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Abstract—The state of energy (SOE) is a key indicator  
for the energy optimization and management of Li-ion 
battery-based energy storage systems in the smart grid 
applications. To improve the SOE estimation accuracy, a 
Li-ion battery model is presented in this study against 
dynamic loads and battery ageing effects. Firstly, an 
electrical battery model is combined with an analytical 
model in order to take advantages of both models for 
accurate prediction of battery terminal voltage 
characteristics, SOE and remnant runtime. Secondly, a  
novel method to separate the fast and slow dynamics of 
the electrical battery model is developed, and its superior  
performance is presented. Thirdly, the effects of the battery 
initial SOC, load current rate and direction, operating 
temperature and ageing level are systematically 
scrutinized and involved into the proposed model for  
robust SOE and terminal voltage prediction. Commercial 
Li-ion batteries are then tested under dynamic loads and at 
an arbitrary battery ageing level to validate the 
effectiveness and robustness of the proposed model. The 
laboratory-scale experimental test results show superb 
accuracy and reliability of the proposed battery model for  
estimating battery SOE and terminal voltage under 
dynamic loads and battery ageing conditions. 

 
Index Terms—Battery ageing, dynamic loads, electrical 

battery model, Li-ion battery, State of energy (SOE), 
terminal voltage characteristic, temperature effects. 
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I. INTRODUCTION 

INCE this decade, in order to successfully address the smart 

grid applications, energy storage systems (ESSs) have been 

studied extensively. ESS is now playing a pivotal ro le in  

propelling  the exp loitation of renewable energy sources into the 

traditional energy market and helping to provide stable and 

reliable power supply in s mart g rids. Among all the energy 

storage techniques, Li-ion based rechargeable batteries are 

deemed to be the most promising solution, due to their 

outperformed performance such as high gravimetric and 

volumetric energy density, great cycle life, enhanced safety and 

low self-discharge rate [1-3]. 

During  battery operations, an indispensable component is the 

battery management system (BMS), which is responsible for 

the efficient, reliab le, and durable battery operations. 

Nowadays, modern BMSs rely on battery models to track the 

key indexes of each cell and further the whole battery system, 

thusly the exp loited models are required to be competent to 

predict the battery behaviors accurately. Our research is based 

on a self-operated island smart grid where Li-ion batteries are 

employed as ESSs, and we are aiming to predict the online state 

of health (SOH), state of charge (SOC), state of energy (SOE), 

runtime, and terminal voltage responses of the batteries under 

varying and unpredictable load conditions with high accuracy 

and robustness. Amongst these indexes, SOE has been 

replacing SOC these years to represent the residual energy of 

batteries, on which the battery-based ESS is dependent [4]. On  

the other hand, another vital index is the voltage response of the 

battery, which is required for the co-design and co-simulat ion 

with other devices in the p ractical system. We have developed 

two online non-invasive SOC and SOH co-estimators for 

Li-ion battery and the detailed descriptions would be published 

elsewhere. This study is emphasized on the prediction of SOE 

and voltage responses of Li-ion batteries with known SOH and 

initial SOC, considering dynamic load and battery ageing 

conditions.  

SOE allows a d irect determination of the residual energy  

state of batteries. Rigorous and intuitional SOE estimat ion can 

further help to predict the battery runtime, which is of the 
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foremost concern for ESS applications. Traditionally, SOC was 

the default index descriptive of the availab le energy state of 

batteries. In the literature, a  wide variety of SOC estimat ion 

approaches had been reported, such as the coulomb counting 

method [5], the OCV-based method [6], and methods based on 

unscented Kalman  filter (UKF) [7], slid ing-mode observer [8], 

proportional integral [9], neural network [10], and fuzzy logic 

[11], and most of them achieved remarkable results. However, 

since SOC represents the capacity state instead of the energy 

state, it is no longer sufficient to describe the battery behavior 

in the ESS applications where the residual energy rather than 

the residual capacity of batteries is essential [4]. SOE was 

introduced in 2010 to directly delineate the energy state of 

batteries [12, 13] and  the detailed  review and the differences 

between SOE and SOC will be discussed in Section II. 

Compared to the SOC estimation, there existed only a few 

literatures on SOE estimation. Mamadou et al. advocated the 

criterion of SOE in [12, 13] to evaluate the residual energy state 

of batteries directly, and presented the follow-up algorithms for 

SOE pred iction based on power-integral method. Nevertheless, 

the disadvantage of the algorithms was the significant 

estimation inaccuracies caused by the erroneous measurements 

and the rate capacity/energy phenomenon of batteries. In [4, 

14], neural networks were used to predict the battery SOE 

variation, but the estimat ion exactness highly depended on the 

training data provided and the systematic complexity needed to 

be decreased to reduce the hardware costs. Some researchers 

tried to extract the relat ionship between SOC and SOE and 

several algorithms were developed accordingly. For example, 

Wang et al. proposed a joint algorithm for SOC and SOE 

co-evaluation with the aid of part icle filters (PFs) in [15] and 

Bayesian learn ing technique in [16], Zheng et al. [17] 

investigated the SOE trajectory with  respect to SOC and 

presented a quantitative relationship between SOC and SOE, 

and the estimation results were verified under both constant and 

dynamic load conditions. However, the SOE estimat ion 

accuracy of these algorithms were totally dependent on the 

estimated SOC results, and the estimated SOE results were 

merely  verified at  load current of no more than 1.0 C. Other 

online SOE estimators included the Gaussian model-based 

data-driven filter [18], and filters based on UKF and recursive 

least square (RLS) [19], adaptive unscented Kalman filter 

(AUKF) [20], and dual filter consisted of extend Kalman filter 

(EKF) and PF [21]. These online estimators achieved 

acceptable results, but the intricate filtering algorithm produced 

heavy computational burdens for the micro-processors in the 

BMSs, which were always with limited computational 

capability. Additionally, Lin et al. [22] proposed a 

multi-model-probability-based approach to jointly estimate the 

battery SOE. Be that it might be, the weights of each model 

were kept the same under dynamic loads for simplicity, 

resulting in that the SOE estimation results achieved little 

improvement. 

All of the cited SOE estimation approaches have their own 

pros and cons. However, there still exist some common 

drawbacks. Firstly, to date there is no unified  determin ing 

equations for SOE. A lthough SOE was defined for the first time 

in [12, 13], it is still facing the shortcomings of not being clear 

and practical enough. What’s worse, most studies failed to 

obtain desirable SOE estimation against varying loads, ambient 

temperature and battery ageing conditions. In the course of 

battery ageing and operational condition variations, the 

non-adaptive pre-set model parameters would cause the 

predicted SOE values deviated from the accurate ones. Last but 

not least, unfortunately, all of the above-mentioned research 

works only focused on the estimat ion of SOE but did not 

involve the prediction of the voltage responses of batteries: in 

the online SOE estimators [15-21], the voltage responses were 

taken as input factors. It should be noted that in the practical 

smart grid applications, batteries operated together with other 

electrical devices such as diesel generators, PV p lants and 

domestic loads closely [23]; therefore, it is essential to 

systematically pred ict the online voltage responses of the 

batteries along with the SOE, with an aim to achieve higher 

compatibilities for the co-operation and co-design with other 

devices in the smart grids applications. 

To compensate the foregoing drawbacks, a comprehensive 

hybrid Li-ion battery model is advocated in this paper, which is 

capable of pred icting the online battery SOE as well as the 

voltage characteristics accurately under various operating loads 

and battery ageing conditions. In addition, the effects of the 

battery operational conditions such as load current, init ial state, 

ambient temperature and ageing levels are systematically  

scrutinized and involved into the proposed model. Another 

improvement is that the proposed model can predict the SOE 

and terminal voltage of the battery from any starting states, 

comparing to that most models in the literature were only  

verified from the fully charged state of batteries. Furthermore, 

the effectiveness and robustness of the proposed estimator is 

evaluated and validated by the laboratory-scale test results on 

commercial Li4Ti5O12 (LTO) battery cells.  

The reminder of this paper is organized as follows. Section II 

summarizes the related work and Sect ion III elaborates the 

experimental setup, the proposed model and the workflow. 

Section IV presents the model extract ion process, and the 

obtained parameter values of the proposed battery model are 

illustrated and discussed in Section V. Sect ion VI validates the 

efficacy of the proposed model for predict ing SOE and terminal 

voltage under dynamic loads and arbitrary  battery ageing 

conditions. Finally, Section VII concludes the paper and the 

future work is addressed. 

II.  RELATED WORK 

A. Electrical Circuit Battery Model 

Being the most intuitive and facile to handle, electrical 

circuit models (ECMs) have been pervasively used in circuit 

simulators and alongside applications, and they are among the 

most suitable candidates for battery parameters and terminal 

voltage prediction. Most of the ECMs can be sorted as 

impedance-based [24, 25] or Thevenin-based models [25-29]. 

However, the essential usage of the electrochemical impedance 

spectroscopy (EIS) scan in  frequency domain  of the 

impedance-based models caused them less applicable in  the 



practical s mart grid applicat ions. On the other hand, the 

Thevenin-based models were mainly extracted via the pulse 

charge (PC) and pulse discharge (PD) tests [25-29]. 

In this study, the 2
nd

 order RC Thevenin-based model is  

chosen. Theoretically, all of the model parameters are 

multi-variab le functions of SOC, current direction and rate, 

ambient temperature, self-d ischarge rate, hysteresis effects, and 

ageing levels of the batteries. A parameter identification 

method was presented by Hentunen et al. in  [28] and it had been 

widely accepted and utilized in the literature. However, some 

enhancements could be implemented during the parameter 

identification procedure. In this work, a rev ision is proposed to 

the method in  [28] and a novel model extract ion method is 

presented accordingly to realize more thorough and accurate 

parameter ext raction results for the 2nd order RC battery 

models. Additionally, due to the intrinsical peculiarities of 

ECMs, there is some deficiency in capturing the non-linear 

battery behaviors induced by the load variations and will 

undermine the SOE estimation accuracy if ECMs work alone 

under strenuous loads. Several hybrid models [30-33] provided 

viable solutions to describe the non-linear behaviors of 

batteries. 

B. State of Energy 

SOE allows a straightforward description of the availab le 

energy state of batteries, which is paramount for the energy 

deployment and optimization in the smart grid applications. As 

reviewed by Liu et al. [4], SOE outperformed SOC in denoting 

the residual energy of power-battery-based ESSs, of which the 

BMSs appeared an ever-growing more sophisticated tendency. 

SOE was direct ly linked to the attainable energy of the battery, 

while SOC focused on the capacity. SOC changed with the 

discharging current, but the battery energy was the product of 

the voltage and capacity. The battery voltage decreased in the 

course of discharge, but the internal energy loss and the energy 

efficiency of the battery were not considered in the SOC 

estimation [4, 34]. At the same SOC, SOE varied on account of 

that the discharging energy efficiency was dependent on the 

battery operating conditions. Some research works in the 

literature derived relations between SOE and SOC [17] and the 

OCV-SOE characteristics [16-19, 22], however, tests results in 

the current study revealed that there was no robust relation 

between SOE, SOC, nor OCV. Consensuses were achieved 

with the inference of [4, 35]. 

In princip le, SOE was defined by the ratio of the residual 

available energy (RAE) over the maximum availab le energy 

(MAE) of the batteries, where RAE denoted the energy that 

could be retrieved from the battery at an arbitrary init ial state 

when it  was d ischarged down to the lower voltage threshold, 

and MAE indicated the overall dischargeable energy of a fu lly  

charged battery. Upon its advent, power-integral methods were 

advocated to calculate the online SOE of batteries [12, 13]. 

However, the facts that the battery discharging performance 

was greatly dependent on the operating conditions would lead 

to the power-integral method insufficient to capture the 

accurate SOE during discharging. The battery SOH, ambient 

temperature, and load conditions would all influence the 

discharging performance thus inducing quantitative change of 

RAE and MAE and further the SOE. Therefore, in the pursuit of 

a rigorous and accurate SOE estimat ion, the vary ing operating 

conditions of the battery needed to be scrutinized.  

In the literature [4, 14-22], focus was purely on ΔSOE, which  

was the SOE increment/decrement during a time interval, while 

the initial SOE, the RAE and MAE were scarcely considered. 

Using ΔSOE could help to set up the state-space equations 

employed in the filters . However, due to the omission of the 

initial SOE, the estimated SOE of the online filters based on, for 

example AUKF [19, 20] and dual filters [21], remained 

diverged until 10 minutes after the estimat ion started. This 

would definitely y ield  troubles for the instantaneous SOE 

estimation and might lead to irreparab le issues in practical 

applications. In seeking to address this defect, direct  focus is 

put on the initial SOE, the RAE and MAE of the batteries under 

various load conditions in the current study. Li et al. [35] 

demonstrated a preliminary investigation on the effects of 

ambient temperature and current rate on the battery discharging 

performance and the online SOE. Moreover, in this study, the 

effects of another critical index of batteries, the SOH,  along 

with other influencing factors for the online SOE and the 

battery discharging performance are analyzed more thoroughly. 

C. State of Health 

Ageing effects commonly appeared amid Li-ion batteries. 

SOH reflects the degradation extent of the battery capacity as 

battery ages, and it is of paramount significance in pract ical 

applications. The major ageing mechanisms of Li-ion batteries 

include the loss of active material (LAM), loss of lithium 

inventory (LLI), and the increase of impedance [36]. In  

addition, there are basically 2 kinds of battery ageing, namely, 

calendar-ageing and cycling-ageing [37]. Nevertheless, based 

on our test results published elsewhere and in [37], the 

calendar-ageing caused negligib le effects on the battery 

performance, thus only the cycling-ageing effects were 

considered in this study. Interested readers are referred to our 

other publications focusing on the online SOH and SOC 

co-evaluations of batteries. Herein  we assumed that the SOH 

and initial SOC were already known. Moreover, according to 

our experimental results and that in [38], the extent of the cell 

degradation in capacity was not correlated with the ageing or 

cycling conditions. Therefore, in this study, accelerated aging 

tests at 3.0 C and 55 ºC were conducted to prepare batteries 

with various SOHs. A fresh cell and 3 aged cells with known 

SOHs were tested separately, and an aged cell with an arbitrary  

SOH was used for model validation. 

III.  EXPERIMENTAL SET-UP AND TEST PROCEDURE 

A. Test Bench Scheme 

The basic parameters of the tested LTO battery are listed in 

Table I. With the ab ility to carry  large current  and withstand a 

wide range of temperature, LTO batteries are more inclined to 

the ESS applications. A test bench was built for data 

acquirements as shown in Fig. 1. It consisted of a battery tester, 

a temperature chamber, and a host PC to control the tester and 

to record the test data. The deployed BMS and CAN were 

within the tester for protection and data collection and 

transmission purposes. 1 mV precision was for voltage 

measurement and 1 mA for the current. The thermal chamber 



kept the batteries operated under designated ambient 

temperature. All the data were input into Matlab/Simulink. 

B. Proposed Model and Workflow 

In this study, we aim to set up a practical Li-ion battery 

model to bridge the gap between laboratory test results and 

real-life  smart grid applicat ions, so that the laboratory test data 

could be used to predict the anticipated Li-ion battery 

performance in pract ical applicat ions. The proposed hybrid 

battery model was built in Matlab/Simulink. As shown in Fig. 2,  

it comprised an ECM on the left which was responsible for the 

terminal voltage and transient responses tracking, and an 

analytical model on the right for SOE and runtime prediction. 

The two models were conjugated by the online SOC. There 

were 7 components in the ECM: open circuit voltage (OCV), Ri 

and 2 polarization RC network combinations, namely, Rf, Cf, Rs 

and Cs, and a relaxation voltage offset component Uoffset. Ri was 

the ohmic resistance of the battery and consisted of the surface 

layer resistance and the bulk resistance, and it was responsible 

for the instantaneous voltage drop and rise. Rf and Cf modeled 

the fast dynamics such as activation polarization and τf was the 

fast time constant with a typical value of seconds. Rs and Cs 

represented the slow dynamics in the order of tens of seconds or 

minutes, and they were more representative of the 

concentration polarization. τs was the slow time constant. Uoffset 

captured the long-term battery behavior during idle periods, 

and its value was zero when the battery was loaded. OCV was 

the voltage of fully relaxed battery and UT was the terminal 

voltage of the battery. Compared to other 2
nd

 order RC ECMs 

[25-29, 39], Uoffset is introduced herein to encapsulate the 

long-term battery voltage relaxation characteristics for 

improving the model fidelity. 

The analytical model for SOE and runtime prediction aimed  

at involving the mult idimensional quantitative dependence of 

the MAE and RAE values of batteries on current rate, ambient 

temperature, SOH, and the initial SOC as a holistic database, 

where MAE and RAE were outputs and other operational 

variables acted as inputs. Based on the literature rev iew and to 

the best of the author’s understanding on the index of SOE, we 

advocated the SOE determination equation as: 

SOE(𝓍%) =
𝐸𝑅𝐴𝐸|𝐼,𝑇,𝑆𝑂𝐶,𝑆𝑂𝐻

𝐸𝑀𝐴𝐸|𝐼,𝑇,𝑆𝑂𝐻
× 100%                  (1) 

The denominator was the MAE value of the battery by 

depleting a fully charged battery of a part icular SOH z%  under 

the designated current rate I and ambient temperature T. The 

numerator was the RAE but with the init ial SOC as another 

factor to consider, and it was acquired via fu lly d ischarging the 

battery with z% SOH and a certain in itial SOC y% at I and T. 

The values of MAE and RAE under each condition were 

calculated via the power-integral method. This proposed SOE 

determination approach took thorough consideration on all the 

influencing factors on the discharging performance and further 

the online SOE of batteries. With the help of (1) and the 

database in the analytical model, the proposed model was 

capable of achieving high-fidelity SOE estimation under 

varying operational condition and SOH levels.  

The overall workflow of the proposed model was illustrated 

in Fig. 3. First of all, based on the model parameter ext raction 

approach proposed in this study, the OCV-SOC characteristics 

and model parameters o f the battery such as Ri, Rf, Cf, Rs, and Cs 

at each I, T, SOC and  SOH were extracted offline in  the 

laboratory and mult idimensional look-up tables for each battery 

parameters were set up accordingly. Details of advocated 

methodology would be given in the next section. Meanwhile, 

multid imensional look-up tables for RAE and MAE with 

respect to each of the influencing factors were built offline as 

well. When the online SOC and SOH of the battery were 

identified through our online SOC and SOH co-estimators, and 

the operating conditions were collected by the testers, they 

were all input into the proposed battery model. Additionally, 

the online SOC was obtained via coulomb counting method 

during battery operations. The online values of the model 

parameters, RAE and MAE of the battery would be 

simultaneously available  via the interpolations in the 

implemented look-up tables, thus the online voltage responses, 

SOE, and runtime of the batteries would be immediately  

attainable. This proposed generic modeling method was 

concise but useful since it allowed accurate online prediction of 

battery performance using data gleaned from the laboratory- 

scale tests. 

IV. MODEL EXTRACTION 

In this section, the model extract ion procedures were 

elaborated. The battery parameters were obtained at 5 ambient 

temperature, 5 ºC, 15 ºC, 25 ºC and 35 ºC and 45 ºC. 

Meanwhile, the selected SOHs were 100%, 95%, 90%, and 

85%, in correspondence to battery capacity of 20.0 Ah, 19.1 

Ah, 18.1 Ah and 17.0 Ah. 

Let us first look at  the analytical battery model. MAE 

look-up table was determined by depleting a fully charged 

battery (charged via the rated CC-CV approach as specified  in  

TABLE I 
BASIC PARAMETERS FOR THE LTO BATTERIES USED FOR TESTS 

Battery Parameter Characteristics 

Nominal capacity 20.0 Ah 
Nominal voltage 2.3 V 
Charge condition CC-CV 2.7 V 20.0 A, 1.0 A cut -off 

Discharge condition CC 6.67A, 1.5 V cut-off  
Operating temperature 
 

-30 ~ 55 °C 

 

 
Fig. 2.  Proposed battery model. 

  

 
Fig. 1.  Test bench schematic. 

 
  

 
 

Fig. 3.  Proposed model w orkflow. 
 

  



Table I) at 0.33 C, 0.5 C, 1.0 C, 1.5 C, 2.0 C, 2.5 C, 3.0 C, 3.5 C, 

4.0 C, 4.5 C and 5.0 C, separately.  The look-up table for RAE 

was acquired in an analogous way and the corresponding initial 

SOCs were of 5%, 10%, 20%, 30%, 40%, 50%, 55%, 60%, 

70%, 80%, 90%, and 95%, separately (the in itial SOC were 

obtained by discharging fully charged batteries at 0.33 C for an 

associated period according to SOH, as stipulated by the battery 

manual). After the values of battery MAE and RAE with 

respect to each of the influencing factors were extracted, the 

analytical model was built accordingly. 

Furthermore in this paper, a novel parameter extraction  

method and procedure for the electrical circuit model were 

specified. 

A. Proposed Parameter Extraction Method 

A PC/PD test conducted on a fresh battery cell at 1 C and 25 

ºC was demonstrated to exemplify the proposed method. The 

cell was first relaxed in the temperature chamber for 4 hours to 

reach equilibrium before fully d ischarged at 0.33 C. The cell 

was relaxed  for 2 hours and was fully charged in the rated 

manner, and then completely depleted at 0.33 C after a 2-hour 

rest. The first cycle ascertained the actual capacity and the SOH 

of the battery cell. The cell was again fu lly charged and the 

PC/PD tests began. 

 Constant current (CC) PC (I > 0) of 3.0 C with duration of 

10 s and sampling time 0.02 s. A steep voltage increase was 

observed. Ri of the charge direction was calculated using the 

step voltage increment. 

 5 min relax period between the PC and PD tests. 

 CC PD (I<0) of 3.0 C with 10 s duration and sampling time 

0.02 s. An abrupt voltage fall appeared as anticipated. Ri of 

the discharge phase was calculated by  the step voltage 

decrement. 

 5 min rest after pulse injections. 

 72 s CC discharge with 1.0 C to reduce the SOC by 2% 

(within SOC ranges of 90%-100% and 0%-10%), or 180 s 

galvanostatic discharge at 1.0 C to reduce the SOC by 5% 

(for the 10%-90% SOC range). The data was sampled at 1.0 

s. 

 The cell was rested for 2 hours after each load to reach 

equilibrium before the next test began. During these 

intervals, the current was zero  and the SOC was a constant 

value. The data was sampled at the highest time resolution 

of 1.0 ms as it was used for calculation o f the transient 

impedance parameters and the data quality needed to be 

good for high precision.  

The pulse characterization tests were cycled until the cell 

voltage reached 1.5 V. The processes were then repeated in the 

charge direction. Fig. 4 showed the V-I trajectory of the cell 

under the tests. The same test profile was repeated for 0.5 C, 2.0 

C, 3.0 C and 4.0 C SOC reduction and increment 

characterizat ion on cells with the other 3 SOHs and other 4 

ambient temperatures. For all the tests, the current rate of PC 

and PD tests were kept at 3.0 C, and the parameters of the ECM 

at each operating condition were extracted from the respective 

pulse test characterization results. 

B. Extraction of Internal Resistance 

A magnified V-I plot with relaxat ion phase from Fig. 4 was 

shown in Fig. 5 to elaborate the advocated method for 

parameter calcu lation. Init ially, the cell was in  equilibrium at 

SOCA. The 3.0 C PC was in jected for 10.0 s, which increased 

the cell SOC by: 
60.0 𝐴 × 10 𝑠

3600 𝑠/ℎ × 20.0𝐴ℎ
× 100% = 0.833% 

thus, the SOC of the cell was at SOCA + 0.833% after the PC 

injection. Th is subtle SOC change had to be accounted for 

when calculating Ri values at pulse injections so that the correct 

Ri values at the relevant SOCs could be obtained. When the cell 

was injected with the 3.0 C PD with a duration of 10.0 s, the 

SOC of the cell reverted back to SOCA. This was followed by a 

1.0 C CC d ischarge, after which the cell was in relaxation state 

at SOCB, as illustrated in Fig. 5. Ri values were calculated and 

benchmarked  from the instantaneous voltage drop and rise 

during the pulse tests as well as the switch on and off phases of 

each 3.0 C PC/PD test in the course of both charge and 

directions. Ri was determined by: 

𝑅𝑖 =
𝑉0−𝑉1

𝐼
                                        (2) 

where V0 was the cell voltage at the start of the pulse inject ion at 

tpe, and V1 was the voltage 1 s after at time t0, when the pulse 

current had reached zero, as shown in Fig. 5. I was the injected 

current rate, positive for charge and negative for discharge. Ri 

was also calculated in the SOC reduction and increment phases 

of 0.5 C, 1.0 C, 2.0 C, 3.0 C, and 4.0 C at various SOHs and 

temperatures. The results would be presented and discussed in 

Section V. 

C. Extraction of Impedance Parameters 

It was more appropriate to calculate the values of the 

impedance parameters from the relaxat ion phases of the cell 

where the SOC was constant and the load current was zero. In  

the proposed model, the voltage relaxation offset, Uoffset was 

introduced to encapsulate and better describe the long-term 

voltage relaxation characteristic, in addit ion to the fast and slow 

dynamic voltage elements. The proposed time window 

divisions of the relaxation period were shown in Fig. 5: t0 was 

the starting time of the relaxation period, which was the same as 

the starting time fo r the fast dynamic, tfs. Uf denoted the voltage 

of the fast dynamic. tfe was the ending time of the fast dynamic, 

 
Fig. 4.  Voltage and current profile. 

  

 
Fig. 5. Zoomed V-I profile during PC and PD tests. 

  



where Uf decayed to the vicinity of zero. tss was at the same 

point with tfe, and it was the time when the slow dynamic began 

to dominate. Us indicated the voltage of the slow dynamic. tse 

was the time when Us had approached zero, after which t ime 

epoch the transient voltage only consisted of Uoffset. The end of 

the relaxat ion period was marked by tend, which was basically  

2-hour later of t0 and right before the next pulse current 

injection. Ui was the ohmic over-potential due to Ri, therefore: 

𝑈𝑖 (𝑡) = 𝐼(𝑡) 𝑅𝑖                                    (3) 

The terminal voltage of a loaded cell was represented by: 

𝑈𝑇
(𝑡) = 𝑂𝐶𝑉 + 𝑈𝑓

(𝑡) + 𝑈𝑠
(𝑡) + 𝑈𝑖(𝑡)                 (4) 

When the battery was switched from loaded to relaxed 

condition, the load current became zero and Ui disappeared 

immediately. The battery did not reach equilib rium at once 

because the internal electrochemical reactions took some time 

to decay. The battery terminal voltage during relaxation period 

tfs – tfe became: 

𝑈𝑇
(𝑡) = 𝑂𝐶𝑉 + 𝑈𝑓

(𝑡) + 𝑈𝑠
(𝑡) + 𝑈𝑜𝑓𝑓𝑠𝑒𝑡 (𝑡)             (5) 

Similarly, in the time of tss – tse, Uf had decayed into the vicinity 

of zero  thus could be ignored, and the battery terminal voltage 

was: 

𝑈𝑇
(𝑡) = 𝑂𝐶𝑉 + 𝑈𝑠

(𝑡) + 𝑈𝑜𝑓𝑓𝑠𝑒𝑡 (𝑡)                   (6) 

When Us approached zero during tse – tend, UT equaled to: 

𝑈𝑇
(𝑡) = 𝑂𝐶𝑉 + 𝑈𝑜𝑓𝑓𝑠𝑒𝑡 (𝑡)                         (7) 

Finally, in fully equilibrium state after tend, UT equaled to OCV: 

𝑈𝑇
(𝑡) = 𝑂𝐶𝑉                                     (8) 

Fig. 6 was re-p lotted from Fig. 5 with various voltage 

elements. Uoffset(t) was the voltage difference from tse to tend, and 

its maximum value was around 8 to 15 mV in a t ime frame of 1 

to 2 hours empirically.  This subtle voltage change after 

1.0-hour relaxation time was usually not paid with enough 

attention in the literature [26-30]. In  this study, Uoffset was 

introduced and modeled as an addit ive linear function of 

relaxation time beyond tse by choosing τf and τs appropriately. 

This would increase the model accuracy but keep the additional 

increase of the computational complexity to a minimal level.  

Uoffset(t) was then calculated from the voltage difference 

between tse and tend in the general form as: 

𝑈𝑜𝑓𝑓𝑠𝑒𝑡
(𝑡) =

𝑅𝑒𝑙𝑎𝑥𝑎𝑡𝑖𝑜𝑛   𝑂𝑓𝑓𝑠𝑒𝑡

𝑡𝑒𝑛𝑑−𝑡𝑠𝑒
 × 𝑡, for tse ≤ t ≤ tend      (9) 

In this study, we presented a novel method to separate Uf, Us, 

and Uoffset. Fig. 7 showed the typical transient voltage responses 

within the idle period after pulse charging. Uf was illustrated in 

green color, and Us and Uoffset in red and black, separately. The 

blue curve delineated the values of the battery terminal voltage 

subtracting the OCV, UT – OCV , which was actually the 

transient voltage. Based on the foregoing discussions, the 

transient voltage was cast up by Uf, Us and Uoffset. However, 

these 3 components were not existed all concurrently 

throughout the whole id le period. In  order to  separate Uf, Us and 

Uoffset, the derivative of the transient voltage with respect to the 

elapsed time was calcu lated for the entire  id le period, as 

illustrated in Fig. 8. Df, Ds and Doffset were the derivation of Uf, 

Us and Uoffset, respectively. Since Uoffset was modeled as a linear 

expression in this study, Doffset was a constant. The time epoch 

of tse was identified during the latter part of the 2-hour idle 

period empirically (approximately between 50-80 minutes), 

when the evolution of the voltage derivation was larger than 0.1 

mV•(s•min)
-1

 (i.e ., when the voltage derivative was larger than 

4 mV• s
-1

 compared to that at time tend), therefore, the average 

of the voltage derivation between  tse and tend was assigned as 

Doffset. After subtracting Doffset from the derivation of the 

transient voltage, the remaining parts from tfs to tse was 

composed of two exponential functions, Ds and Df, but Df 

dropped into the vicinity of zero at a time epoch between tfs and 

tse. A short period closely before tse (typically 10-15 minutes) 

was chosen for curve fitting to identify Ds and to determine tss 

and tfe, then Df was obtained by subtracting Ds and Doffset from 

the derivation of the transient voltage. Through this advocated 

approach, the value of Ds, Df, Doffset, and the time epochs of tfe, 

tss (tfe), and tse could be determined. Furthermore, in light of that 

Uf and Us were both in exponential form, the time constants of 

the fast and slow dynamics, τf and τs, could also be identified. 

Because the fast and slow dynamics were both modeled  as RC 

combinations, the following expressions could be stated: 

𝑈𝑠 (𝑡) = 𝑈𝑠(𝑡𝑠𝑠 ) × 𝑒
−

𝑡−𝑡𝑠𝑠
𝜏𝑠                            (10) 

𝑈𝑠 (𝑡) = 𝑈𝑠(𝑡0) × 𝑒
−

𝑡−𝑡0
𝜏𝑠                             (11) 

where Us(tss) and Us(t0) were the voltage of the slow dynamic at 

time tss and t0, separately. By substituting 

Us(tss)=UT(tss)-OCV(tss)-Uoffset(tss), the value of Us(t0) was given 

as: 

𝑈𝑠
(𝑡0

) = [𝑈𝑇
(𝑡𝑠𝑠

) − 𝑂𝐶𝑉(𝑡𝑠𝑠
) − 𝑈𝑜𝑓𝑓𝑠𝑒𝑡 (𝑡0)] × 𝑒

−
𝑡0−𝑡𝑠𝑠

𝜏𝑠  (12) 

Thus Uf(t0) could be calculated as: 

𝑈𝑓
(𝑡0

) = 𝑈𝑇
(𝑡0

) − 𝑂𝐶𝑉(𝑡0
) − 𝑈𝑠

(𝑡0
) − 𝑈𝑜𝑓𝑓𝑠𝑒𝑡 (𝑡0)   (13) 

where Us(t0) and Uf(t0) were the values of the slow and fast 

dynamic voltage elements at time t0, when the load current had 

fallen to zero and the voltage transient processes took place. 

Mathematical expressions of Uf(t) and Us(t) could be drawn as: 

𝑈𝑓
(𝑡) = 𝑈𝑓

(𝑡0
) × 𝑒

−
𝑡−𝑡0

𝜏𝑓 , for t0 ≤ t ≤ tfe             (14) 

𝑈𝑠 (𝑡) = 𝑈𝑠(𝑡0) × 𝑒
−

𝑡−𝑡0
𝜏𝑠 , for t0 ≤ t ≤ tse             (15) 

Since tpe was only  1.0 s before the t ime of t0, we could assume 

that the expression in (14) and (15) were also applicable at tpe 

when the load current just started to fall. Therefore, the value of 

impedance parameters Rf, Rs, Cf, and Cs could be calculated as: 

 
 

Fig. 6. Pulse profile w ith various voltage component. 

  

 
 

Fig.7. Voltage elements during 

battery relaxation period. 
 

 
 

  

 
 

Fig.8. Derivation of the transient 
voltage UT - OCV. 

 



𝑅𝑛 =
𝑈𝑛(𝑡𝑝𝑒)

𝐼(𝑡𝑝𝑒)
                                      (16) 

𝐶𝑛 =
𝜏𝑛

𝑅𝑛
                                          (17) 

where n  = f or s. With the help  of the proposed method, the 

parameters of the 2
nd

 RC circuit model at each SOH, T and I 

could be identified. The parameters ext raction results of the 

ECM and the discussions were detailed in Section V. 

D. Innovation and Enhancement of Proposed Method 

In this study, we advocated a novel parameter identification  

method for the 2
nd

 RC ECM, as a modificat ion to the method in 

[28] in order for realizing more thorough and precise parameter 

extraction results. In specific, there were 4 aspects of 

innovation and enhancements compared to the previous 

methods. Firstly, when complying with the method proposed in 

[28], we init ially encountered difficult ies in selecting the time 

windows according to the length of the id le period between 

current pulses and the partitioning requirements stipulated in 

[28] that, the starting time for the slow time window should be 

later than three times of the fast time constant [28]. The short 

idle period of 5-60 minutes stipulated in [28] restricted the 

process when we tried to identify the time windows following 

the instruction. As a result, in  this study, we turned to select two  

adjacent time windows to extract the ECM parameters more 

intuitively. In supplement, due to the fact that there was still 

some voltage variation after 1 hour’s rest in the idle period, the 

interval of the rest time between current pulses was advocated 

to be 2 hours, instead of the short idle t ime of 5-60 minutes. 

This prolonged rest time guaranteed the battery to completely  

reach equilibrium thus the entire transient voltage could be 

captured, and the accuracy was improved. Secondly, the subtle 

transient voltage variation after the fast and slow dynamics was 

ignored [26-28], or considered as another RC branch [17], or as 

electrochemical elements [30-32] in the literature, which either 

caused the defects on precision or being too complicated. We 

introduced a linear voltage elements Uoffset to represent the 

subtle transient voltage change after the fast and slow dynamics 

to rectify this drawback. Thirdly, the pulse test profile was 

optimized, and Ri values were calculated at  a higher resolution 

from more SOCs in both charge and directions and switch 

on/off phases. Furthermore, in (22) of [28], Rf and Rs were 

calculated by the V-I values of t ime t0. Nevertheless, both [28] 

and our work defined t0 as the time when the pulse current had 

fallen to zero, so it was inappropriate to calculate Rf and Rs at t0. 

In this work, we advocated (16) and (17) for Rf and Rs through 

the V-I values at tpe instead, when the pulse current just began to 

fall. Last but not least, the influences on battery behaviors of 

temperature, current rate and direction, and ageing levels were 

involved in the model. This proposed approach had good 

generality and were highly versatile to simulate any cell 

materials without deep insights into the chemistry itself. In  

conclusion, the proposed method was capable of improving the 

model accuracy and offering a good trade-off between the 

model accuracy and computational burden. 

V. PARAMETER EXTRACTION RESULTS 

A. OCV-SOC Characteristics 

The batteries used in this study had hysteresis of no more than 

2 mV [31-33] and were cycled regularly, thus hysteresis and 

self-discharge were ignored without any noticeable effects on 

model accuracy. The OCV-SOC characteristics were extracted 

at various T and SOH, and the OCV-SOC curves of the fresh 

cell (20.0 Ah) and the most aged cell (17.0 Ah) under 5 ºC, 25 

ºC, and 45 ºC were illustrated in Fig. 9 for clarity. The curves 

were identified via the rapid method presented in [27] and the 

markers were acquired by measuring the battery voltage after 2 

hours’ relaxation. Fig. 9 revealed that higher T resulted in a 

wider OCV range. Additionally, OCV of the same SOC was 

lower as battery aged, and more OCV decrements were 

observed when SOC was larger than 40%. 

B. Analytical Model Extraction Results 

The analytical model ext raction results were illustrated and 

discussed in this part. Fig. 10(a) depicted the MAE dependence 

on I and T. At same T, MAE decreased with increasing I. For 

instance, at 5 ºC, MAE dropped from 41.26 Wh to 38.12 Wh 

when I changed from 0.33 C to 3.0 C. Meanwhile, MAE 

exhibited an increasing tendency with rising T. Fig. 10(b) 

showed the MAE trajectory with SOH: when 0.33 C and 25 ºC 

were chosen, MAE was 46.59 Wh for fresh cell, and 44.78 Wh, 

42.1 Wh and 37.9 Wh for each aged cell, respectively. In  

addition, the monotonic decreasing trend of I on MAE was also 

discovered, albeit at different SOHs. Summary could be drawn 

that MAE was greatly affected by T, I and SOH. 

The only distinction of RAE from MAE was that the initial  

SOC was not 100%, hence it was plausible to speculate that 

RAE conformed to the similar dependence trend of MAE on T 

and SOH. Fig. 11 illustrated a 3-D representation of RAE 

variation on init ial SOC and I of a fresh cell at 25 ºC. The red  

dots and the yellow squares represented the RAE values at 

various I from 100% and 40% init ial SOC, respectively. The 

values were listed in Table II and the ratio  of the two sets of 

RAE at same I was also obtained. It could be extrapolated that 

the larger was the current, the lower was the ratio; thusly, 

summary was that at the same SOC, SOE varied when I was 

changed, which corroborated the deficiencies of the models in  

[15-17] where SOC-SOE linear relations were built. The 

analogous 3-D RAE representations for other T and SOHs were 

also set up. With the comprehensive involvement the 

influences of I, T, init ial SOC, SOH on battery MAE and RAE 

into the database, the proposed model could realize 

high-fidelity SOE estimat ion against varying load and battery 

ageing conditions. 

The inevitable energy loss of the battery due to the dynamic  

loads could be the results of either reversib le or irreversible 

energy loss. Our previous study proved that there was net 

energy loss of batteries ascribed to large discharge current and 

it was irreversible unless the battery was fully re-charged. On  

the other hand, the reversible energy loss was due to the rate 

energy effects and recovery effects [30, 33]. However, in this 

study, the irreversible and reversible energy loss were not 

discussed, and we only considered the battery RAE and MAE 

when discharged under a designated load condition. Future 

study would explore  more about the energy loss and took the 

idle t ime into consideration to track the recovery rate of the 

batteries under dynamic load conditions. 



C. Electrical Circuit Model Extraction Results 

As mentioned above, Ri values were calculated from the 

switch on and off phases of the 3.0 C PC/PD tests during both 

charge and discharge situations. Ri values were also calculated 

at the SOC decrement and increment steps with current rate of 

0.5 C, 1.0 C, 2.0 C, 3.0 C, and 4.0 C under each T and SOH. Fig. 

12 showed the Ri values of a fresh cell at 25 ºC calcu lated from 

various ways. It could be clearly observed that Ri exhibited a 

nearly constant value of 10 mΩ within 10-90% SOC range, 

regardless of the load current rate, switch on/off phases, and 

charge/discharge situations. Meanwhile, there were abrupt 

increases in Ri values when SOC approached both 0% and 

100%. The simplified plotting of the variation of Ri values on T 

and SOH were shown in Fig. 13. Basically, Ri values increased 

when the temperature was lower and battery ageing was more 

severe. Conclusion could be derived that: Ri values were almost 

irrespective of current rate and direct ion and switch on/off 

phases, but depended on SOC, T, as well as SOH. 

The values of the impedance parameters of the ECM at 25 ºC 

under both discharge and charge regimes with d ifferent current 

rates were shown in Fig. 14-15. In specific, the battery 

parameters under discharge denoted the impedance parameters 

obtained after a discharging event with SOC reduction, while 

vice versa for the parameters under charging. It could be seen 

that the parameters under charge and discharge regimes were 

not equal to each other and they varied with different SOCs and 

load current rate. For the discharge regimes, the battery voltage 

drop was more p rominent at low SOCs when the cell was 

almost depleted due to the build-up of concentration gradient, 

and Rf and Rs became very large due to the slow mass transport 

and diffusion limitations. In the course of charging events, both 

Rf and Rs generally increased with the increasing SOC. 

Meanwhile, Rf and Rs values dropped with increasing current 

rate, and the values of Rf was slightly larger than that of Rs. As 

to Cf and Cs, their values were direct ly related to the current rate 

and direction. For both charge and discharge regimes, the 

values of Cf and Cs were larger with higher current rate. 

Moreover, Fig. 16 illustrated the impedance parameter  

values of a fresh cell under 1.0 C discharge regime at different 

T, and the impedance parameter values of 3 aged cells at 1.0 C 

discharge and 25 ºC were plotted in Fig. 17. A downward trend 

with temperature of Rf and Rs values could be observed, while 

Cf and Cs generally  increased with the rising temperature, and it  

was more obvious for the values of Cf than that of Cs. From Fig. 

17, it could be concluded that SOH exhibited severely adverse 

effects on the values of the impedance parameters. As the 

battery aged progressively, Rf and Rs increased on the whole, 

and the dependence on SOC was more pronounced. 

Additionally, values of Cf and Cs varied dramat ically with SOH 

in an overall positive relationship. 

With the extraction of the parameters of both the analytical 

model and the electrical model, the proposed hybrid battery 

model was built in Matlab/Simulink, and the model validation 

tests began. 

VI. MODEL VALIDATION AND DISCUSSION 

A. Verification of the Terminal Voltage Prediction 

To validate the terminal voltage predict ion results of the 

proposed model, a  battery cell with an arbitrary  capacity of 18.7 

 
 

Fig.9. OCV-SOC relation w ith temperature and ageing effects. 
 

  

 
 

Fig.10. MAE dependence on I at various (a) T, and (b) SOH. 
 

 
 

Fig.11. 3-D representation of RAE variations w ith initial SOC and I. 
 

TABLE II 
RATIO OF THE RAE VALUES AT 40% WITH THAT OF 100% INITIAL SOC AT 

VARIOUS LOAD CURRENT (100% SOH, 25 ºC) 

I 0.33C 1.0 C 2.0 C 3.0 C 4.0 C 4.5 C 5.0 C 

40% 18.6 17.2 16.8 16.1 15.7 15.2 14.4 

100% 46.6 45.5 44.8 44.3 43.8 43.3 43.0 

Ratio 40% 38.8% 37.5% 36.3% 35.8% 35.1% 33.4% 

 

 
 

Fig.12. Ri values of a fresh cell at 25 ºC from different approaches. 

 

 
 

Fig.13. Ri values variation w ith (a) T and (b) SOH. 
 



Ah (commensurate with 93.5% SOH) was fully charged and 

tested at the load profile shown in Fig. 18 until depleted. The 

temperature plotting in Fig. 19 was input into the temperature 

chamber to create varying ambient temperature situations. The 

simulated voltage results were compared with the voltage 

measurement from the tester and the results were shown in Fig. 

20, where the red line was the simulated voltage and the green 

line represented the measured one. A close agreement between 

the two curves could be observed, and the maximum 

discrepancy was found at the end of discharge when the cell 

was nearly depleted (0-10% SOC), where the maximum 

absolute percentage error (MAPE) was 0.17% and the root 

mean  square percentage error (RMSPE) was 0.23%. In the SOC 

range from 95% to 10%, MPE was approximately 0.09% and 

RMSPE was confined within 0.15%. The breakdown of the 

simulated voltage results with different elements was shown in 

Fig. 21. The SOC was around 84%. Ui was present during both 

the charge and discharge events and it was almost constant 

because Ri varied minimally with SOC and current rate 

variations. Information could  be obtained that, Uf decreased to 

zero  in  the course of the relaxat ion period within  a time frame 

of about 350 s. Us decayed more slowly in about 2600 s. Uoffset 

(about 11 mV), which was modeled as a linear function in the 

proposed model, decayed much more slowly  and vanished in 

about 1.7 hours. 

In the practical smart grid applications, the load was 

strenuously vibrating and unpredictable. A typical current 

profile was gleaned from the island smart grid and shown in 

Fig. 22. The cell for testing was loaded under this highly  

dynamic current profile from 50% initial SOC for 30 hours to 

verify the voltage pred iction of the proposed model. The 

comparison of the measured voltage with the simulated one was 

shown in Fig. 23, where the red  curve represented the simulated 

voltage and the blue curve indicated the measured one. It could 

be observed from Fig. 22 that the simulated voltage results 

superimposed very well with the measurements, with the 

MAPE (found at the 8.5
th

 hour when the online SOC was 

approximately 12%) less than 2% and the RMSPE of 1.2%. 

In the smart grid applications, Li-ion batteries would  

scarcely be operated below 10% SOC, thus the voltage 

disparities in this region was of trivial significance. Some 

BMSs were programmed to discharge the battery no lower than 

10% SOC to extend the lifespan of batteries. Even though a 

battery was discharged below 10% SOC, the errors were 

acceptably small. Therefore, the proposed model was 

competent to predict the terminal voltage responses of the 

battery sufficiently under varying load conditions considering 

temperature and battery ageing effects. 

 
 

Fig.14. Impedance parameter variations w ith I under discharge. 
 

 
 

Fig.15. Impedance parameter variations w ith I under charge. 

 

 
 

Fig.16. Impedance parameter variations w ith T under discharge. 

 

 
Fig. 18. Pow er profile of the load. 

 
 

  

 
Fig. 19. Temperature profile. 

 
 

  

 
 

Fig. 20. Comparison of the measured and simulated voltage results. 

 

 
 

Fig.17. Impedance parameter variations w ith SOH under discharge. 
 

 



B. Verification of Battery SOE and Runtime Estimation 

In this part, the estimated SOE results of the proposed model 

were compared with the actual ones. However, to date there 

was no direct approach for online SOE determination. In the 

literature, researchers used the power integral method [4] or the 

Kalman filter [14] to obtain SOE values and declared them to 

be the actual ones. It was worth noting that SOE results 

obtained from any algorithms had errors more or less; thus, in 

this work, the actual SOE values were obtained through brute 

force according to the determining equation in (1). After the 

SOE estimat ion validating tests were finished, the same battery 

cell was again loaded at the test profile from the same init ial 

SOC and ambient temperature. The tests were cut  off 

discontinuously in a desired time interval of 5 to 15 minutes 

typically, and the cell was then relaxed for 2 hours before fu lly  

discharged at the same current rate before it was manually cut 

off from the validation test load profile. The dischargeable 

energy of the cell was the accurate value of the RAE at this 

point. In supplement, the MAE of the cell was extracted by 

interpolating the MAE look-up tables in the proposed model 

according to the online load current rate, temperature and SOH, 

since MAE was irrespective of the online SOC of the cell. With 

the values of online RAE and MAE, the actual SOE of the cell 

was identified through (1). Via this approach, the actual SOE of 

the cell was obtained one by one at each desired time epochs. 

This method was a little bit  time-consuming, but the results 

were almost 100% accurate. 

The SOE estimat ion results of the testing cell at 0.33 C 

constant current load and temperature profile in Fig. 19 was 

shown in Fig. 24, where the red  line represented the estimated 

SOE, and the blue dots were the actual SOE values. The MAPE 

and RMSPE of the estimation results were 2% and 1.1%, and 

the runtime error was within  1%, revealing that the proposed 

model performed very  well under constant load and dynamic  

temperature conditions. 

In Fig.  25, SOE estimation results under the pulse current 

load profile of Fig. 18 and temperature profile in Fig. 19 were 

compared with the actual ones. The in itial SOE was 80%. The 

estimated SOE trajectory was shown in red curve, and the 

actual SOEs were plotted in  blue. During the 1-hour test, good 

superimposition of the estimated SOE with the actual one could 

be observed, and the MAPE and RMSPE were 3.2% and 2.1%, 

respectively. 

Additionally, in order to simulate the practical battery 

operation in smart grid, the model and the testing cell were both 

loaded at the current profile in Fig. 22 for 5 hours. The init ial 

SOE was 58% and the temperature profile in Fig. 19 was 

repetitively loaded. Fig. 26 showed the comparison results of 

the SOE estimation results with the actual ones, and the V-I 

characteristic of the testing cell was also illustrated on the top 

right corner in Fig. 26. The actual SOE was delineated by red 

dots, and the estimated SOE was drawn in the green curve. In 

order to demonstrate the outperformed results for SOE 

estimation of the proposed model, the SOE estimat ion results 

by the model in [35] were also plotted in Fig. 26 in blue. 

According to Fig. 26, from 0-1.5 h when the load current was 

moderate (within ±1.0 C), both the SOE estimation could 

achieve acceptable results, and our proposed model performed  

slightly better than the model in [35]. From 1.5-5 h  when the 

cell was discharged at current rate of as large as 3.0 C, the 

estimated SOE from the model in [35] deviated seriously from 

the actual one, while the SOE estimat ion of the proposed model 

was much closer to the actual one. Specifically, the MAPE and 

 
Fig.21. Voltage elements of the 
simulated voltage values. 

 
 

  

 
 

Fig.24. Actual and estimated SOE 
results under constant I. 

 

 
  

 
 

Fig. 22. Dynamic load current profile from the smart grid. 
 

 
 

Fig. 23. Comparison results of the measured and simulated voltage. 

 

 
 

Fig. 26. Actual and estimated SOE results of the proposed model and 
the model presented in [35] under load profile in Fig. 22&19. 

 

 
 

Fig. 25. Actual and estimated SOE under load profile in Fig. 18&19. 

 



RMSPE of the proposed model were 9.2% and 4.7%, while 

those of the model in [35] were 26% and 10.9%, respectively. 

The test results denoted that the proposed model achieved a 

significant improvement over the previous model for 

estimating SOE, and it  was capable of predict ing the SOE and 

runtime of an arbitrary aged cell under dynamic load and 

temperature conditions with h igh fidelity and reliability. 

Compared to  the model in [35], the electrochemical reactions in  

the battery at various operating conditions and especially the 

ageing levels were involved into the proposed model by 

accurately addressing the model parameter values with higher 

resolution. The set-up of the comprehensive look-up tables for 

OCV-SOC relations, model parameters, and energy terms with 

respect to almost all the operational factors of the battery 

guaranteed the superior performance of the proposed model for 

online SOE and voltage prediction of the Li-ion battery. 

VII.  CONCLUSION 

Different from the SOC, SOE represents the direct 

description of the residual availab le energy state of the battery, 

which is pivotal for the energy management and optimizat ion in  

the smart grid applicat ions. To predict the SOE, runtime, and 

the terminal voltage of the battery accurately, the battery 

behaviors under varying loads considering temperature and 

ageing effects are systematically  analyzed  and a comprehensive 

battery model is built accordingly. In specific, the key 

contributions of this work are summarized as: (1) a novel 

method to ext ract the parameters of the electrical model is 

proposed and it is capable of identifying the parameters with 

outperformed fidelity and acceptable computational burden; (2) 

the effects of the initial SOC, load current rate/direction, 

ambient temperature and the ageing level on the discharging 

performance of Li-ion batteries are investigated systematically  

and involved into the proposed model; and (3) test results on 

commercial Li-ion batteries validated the robustness and 

effectiveness of the proposed battery model against varying 

load, temperature and battery ageing influences, comparing to 

that most models in the literature were only  verified  on fresh 

cells under moderate loads and from fully charged states. The 

experimental results validated the efficacy of the proposed 

model with voltage prediction error less than 2%, SOE error no 

more than 4.7%, and runtime error within 1% under dynamic 

load conditions at an arbitrary ageing level. Last but not least, 

the proposed model is based on Matlab/Simulink and 

computationally light, thus it has the potential to be 

implemented in  the BMSs of the ESSs in the s mart g rids 

applications. Following our previous studies on the online SOC 

and SOH co-evaluation of Li-ion batteries, this work provides a 

holistic understanding on the discharging behavior, terminal 

voltage and online SOE variation of Li-ion batteries explo ited 

as ESSs in smart grids.  

Future work will focus on the investigation of the irreversible 

and reversible energy loss of Li-ion batteries due to load 

variations, and the development of the energy loss  and recovery 

rate of the battery with the consideration on idle time. 
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