is a major problem for accurate SoC 



estimation. In many cases the hysteresis effect in the OCV-SoC relationship is not 

considered, neglecting the OCV difference between the charging and discharging 

processes for a certain SoC and using an average OCV-SoC curve or a simple 

approximation [19]. Plett [7] considered a hysteresis model based on a differential 

equation approximating the shape of the scanning curves between the OCV boundaries, 

but this effect has been ignored in many other studies [15,20]. Roscher [4] and Gustavo 

et al.[19] introduced a hysteresis factor to determine the actual OCV curve form 

comparing to OCV at charging and discharging. In this approach, the OCV curve was 

reconstructed based on partial gradual cycle tests, which is not suitable for all battery 

operating patterns and it is time-consuming. In the present paper, a novel high-

efficiency and practical machine learning model is used to settle the hysteresis effect. 

With the long short-term memory (LSTM) machine learning technique used here, the 

charging and discharging OCV-SoC relation can be trained and the trained model can 

be used to predict the real-time OCV curves according to the battery operating pattern. 

The remainder of this paper is constructed as follows: Section 2 introduces the 

adopted 2-RC equivalent circuit model of the battery pack. In Section 3, the Sigma-

point Kalman filter algorithm for dual battery state and ECM parameter estimation is 

presented. Section 4 elaborates the performance of neural network model and LSTM. 

Section 5 provides the experimental and estimation result and discussion, followed by 

the key conclusions summarized in Section 6. 

 

2. Battery model 



 

There are different equivalent circuit models (ECMs) available for Li-ion battery 

modelling [18-29]. Here, the 2-RC network-ECM is employed to describe the dynamic 

behavior of the battery. The model is a trade-off between model accuracy and 

computing effort, and it could be characterized as relatively accurate, but also robust. 

Figure 1 shows the structure of the model consisting of an ideal voltage source (OCV) 

determined by the SoC, i.e., 𝑂𝐶𝑉 = 𝑓(𝑆𝑜𝐶), a series resistor (𝑅+) and 2 capacitor-

resistor (𝑅,𝐶,, 𝑗 = 1,2) networks. 𝑈+ in Fig. 1 represents the voltage drop caused by 

the battery internal resistance 𝑅+ , and the 𝑈,  is the voltage drop of the capacitor-

resistor network 𝑅,𝐶,, 𝑗 = 1,2 reflecting the charge transfer and double layer effects. 

All the parameters of these electrical device models vary with time, and need to be 

identified through the dual SPKF estimation described in Section 3.  

The discrete-time state-space equation of the ECM can be written as follows, 

 

	3
𝑈,,456 = 𝑈,,4 exp :−

∆=
>?@?

A + C1 − 𝑒𝑥𝑝 :− ∆=
>?@?

AG 𝑅,𝐼4
𝑈=,456 = 𝑂𝐶𝑉456 + 𝑈6,456 + 𝑈I,456 + 𝑅+𝐼456, 𝑗 = 1,2

        (1) 

 

where	𝑈, represents the voltage drop of the jth RC module, 𝑈= is the terminal voltage, 

i.e. measured voltage, ∆𝑡  is the sampling time, and the subscripts 𝑘  and 𝑘 + 1 

represent the time steps. 



 

Figure 1. The 2-RC equivalent circuit model (ECM) for LiB. 

 

3. Sigma-point Kalman filtering for dual estimation 

 

In this paper, Sigma-point Kalman filtering (SPKF) is adopted as alternative non-

linear Kalman filtering technique to estimate and update both the ECM parameters and 

the state of charge of the battery. The diagram of the dual Sigma-point Kalman filter is 

shown in Fig. 2, comprising two separate SPKFs running in parallel, one for adapting 

the state and the another for the ECM parameters [18]. The mathematical meaning of 

the symbols in Fig.2 is discussed in the following as part of the implementation process 

of the dual SPKF algorithm. 

 



 

Figure 2. The diagram of dual Sigma-point Kalman filter technique. 

 

The dual SPKF consists of two parallel single channels and each SPKF channel 

mainly comprises the time update and the measurement update process for the variables. 

Combined with the battery ECM model, the algorithm steps are as follows: 

Statement of nonlinear state space of ECM and its parameters: 
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(𝑅+, 𝑅6, 𝑅I, 𝐶6, 𝐶I)4T = (𝑅+, 𝑅6, 𝑅I, 𝐶6, 𝐶I)4P6T + 𝑟4P6                         (4) 

 

where 𝑎, = exp^−∆𝑡 𝑅,𝐶,⁄ _ , 𝜂  is the Coulombic efficiency, 𝐶TU=  is the battery 



capacity, 𝐼 is the operating current, 𝑤, 𝑣	𝑎𝑛𝑑	𝑟 represent Gaussian noise variables 

with zero mean value, 𝑂𝐶𝑉YZ@  denotes the OCV at a certain SoC level, i.e. 𝑂𝐶𝑉 =

𝑓(𝑆𝑜𝐶), which is different during the charging and discharging process, causing the 

hysteresis phenomenon. Eqs. (2)-(3) describe the discrete-time state space of the ECM 

model itself, representing an update of the battery state and terminal voltage which is 

calculated based on the ECM model and battery current state. Eq. (4) reflects the 

discrete-time state space of the ECM parameters. In order to simplify the presentation 

of the following dual SPKF, the state space of ECM in Eqs. (2) and (3) and its 

parameters in Eq. (4) are replaced by Eq. (5) and (6), where 𝑥4 = (𝑆𝑜𝐶, 𝑈6, 𝑈I)4T , 

𝑦4 = 𝑈=,4, 𝑢4 = 𝐼4, 𝜃4 = (𝑅+, 𝑅6, 𝑅I, 𝐶6, 𝐶I)4T  : 

 

e
𝑥4 = 𝑓(𝑥4P6, 𝑢4P6, 𝑤4P6, 𝜃4P6)
𝑦4 = ℎ(𝑥4, 𝑢4, 𝑣4, 𝜃4)																		

                                       (5) 

	e
𝜃4 = 𝜃4P6 + 𝑟4P6																																																																	
𝑑4 = ℎ(𝑓(𝑥4P6, 𝑢4P6, 𝑤g4P6, 𝜃4P6), 𝑢4, �̅�4, 𝜃4P6) + 𝑒4

                     (6) 

 

Definitions: 

𝑥4U = i𝑥4T, 𝑤4T, 𝑣4Tj
T                                                  (7) 

𝜒4U = [(𝜒4m)T, (𝜒4n)T, (𝜒4o)T]T                                          (8) 

𝑝 = 2 × dim	(𝑥4U)                                                   (9) 

where superscript a represents the augmented matrix. 

 

Initialization: for 𝑘 = 0 set as: 

𝜃u+5 = Ε[𝜃+]                                                        (10) 



𝑥w+5 = Ε[𝑥+]                                                        (11) 

𝑥w+
U,5 = Ε[𝑥+U] = [(𝑥w+5)T, 𝑤g, �̅�]T                                         (12) 

𝑃y+
5 = E[^𝜃+ − 𝜃u+5_^𝜃+ − 𝜃u+5_

{]                                       (13) 

𝑃m+
5 = E[(𝑥+ − 𝑥w+5)(𝑥+ − 𝑥w+5){]                                        (14) 

𝑃m+
U,5 = E |^𝑥+U − 𝑥w+

U,5_^𝑥+U − 𝑥w+
U,5_{} = diag(𝑃m+

5, 𝑃n, 𝑃o)                   (15) 

where superscript + refers to posteriori value, ˆ  denotes the estimated value, 𝑃 

represents the covariance matrix. 

 

Step 1: Parameter estimation and its covariance time update 

𝜃u4P = 𝜃u4P65                                                          (16) 

𝑃y4
P = 𝑃y4P6

5 + 𝑃�                                                   (17) 

where superscript - refers to the prior value. 

 

Step 2: State estimation and its covariance time update 
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                       (18) 

𝑃m4
P = ∑ 𝛼�(�)(𝜒4,�

m,P − 𝑥w4P)
�
��+ (𝜒4,�

m,P − 𝑥w4P)T                               (19) 

where 𝛾 is a positive constant parameter, 𝛼+(�) = (𝛾I − 𝐿)/𝛾I, 𝛼��+(�) = 1/2𝛾I, 

𝛼�(�) = 𝛼�(�), 𝐿 = dim	(𝑥4U). 

 

Step 3: Output estimation, parameter filter 



�
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�
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                        (20) 

 

Step 4: Output estimate, state filter 

𝑌4,� = ℎ(𝜒4,�
m,P, 𝑢4, 𝜒4P6,�

o,5 , 𝜃u4P)                                          (21) 

𝑦w4 = ∑ 𝛼�(�)𝑌4,�
�
��+                                                  (22) 

 

Step 5: State filter gain matrix 

𝑃�,4 = ∑ 𝛼�(�)(𝑌4,� − 𝑦w4)(𝑌4,� − 𝑦w4)T
�
��+                                  (23) 

𝑃m�,4P = ∑ 𝛼�(�)(𝜒4,�
m,P − 𝑥w4P)(𝑌4,� − 𝑦w4)T

�
��+                                (24) 

𝐿4m = 𝑃m�,4P 𝑃�,4P6                                                    (25) 

 

Step 6: Parameter filter gain matrix 

𝑃�,4 = ∑ 𝛼�(�)(𝐷4,� − 𝑑�4)(𝐷4,� − 𝑑�4)T
�
��+                                 (26) 

𝑃y�,4P = ∑ 𝛼�(�)(𝑊4,� − 𝜃u4P)(𝐷4,� − 𝑑�4)T
�
��+                                (27) 

𝐿4y = 𝑃y�,4P 𝑃�,4P6                                                    (28) 

 

Step 7: State estimate and its covariance measurement update 

�
𝑥w45 = 𝑥w4P + 𝐿4m(𝑦4 − 𝑦w4)
𝑃m,45 = 𝑃m,4P − 𝐿4m𝑃�,4(𝐿4m)T

                                            (29) 

where 𝑦4 is the actual measured value, i.e. the terminal battery voltage at time 𝑘. 

 

Step 8: Parameter estimate and its covariance measurement update 



�
𝜃u45 = 𝜃u4P + 𝐿4y(𝑦4 − 𝑑�4)
𝑃y,45 = 𝑃y,4P − 𝐿4y𝑃�,4(𝐿4y)T

                                            (30) 

 

4. Neural network model and LSTM: Long short-term memory 

 

In this paper, the long short-term memory (LSTM) [33] is the main part of the 

neural network model used to eliminate the negative effects of the hysteresis 

phenomenon. The whole neural network model is built within the PyTorch open source 

machine learning library (Fig. 3). This neural network model is a learning-predicting 

model meaning that it learns the relation between the battery operational mode and 

𝑂𝐶𝑉YZ@  based on the sample charging-discharging data and then it builds a revised 

𝑂𝐶𝑉YZ@  model for further prediction. The test charging and discharging data are 

considered as training samples and fed into the LSTM. Then, the LSTM layer 

combining linear and sigmoid layers would give as output a value 𝜓 between 0 and 1 

by constantly revising the data dimensions. The expected output 𝜓 is 1 for a sample 

charging process and 0 for a sample discharging process. In the MSELoss layer in Fig.3, 

the loss between the actual learning output and expected output is calculated and then 

used to backwards update the involved model weight parameters. The five steps in Fig. 

3 are collectively known as a learning process, and the practical iterations of the 

learning process can be set artificially according to the model accuracy requirements. 

When the learning process is finished, i.e. the loss is small enough, a revised 𝑂𝐶𝑉YZ@  

model is built in Eq.(31) and can then be used to predict the real-time OCV-SoC 

relationship under the current operational mode: 



 

𝑂𝐶𝑉YZ@ = �

𝑂𝐶𝑉YZ@charging																																																																									ψ=1

𝜓 £𝑂𝐶𝑉YZ@charging¤ + (1 − 𝜓)(𝑂𝐶𝑉YZ@discharging)					0<ψ<1
𝑂𝐶𝑉YZ@discharging																																																																					ψ=0

  (31) 

 

 

Figure 3. Structure of the neural network model. 

 

LSTM is a variant of the recurrent neural network (RNN) based on deep neural 

networks [33]. It aims to extract potential hierarchical relationships between the raw 

input and expected output through multi-layer nonlinear transformations, capturing the 

temporal information of the time series [34,35]. The hierarchical structure and the 

LSTM algorithm is shown in Fig. 4, where 𝑋= and ℎ= represents the input and output, 

𝐶= is the cell state reflecting the memory function of the algorithm. The composite 

function within the constructed LSTM network can be expressed as follows:  



 

𝑖= = 𝜎(𝑊��𝑋= + 𝑏�� +𝑊«�ℎ=P6 + 𝑏«�)                               (32) 

𝑓= = 𝜎(𝑊�¬𝑋= + 𝑏�¬ +𝑊«¬ℎ=P6 + 𝑏«¬)                              (33) 

𝑔= = tanh(𝑊�¯𝑋= + 𝑏�¯ +𝑊«¯ℎ=P6 + 𝑏«¯)                          (34) 

𝑂= = 𝜎(𝑊�Z𝑋= + 𝑏�Z +𝑊«Zℎ=P6 + 𝑏«Z)                             (35) 

𝐶= = 𝑓=⨀𝐶=P6 + 𝑖=⨀𝑔=                                          (36) 

ℎ= = 𝑂=⨀tanh	(𝐶=)                                             (37) 

 

where 𝜎 is the sigmoid function, 𝑖=, 𝑓=, 𝑂= are the input, forget and output gates, 𝐶= 

represents the cell state, and ℎ= is the hidden vector, i.e. the output of the LSTM cell 

layer. ⨀  denotes the element-wise product while tanh is a nonlinear activation 

function scaling the values into a range of -1 to 1. Each gate possesses its set of network 

weight parameters 𝑊 and bias vectors 𝑏. 



 

Figure 4. LSTM: Long short-term memory. 

 

5. Experimental results and discussion 

 

The flowchart of the proposed accurate state-of-charge estimation approach is 

shown in Fig. 5. The Sigma-point Kalman filtering algorithm is the main body while 

the neural network model is mainly used to create an accurate 𝑂𝐶𝑉YZ@ , i.e. the real-

time OCV-SoC relationship during the battery operation. All the key parts shown in the 

flowchart will be presented in the following. 

 



 



Figure 5. Flowchart of the proposed accurate state-of-charge estimation. 

 

5.1 Battery Hybrid Pulse Power Characteristic (HPPC) test 

 

In this paper, the Hybrid Pulse Power Characteristic (HPPC) test is performed 

three times at room temperature to obtain the OCV-SoC relationship of the retired 

battery during the charging and discharging process. Before the HPPC test, a standard 

charging-discharging test was performed with the sample battery pack to obtain its 

current capacity, i.e. the retirement level. The interval between each HPPC test is fifty 

battery charging-discharging cycles so that we can also demonstrate if this algorithm 

would be effective for battery packs with different retirement levels. The sample battery 

pack comprises eight cells, which are connected in parallel to form two modules, and 

then in series to form a battery pack. Their internal structure is shown in Fig. S1 with 

product information in Table 1. The current and voltage curves of the HPPC test during 

charging and discharging process with a resolution of 1 sec are shown in Fig. S2. 

 

Table 1. Product information of retired battery pack. 

Product parameters Value/information 

Manufacturer Guoxuan New Energy Technology Co. Ltd, China 

Format Square aluminum case battery 

Battery chemistry Lithium iron phosphate/Graphite 

Nominal voltage 6.4 V 



Nominal capacity 85 Ah 

Upper cut-off voltage 3.75 V/cell 

Lower cut-off voltage 2.7 V/cell 

Standard current Charging: 25 A; Discharging: 25 A 

Current capacity and retirement level  

(Remaining capacity compared to nominal capacity) 

1st: 64.27 Ah (75.6%);  

2nd: 61.01 Ah (71.8%);  

3rd: 56.35 Ah (66.3%) 

 

5.2 OCV-SoC relationships (𝑂𝐶𝑉YZ@) of sample battery packs 

 

The OCV-SoC relationships of the three HPPC tests in Fig. 6 show a major 

hysteresis of LiFePO4. Several empirical formula have been used to describe the OCV-

SoC relationship [36]. In order to achieve a high accuracy, a polynomial function in Eq. 

(38) is employed and parametrized to quantitatively describe the nonlinear OCV-SoC 

relationship with the polynomial coefficients listed in Table 2: 

𝑂𝐶𝑉YZ@ = 𝑃6 × 𝑆𝑜𝐶± + 𝑃I × 𝑆𝑜𝐶² ……+ 𝑃² × 𝑆𝑜𝐶I + 𝑃± × 𝑆𝑜𝐶 + 𝑃    (38) 

 

 



 

Figure 6. The OCV-SoC relationships of three HPPC test. (a), (b) and (c) represent first, 

second and third test; (d) is the combination of (a-c). 

 

Table 2. Polynomial coefficients for OCV-SoC function. 

 1st test 2nd test 3rd test 

Coefficient Charge Discharge Charge Discharge Charge Discharge 

𝑃6 -34.27 -29.49 -27.87 -48.01 -35.19 -31.27 

𝑃I 120.40 100.40 97.91 157.50 119.60 108.30 

𝑃µ -166.80 -132.70 -136.40 -199.10 -160.30 -144.40 

𝑃¶ 115.80 86.99 95.78 122.70 108.10 93.99 

𝑃² -42.19 -30.18 -35.69 -38.65 -38.58 -31.44 
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𝑃± 7.87 5.75 6.92 6.28 7.20 5.52 

𝑃  5.98 5.97 6.02 6.03 6.00 6.05 

RMSE 0.0176 0.0065 0.0180 0.0099 0.0214 0.0073 

 

5.3 Neural network and 𝑂𝐶𝑉YZ@  model 

 

As described in Section 4, the LSTM is the core of the neural network model 

employed in this paper. The neural network model is a learning-prediction system, i.e. 

learning the OCV-SoC relationship based on data of charging and discharging process, 

and then using the model to predict the real-time OCV-SoC relationship in practical 

operational conditions. As shown in Fig. 3, [𝑖=, 𝑈=] of each charging and discharging 

counting time is fed into the LSTM (input-size=2, hidden-size=5) and then the data 

feature becomes 5 (see Fig. 3). The feature of the hidden-size of LSTM can be changed 

according to the expected model: the larger the hidden-size, the more accurate the result, 

but also the larger the computational effort. After the LSTM layer, the data with 5 

features flow into the linear layer, being converted to one feature while the sigmoid 

function is used to limit the output probability	𝜓 to a value between 0 and 1. In the 

MSELoss layer, the difference between 𝜓 and the expected value of charging (=1) or 

for discharging (=0) is calculated and are used backwards to update the weight 

parameters of the neural network model. Finally, the learned model is achieved by 

repeating this learning process until the error is within an acceptable range (mean 

squared error < 0.0001 in this paper). 



 

5.4 Real-time battery test 

 

Next a real-time battery test is implemented after each HPPC test with current and 

voltage data used to validate the accuracy of the proposed SoC estimation approach. In 

order to simulate a practical usage pattern of the battery pack, the charging and 

discharging modes of three operational tests are different, shown in Fig. 7. In this first 

test, the battery is fully charged in idle time and then discharged randomly and 

cyclically until reaching the lower cut-off voltage. In the second and third test, the usage 

mode combines discharging and charging to simulate charging immediately after 

drawing power from the battery. It should be noted that this real-time operational test 

and process of establishing the 𝑂𝐶𝑉YZ@model are separated. During the SoC estimation 

process, real-time current and voltage data [𝑖=, 𝑈=] of the operational test is fed into 

the 𝑂𝐶𝑉YZ@neural network model and generate 𝜓 at time point t ultimately modifying 

𝑂𝐶𝑉YZ@	in Eq.(3). 
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Figure 7. (a-c) are the current and voltage curve of 1st, 2nd, and 3rd real-time 

operational test. 

 

5.5 Comparison of SoC estimation methods  

 

To verity the proposed approach, three SoC estimation algorithms are compared 

using data from the same battery real-time operational test: 1) Coulomb counting 

method (denoted ‘Reference SoC’), 2) Sigma-point Kalman filter adopting average 

𝑂𝐶𝑉YZ@relationship (𝜓 = 0.5) (‘Average SoC’), and 3) Sigma-point Kalman filter with 

revised 𝑂𝐶𝑉YZ@obtained through the neutral network model (‘Revised SoC’, this study). 

The results are shown in Fig. 8 and the error estimates are in Table 3. As the remaining 

capacity of the sample battery pack decrease with the tests (75.6%, 71.8% and 66.3%) 

the RMSE in Table 3 also increase. The third test has the highest RMSE with 

4.20 × 10Pµ, which is acceptable. The RMSE of the ‘Revised SoC’ is lower than that 

of the ‘Average SoC’ in all three experiments declining 4.86% on average. In the second 

test, the minimum error of ‘Revised SoC’ increases by 19.4% compared to ‘Average 

SoC’, but the absolute growth of the minimum error (1.261 × 10P¶) is offset by the 

decline of the maximum error (3.0 × 10P¶) thus leading to improved SoC estimation. 

The maximum error of the ‘Revised SoC’ in the three experimental tests is 1.6 × 10PI 

which is acceptable and demonstrates the goodness of the proposed approach. 

 



 

Figure 8. Comparison of SoC estimation methods with the proposed approach 

(‘Revised SoC’). (a-c) are the SoC estimation result of three approaches during three 

operational battery pack tests. The embedded figure is partial magnification of the 

estimation result. (d-f) indicate the error between Average/Revised SoC and Reference 

SoC. 
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Table 3. Accuracy of ‘Average’ and ‘Revised SoC’ estimation methods relative to the 

‘Reference SoC’. 

 

 

6. Conclusions 

 

The accuracy of the state of charge estimation is of great importance to effectively 

employing retired batteries for second-life applications. In this paper, Sigma-point 

Kalman filter technique combined with machine learning was adopted to improve the 

state of charge estimation of retired lithium iron phosphate (LiFePO4) batteries, 

especially aiming at eliminating the negative effect of the hysteresis.  

Compared to a traditional method using average 𝑂𝐶𝑉YZ@ , the proposed approach 

enables to greatly reduce the estimation RMSE by using a revised OCV-SoC 

relationship. The new approach increased the SoC estimation accuracy by 3.93%, 8.33% 

and 2.33% of a sample battery pack with a residual capacity level of 75.6%, 71.8% and 



66.3%. The results may also indicate, as the estimation error increased with decreasing 

remaining capacity of the retired battery, that the charge transfer model of a heavily 

depleted retired battery may deviate from the standard equivalent circuit model. The 

maximum estimation error of the three experimental tests was 0.016, which is 

acceptable and demonstrates the effectiveness of the proposed approach. 
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