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A B S T R A C T  
 

Accurate lifetime prediction of lithium-ion batteries is a great challenge for the researchers and 
engineers involved in battery applications in electric vehicles and satellites.  In this study, a semi-
empirical model is introduced to predict the capacity loss of lithium-ion batteries as a function of charge 
and discharge cycles, operational time, and temperature. The model parameters are obtained by 
minimizing the prediction errors of experimental capacity loss for each charge/discharge cycle at 25 oC, 
35 oC, and 45 oC.The optimum values of the model parameters are obtained using genetic algorithm, 
one of the optimization tools in Matlab software. The model accurately predicts the capacity loss of 
lithium-ion battery for more charge and discharge cycles at 25 °C with an average error of 4 %. The 
mentioned cycles are used only to validate the prediction. 

1. INTRODUCTION1 

The lithium-ion battery (LIB) is the main option to store 
electrical energy due to their high energy density, long cycle 
life, wide operating temperature, and environmental suitability 
[1, 2]. Batteries with such advantages amongst other types are 
used in cell phones, laptops, electrical vehicles, 
telecommunication systems, and satellites [3, 4]. Battery 
lifetime is an important issue regarding practical utilization of 
LIBs [5, 6]. Accurate prediction of the useful lifetime avoids 
LIBs malfunctioning and failures and ensures the stability and 
safety of the developed system [7]. Generally, lifetime 
prediction methods for industrial LIBs improve the reliability 
of system design. For example, an accurate lifetime prediction 
model decreases the system cost by minimizing the allowed 
capacity of the installed battery instead of requiring a large 
safety margin [8]. In a spacecraft, LIB is one of the most 
important sub-systems in that its accurate lifetime prediction 
helps realize the maintenance schedule and provides a failure 
warning before reaching critical levels. In particular, for those 
low-cost and long-life space applications or instant launching 
missions, an above-ground decay or lifetime test is not 
permitted. Therefore, capacity fade modeling and lifetime 
prediction of LIB have drawn much attention in reliability 
engineering [9]. 
   In the case of developing an LIB with a long cycle life, 
product verification requires considerable time, which may 
exceed the total scheduled time of battery development.  
Hence, with an accurate model of lifetime prediction, the 
battery verification can be done and developed accurately 
based on the limited number of experiments. 
   LIBs lifetime prediction models are classified into three 
categories: empirical models, mechanistic models, and semi-
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empirical models. Empirical models are relatively easy to use; 
however, they do not describe the details of the physical 
processes that occur in the system (such as adsorption, 
diffusion, and migration) [9, 10]. Furthermore, these fully 
empirical data fitting are precise only in cases where 
numerous experiments have been performed [11, 12]. 
   Mechanistic models for lifetime prediction are generally 
obtained by physical degradation models describing 
electrochemical reactions in LIB. These models usually 
include a lot of parameters to properly indicate complex 
failure mechanisms. In addition, parameters are not constant 
under different operating conditions of LIB, which make it 
more difficult to determine the parameters of the mechanistic 
models [13, 14]. These challenges result in remarkable 
deviations regarding the precision of lifetime prediction. 
However, the semi-empirical models are relatively easy to 
develop and have a certain physical concept. In fact, semi-
empirical models are considered to be intermediates between 
completely empirical and mechanistic models for LIB lifetime 
prediction [15]. 
   Minghui Hu et al. [16] proposed a model for rapid 
determination of battery lifetime. The model is arranged to 
predict battery capacity using Arrhenius formula, temperature 
accelerated stress, and charge/discharge current accelerated 
stress. They obtained a fitted model to estimate the rate of 
battery capacity fade as a function of battery charge/discharge 
cycle numbers. Their model predicted the battery lifetime with 
a relative error of 40 %. 
   Yapeng Zhou et al. [17] found a linear correlation between 
mean voltage falloff and LIB capacity. They presented a new 
index of LIB degradation modeling and predicted the LIB 
useful life based on the mean voltage falloff with a relative 
error of 9 %. 
   Zarei-Jelyani et al. [10] proposed a model considering 
Arrhenius law for temperature and square root function for 
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cycle number dependencies, as the effective factors in lifetime 
prediction of LIBs. The relative error of the proposed model is 
20 % at 25 oC. 
   Zarei-Jelyani et al. [7] proposed a semi empirical model to 
estimate the LIB capacity loss using the concept of the power 
law. The parameters of this model are obtained based on 
minimizing the prediction error using Marquardt-Levenberg 
algorithm. Their proposed model predicted the maximum 
charge/discharge cycles at the LIB’s decay point with a 
relative error of 15 %. 
   In this study, a semi-empirical model of lifetime prediction 
is proposed to estimate the LIB’s total capacity loss based on 
the number of charge/discharge cycles and operational time 
degradation. The parameters of the model are obtained based 
on minimizing the prediction error using Genetic algorithm. 
The calculation is performed using Matlab 2016a tool box. 
 
2. EXPERIMENTAL 

Aging experiments were carried out on Panasonic LIB 
cylindrical cells (NCR18650B). Sixteen charge/discharge 
cycles were carried out on three LIBs at temperatures of       
25 oC, 35 oC, and 45 oC according to the manufacturer's 
instructions. The LIB capacities are measured and recorded by 
a multi-channel battery testing system (BTS3000, Neware 
Co.). Table 1 presents the LIBs characteristics used in this 
study. 

 
Table 1. LIB characteristics used in this study. 

 
Nominal capacity (mAh) 

Minimum 3250 

Typical 3350 

Nominal voltage (V) 3.6 
Charging method Constant current- 

Constant voltage 
Charging voltage (V) 4.2 

Ambient 
temperature (oC) 

Charge 10 ~ + 45 °C 
Discharge −20 ~ + 60 °C 

Storage −20 ~ + 50 °C 
Maximum weight (g) 47.5 

Volumetric energy density (Wh/l) 676 
 
   The following stepwise charge/discharge procedure is used 
for aging experiment. 

1. The battery is charged to 4.2 V at constant current of 975 
mA. 

2. It is charged with constant voltage of 4.2 V until the 
current decreases to 65 mA. 

3. Twenty minutes of battery rest is needed. 
4. LIB is discharged to 2.5 V at constant current of 3250 mA. 

 
3. MATHEMATICAL MODELING 

Generally, two mechanisms are taken into account for the LIB 
capacity loss. The first one is a degradation resulting from the 
expansion and contraction of anode and cathode during 
charging and discharging happening in each cycle. The second 
one is a degradation caused by electrochemical reactions, 
which is progressive over time, regardless of whether the LIB 
is charged, discharged, or even at rest. Since these two 
mechanisms are independent of each other, the LIB’s overall 
capacity loss is assumed to be their function. Therefore, in 
LIB’s lifetime prediction model, the operating time and 

charge/discharge cycle number are considered as the 
independent parameters. 
   Further, both degradation of cycling and operational time 
develop more quickly at higher temperatures. Hence, 
temperature is taken into account in the lifetime prediction 
model. 
   Eq. (1) is the general expression of the capacity loss model 
as a function of operating time (top), the number of cycles 
(Ncyc), and ambient temperature (T). 

𝑄𝑄loss = 𝐴𝐴op × 𝑒𝑒
−𝐸𝐸op
𝑅𝑅𝑅𝑅 × 𝑡𝑡𝑜𝑜𝑜𝑜𝑧𝑧1 

             + 𝐴𝐴cyc × 𝑒𝑒
−𝐸𝐸cyc
𝑅𝑅𝑅𝑅 × 𝑁𝑁𝑐𝑐𝑐𝑐𝑐𝑐𝑧𝑧2 

 

(1) 

where Qloss is capacity loss, and Aop and Acyc are the pre-
exponential factors corresponding to degradation of 
operational time and cycling, respectively. Eop and Ecyc are the 
active energies corresponding to degradation of the 
operational time and cycling, respectively. T is the absolute 
temperature in Kelvin, R is the ideal gas constant, and z1 and 
z2 are the power exponents. 
   The parameters of Eq. (1) are Aop, Acyc, Eop, Ecyc, z1, and z2 
that are based on aging experimental data. Depending on the 
charge/discharge procedure, each cycle is carried out at time 
of τ. Hence, the operating time is considered to be  top =
Ncyc × τ . Therefore, the capacity loss model is expressed in 
the following equation. 

Qloss = Aop × e
−Eop
RT × (Ncyc × τ)z1  

            + Acyc × e
−Ecyc
RT × Ncyc

z2 

 

(2) 

   The capacity loss model is converted to Eq. (3) by 
considering Aop

′ = Aop × τz1  as a new parameter: 

Qloss = Aop
′ × e

−Eop
RT × Ncyc

z1  

            +  Acyc × e
−Ecyc
RT × Ncyc

z2 

 

(3) 

 
4. RESULTS AND DISCUSSION 

The experimental data of the charge/discharge cycles (60 
cycles at 25 oC, 35 oC, and 45 oC) are used to determine the 
parameters of the capacity loss model. Figure 1 shows the 
discharge capacity of three fresh LIBs versus the cycle 
number at different temperatures of 25 oC, 35 oC, and 45 oC. 
The discharge capacity levels at 25 oC and 35 oC are almost 
similar to each other, and the initial discharge capacities at   
25 oC and 35 oC are 3283 and 3270 mAh, respectively. After 
60 charge/discharge cycles, the discharge capacity reaches 
3172 and 3166 mAh at 25 oC and 35 oC, respectively. The 
level of discharge capacity at 45 oC is different from that at 
two other temperatures so that its initial value is 3338 mAh 
and, after 60 cycles, it reaches 3216 mAh. However, the 
discharge capacity loss at 45 oC is 3.65 % after 60 cycles, 
which is more than the capacity loss at 25 oC (3.38 %) and   
35 oC (3.18 %). 
   Figure 2 represents the charge capacity of three fresh LIBs 
versus the cycle number at different temperatures of 25 oC,   
35 oC, and 45 oC. As shown in Figure 2, the trend of charge 
capacity during cycling is similar to that of the discharge 
capacity at different temperatures. Similar to the discharge 
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process, both of charge capacity level and charge capacity loss 
at 45 oC are more than those at 25 oC and 35 oC. 

 
Figure 1. Discharge capacity of three fresh LIBs versus cycle 
number at different temperatures of 25 oC, 35 oC, and 45 oC. 

 

 
Figure 2. Charge capacity of three fresh LIBs versus cycle number at 

different temperatures of 25 oC, 35 oC, and 45 oC. 

 
   The optimum values of the model parameters are obtained 
by minimizing the prediction errors using the genetic 
algorithm in optimization tools of Matlab 2016a software. The 
capacity loss model with the optimum parameters is shown in 
Eq. (4). 

Qloss = 0.063 × e
9.111
T × Ncyc

0.66  

            + 0.168 × e
−1.51
T × Ncyc

0.651 

 

(4) 

   The accuracy of the developed model is shown in Figures 3 
and 4. Figure 3 indicates the experimental and calculated data 
of capacity loss of Panasonic LIB cells at different 
temperatures of 25 oC, 35 oC, and 45 oC for sixteen 
charge/discharge cycles. As shown in Figure 3, the capacity 
losses simulated by Eq. (4) are in agreement with the 
experimental data. 
   In order to validate the model, the capacity losses of 300 
charge/discharge cycles are calculated at 25 °C. Figure 4 
shows the comparison between the experimental and 
calculated data at 25 oC for 300 cycles. The results indicate 
that the model accurately predicts the LIB capacity loss with a 
very good average relative error of 4 %. 
 

 
Figure 3. Experimental and calculated (based on Eq. (4)) capacity 
losses of LIBs at different temperatures of 25 oC, 35 oC, and 45 oC 

for 60 charge/discharge cycles. 
 

 
Figure 4. Comparison between the experimental data and calculated 

values of capacity loss at 25 oC for 300 cycles. 
 
5. CONCLUSIONS 

In this work, a model was developed to predict the capacity 
loss of lithium-ion batteries. The reliability of battery design 
increased with this model. The optimum values of the model 
parameters were obtained based on minimizing the prediction 
errors using the genetic algorithm optimization tools of 
Matlab 2016 software. The developed model accurately 
predicted the LIB capacity loss with a very good relative error 
of 4 %. Therefore, the LIB lifetime can be estimated 
according to the requirements of battery missions such as 
allowable capacity loss and operating temperature. 
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