
− 10 −

Honda  R&D  Technical  Review October 2022

1. Introduction

Because of the high energy density of lithium-ion 
rechargeable batteries (LiB), there has been an increased 
need in recent years for these batteries as the power source 
for electric vehicles in the move toward a decarbonized 
society(1)-(3). Long-term durability performance of 10 years 
or more is sought for on-board LiB(1). The LiB performance 
degradation transition over the long term sometimes 
displays non-linear behavior that diverges from its linear 
behavior with respect to the power of the time period and 
number of charge-discharge cycles. Accurately predicting 
the prospects for that durability is no simple matter 
(Fig. 1)(4),(5). As to why the LiB performance degradation 
transition is non-linear, the reasoning here is that it may be 
because the multiple factors that cause expression of LiB 
performance differ one from the other in their degradation 

behavior with respect to their elapsed time(4),(6). Generally, 
LiB performance degradation is predicted using methods 
that extrapolate it empirically using acquired data, or 
methods (acceleration tests) that shorten the time taken to 
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Fig. 1   Degradation transition into non-linearity
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the model. By empirical model training in the degradation 
behavior for each factor, those portions that do not fit 
with a theoretical, ideal state can be made correctable, and 
since it does not require values for the various physical 
properties that are necessary to the physical model, its 
applicability can be heightened by comparison with the 
physical model. In addition, when attention is focused on 
each LiB performance expression factor, those factors are 
found to be single mechanisms and they display linear 
degradation transitions according to their respective 
theories. For example, the growth behavior of the solid 
electrolyte interphase (SEI) membrane that forms on the 
surface of the anode material and the electrolyte interface 
follows the square root law(12). Consequently, predictions 
in regions that extend into longer times than the training 
data can be estimated with only slight deviation by straight-
line extrapolation from the square root of the time. By 
these approaches, it becomes possible to represent non-
linear degradation behavior with respect to time and charge-
discharge cycles. Since LiB performance is expressed by 
a combination of multiple factors, cases where a single 
factor dominates degradation behavior indicate linear 
degradation. However, when that dominant factor switches 
over to another factor, then the degradation behavior is non-
linear. For this reason, non-linear degradation behavior 
can be represented if performance expression factors are 
modeled individually and performance is calculated from 
the combination of factors based on their mechanisms. 
Since degradation is estimated virtually by calculation, 
it also becomes possible to remove the time constraint in 
investigations as compared to tests.

Changes in the LiB performance expression factors that 
become explanatory variables in the model are generally 
measured by disassembly analysis. With this kind of 
method, further durability tests of a sample cannot be 
conducted beyond the point when it has been disassembled. 
Consequently, training for one degradation transition 
behavior necessitates causing degradation of multiple 
samples under the same conditions, and fabricating samples 
in which degradation advances differently. For this method, 
acquiring training data necessitates many samples and 
many analyses. For the present investigation, therefore, 
an approach by analysis with current and voltage data 
that can be acquired without disassembling a battery was 
implemented.

2.2. Simulation Model Structure
2.2.1. Rated capacity model

In this clause, the configuration of a rated capacity 
model based on the expression mechanism for capacity will 
be explained. Figure 2 shows a conceptual diagram of the 
LiB rated capacity expression mechanism and calculation. 
As shown in the figure, expression of the rated capacity 
involves the relationship of the following four explanatory 
variables. By following this relationship, the rated capacity 
can be calculated(13).

confirm degradation behavior according to the intensity 
of degradation factors such as temperature and state of 
charge (SOC)(7),(8). In the former case, making long-term 
predictions with empirical models that have been trained 
using training data from a brief training period risks 
diminishing the reliability of the prediction results(3),(4),(9). 
Also, in the latter case, the balance of degradation between 
multiple factors of LiB performance expression changes, so 
that a simple acceleration of aging time is not achieved, and 
the degradation outlook cannot be readily judged, as has 
been previously suggested(10). In order to address these risks, 
development would require a long development period and 
a large margin for durability design.

Meanwhile, research sought to address those issues by 
taking up physical models based on physical phenomena(11). 
These have the following two issues, however, so they are 
not purely physical models(9). The first issue is that model 
training requires values for the physical properties involved, 
such as electrode plate thickness and electrolyte salinity. 
For that reason, users who did not design and manufacture 
the LiB cannot readily acquire those items of information, 
and creation of a model is no easy matter. The second issue 
is that because the principle formula is for an ideal state, it 
often does not match actual behavior. For this reason, the 
model formula uses correction factors that adjust for those 
differences, and the various behaviors are expressed by 
similar figures.

For the present research, therefore, a solution to these 
issues was sought by proposing a semi-physical model(4) that 
makes the model portion that calculates LiB performance 
based on the factors in LiB performance expression into 
a physical model and makes degradation behavior in 
those various expressions into an empirical model that is 
trained from the test results. In this paper, Chapter 2 below 
will discuss a degradation simulation model that makes 
it possible to represent non-linear degradation behavior; 
Chapter 3 will describe that model’s training method and 
accuracy verification results; and Chapter 4 will describe 
discussion using model technology in acceleration tests by 
means of heating.

2. Creation of a Degradation Simulation 
Model

2.1. Degradation Model Aims and Concept
The method of creating the semi-physical model will 

be described. First, the performance expression mechanism 
portion that is not dependent on the materials used in 
the LiB or on its design values is treated as a physical 
model portion. Next, the factor portion that is dependent 
on materials used and design values is treated as the 
empirical model portion that is trained mathematically on 
the basis of test results. For the empirical model training, 
the behavior of change with respect to the loads that are 
causes of degradation is measured for each of those factors 
by durability tests and used as training data for training 
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of Ah-OCV is determined from the combination of the 
electrical characteristic of the cathode (cathode Ah-OCP 
curve(t)) and of the anode (anode Ah-OCP curve(t)) at that 
same time. In addition, the Ah range that can be used as the 
LiB rated capacity is calculated from the OCV (OCVmax) at 
100% SOC and the OCV (OCVmin(t)) at 0% SOC calculated 
from Eq. (1).

The change in var iab le (A) tha t accompanies 
degradation is represented by changing the basis Ah axis 
by multiplying that initial (A) by the capacity retention 
of the cathode. When changing the Ah-OCP curve, the 
respective electric potential positions of the cathode and 
anode according to the cell voltage during aging are fixed in 
place in the basis Ah axis direction, and the Ah-OCP curve 
profile is changed in the basis Ah axis direction (Fig. 3). 
Variable (B) also has changes made to it, as done with (A), 
by the anode capacity retention, in addition to which the 
anode Ah-OCP curve shifts to the higher-potential side with 
respect to the cathode Ah-OCP curve (the anode Ah shift) 
because of a side reaction of SEI formation, and variable 
(B) after degradation was represented by a parallel shift of 
the anode Ah-OCP curve with respect to the basis Ah axis(4)

(Fig. 4).

Fig. 2   Mechanism of capacity calculation
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Fig. 3   Calculation of aging cathode curve

Fig. 4   Calculation of aging anode curve

(A) Cathode Ah-Open Circuit Potential (Ah-OCP) curve
(B) Anode Ah-OCP curve
(C) OCVmax [V]
(D) OCVmin [V]

In other words, degradation of the rated capacity can 
be defined as occurring by means of changes in these 
variables (A)-(D). For this investigation, training in the 
change behavior in these variables (A)-(D) is carried out 
empirically. However, (C) can be defined as a voltage that is 
determined by the specifications, so here it was handled as a 
constant. The variable (D) is the open circuit voltage (OCV) 
for the current that is determined by the specifications that 
occurs when the LiB is discharged with a constant current 
up to the voltage similarly determined in the specifications, 
and its value changes under aging conditions in conjunction 
with the degradation of LiB internal resistance. For this 
investigation, therefore, OCVmin was taken as a function of 
the LiB internal resistance that accompanies degradation. 
The OCVmin (t ) model formula isolates the resistance 
component (RIMP(t)) of the frequency where the change from 
the initial value (OCVmin(t0)) has the highest correlation with 
the impedance (IMP) obtained from the cell and models 
it in Eq. (1)(13). RIMP(t) in Eq. (1) is given according to the 
calculation results from the internal resistance model, which 
will be described later. In the equation, d is a correction 
factor that is learned in order to make RIMP(t) agree with the 
measured OCVmin(t) in Eq. (1).

OCVmin(t) = OCVmin(t0) + d × RIMP(t) (1)

For this investigation, the Ah axis of Ah-OCP is 
represented as the standard 0 Ah at the initial time of 0% 
SOC, which is represented as the basis Ah. From this it is 
possible to represent the rated capacity by the relationship 
in Eq. (2) below.

Rated capacity(t) = f (Cathode Ah-OCP curve(t), 
  Anode Ah-OCP curve(t), OCVmax, OCVmin(t)) (2)

For the rated capacity(t) at time t, the LiB characteristic 



− 13 −

Semi-physical Model that Predicts Internal State of Lithium-ion Batteries and Calculates Degradation Behavior with High Accuracy

(i + iv + viii) (ii) (vii) (iii + v + vi)

R0R0 R1R1 R2R2 CPE3CPE3

CPE2CPE2CPE1CPE1

Vo
lta

ge
 [V

]

Current [A]

ΔVtotal

CCV1

CCV2

CCV3

ΔV

ΔOCV

I 1 I 2 I 3

Fig. 6   Equivalent circuit of internal resistance Fig. 7   How to calculate I-V characteristics

2.2.2. Internal resistance model
In this clause, the configuration of a rated capacity 

model based on the expression mechanism for internal 
resistance will be explained. Figure 5 shows a conceptual 
diagram of the LiB internal resistance expression 
mechanism by means of a schematic cross-section of a cell. 
The LiB internal resistance is expressed by a combination of 
multiple components, and when power is supplied, internal 
resistance is generated from electron transfer (i)(viii), 
lithium ion insertion-extraction reaction (ii)(vii), and lithium 
ion diffusion migration (iii)-(vi) respectively, in that order.

For this investigation, LiB internal resistance is 
represented by the equivalent circuit shown in Fig. 6, 
and the following six items were treated as explanatory 
variables(14).
(R0) Electron conduction resistance and ion conduction 

resistance [Ω]
(R1) Resistance component of anode reaction resistance [Ω]
(CPE1) Electric double-layer component of anode reaction 

resistance
(R2) Resistance component of cathode reaction resistance [Ω]
(CPE2) Electric double-layer component of cathode reaction 

resistance
(CPE3) Diffusion resistance

The sum of the resistances expressed by these six 
components is the internal resistance of the LiB. Its 
degradation occurs with the change of these components, 
similar to what is described in Clause 2.2.1. The six 

resistances are dependent on how long power is supplied, 
and since they can be represented by functions for the 
time power is supplied using the equivalent circuits, 
the calculation of the internal resistance of the LiB as a 
whole from their combination is performed as a physical 
calculation. On the other hand, the internal resistances that 
are treated as explanatory variables are trained empirically in 
change behavior acquired through tests. Having a modeled 
structure for each internal resistance component makes it 
possible to represent the changes in time dependency of 
reaction resistance and diffusion resistance in the cathode 
and anode accompanying degradation, and this has made it 
possible to estimate internal resistance with greater accuracy.

Internal resistance is generally evaluated by direct 
current resistance (DCR) that is calculated from the slope 
of the current-voltage (I-V) characteristic. For this model, 
therefore, it is output as a quantity converted to DCR from 
the equivalent circuit in Fig. 6. Due to the circumstances of 
the method for evaluating the I-V characteristic, it measures 
not only a pure resistance value, but also the change in 
OCV that accompanies the supply of power. For this 
model, therefore, the change in OCV that accompanies the 
change in SOC when power is supplied was also included, 
in addition to the overvoltage, in calculating the closed 
circuit voltage (CCV) that is generated by the application 
of current. By using the calculation results described 
above in Clause 2.2.1., the change in OCV (ΔOCV ) that 
accompanies the change in the charge amount due to the 
supply of power was calculated, the I-V characteristic was 
calculated from the sum (ΔVtotal) with overvoltage (ΔV ) due 
to internal resistance, and in this way the accurate DCR was 
calculated (Fig. 7). In addition, the overvoltage (ΔV ) due to 
internal resistance was calculated [Eq. (3)] by solving it as a 
function of time (t) from the equivalent circuits in Fig. 6(13).

CCV = OCV – I × R0 + R1 × { }( )1 – exp 
R1 × C1

– t

+ R2 × { }( )1 – exp 
R2 × C2

– t

+ 
CPE3–T × CPE3–p!

 + ∆OCV
tCPEp

(3)

Cathode, Anode
(i), (viii) Electron conduction resistance
(ii), (vii) Charge transfer resistance
(iii), (vi) Diffusion resistance

Separator/electrolyte AnodeCathode

(vii)
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Fig. 5   Mechanism of internal resistance calculation
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CPE has the T value that represents the electric double-
layer capacity and the p value that represents the state of 
collapse of arcs in the Nyquist plot. Therefore, those values 
in CPEn (n = 1 - 3) are indicated in the equation by CPEn-T

and CPEn-p.
When calculating the transient voltage response that 

accompanies the application of current, the calculation 
cannot be done using the parallel circuits with CPE and R 
used in the equivalent circuits in Fig. 6. Therefore, Eq. (4) 
was used to convert CPEn and the resistance component 
Rn connected in parallel with it into Cn and perform the 
transient response calculation.

1

× RnCn = CPEn–TCPEn–p
1 – CPEn–p
CPEn–p (4)

3. Model Training and Simulation Results

3.1. Training Method
In this chapter, an overview will be given of the 

training method used for the empirical model portion. For 
this investigation, a single-factor experimental method 
based on experimental design was applied to conduct 
durability tests by multiple standards of each factor that 
influences degradation and acquire training data(15). The 
durability tests were conducted with load conditions other 
than degradation factors corresponding to explanatory 
variables taken as constants. The LiB degradation factors 
assumed for the present investigation are shown in 
Table 1.

The method of analysis by non-disassembly used to 
isolate the explanatory variables for each model will be 
described later in the respective clauses. The degradation 
behavior of each explanatory variable acquired was fitted to 
below candidate equations Eqs. (5) and (6) and the better fit 
was selected.

y = a × xb + c (5)

y = a × Ln(x) + c (6)

For this, a was derived for each durability condition and 
b for conditions of resting degradation and of degradation 
of the supply of power, deriving them as a constant with 
a single common value for each explanatory variable 
respectively. Next, the derived coefficient a was a curved 
surface fitted on a multidimensional surface that has the 
number of degradation factors as the number of dimensions 
and a map of degradation coefficients was created. For 
this investigation, durability tests for the purpose of model 
training had a load applied for a durability period of four 
months and the two months necessary for measuring 
performance changes occurring during that time, making 
a total of six months. Performance measurements were 
made at the start of aging and then during aging in the first 
week, the second week, the fourth week, and at four-week 
intervals thereafter, a total of eight times.

Table 1   List of degradation factors

Fig. 8   Anode fitting

3.1.1. Method of analysis of explanatory variables in 
rated capacity model

This clause will describe the method of analysis of each 
explanatory variable used in the rated capacity model(13). In 
order to acquire the explanatory variables (A)-(D) described 
above in Clause 2.2.1. without disassembling a battery, 
dV/dQ analysis and charge-discharge curve analysis 
were used. The anode capacity was isolated (Fig. 8) by 
preparing a cell of the same specifications in its initial state 
in advance, removing the anode plate from it, obtaining 
the Ah-dV/dQ curve from that anode plate, and fitting that 
curve so that its peaks matched the positions of the peaks 
originating in the anode (arrow symbols in the figure) in the 
Ah-dV/dQ curve obtained from the cell.

Next, the curve of the cathode potential in the cell 
is calculated by subtracting the anode Ah-closed-circuit 
potential (CCP) curve defined in Fig. 8 from the charging 
curve obtained from the cell. In order to match this curve, 
the Ah-CCP curve of the cathode, obtained in advance as 
was done with the anode, is fitted with the curve, and in this 
way the cathode capacity was isolated. Using the cathode 
and anode Ah-CCP curves determined above, the Ah shift 
amount was isolated from the change in the Ah position in 
the same potential before and after aging.

3.1.2. Method of analysis of explanatory variables in 
internal resistance model

This clause will describe the method of analysis(14) of each 
explanatory variable used in the internal resistance model. 
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Fig. 10   Factor amount calculation method

for each model formula. The internal state is also updated 
with the results calculated in each model formula and 
the calculation for the next time (t+1) is carried out. The 
differential equation (Table 2) for calculating the amount 
of change per unit period that can be defined according to 
the model formula determined for each explanatory variable 
is used for each model, the coefficient a determined by 
the load conditions is read into it to calculate the amount 
of change per unit time, and those results are integrated to 
calculate the degradation behavior (Fig. 10)(15).

Generally, electrochemical impedance spectroscopy (EIS) 
is used as the method for separating LiB internal resistance 
components. With on-board LiB, however, the internal 
resistance values are extremely small, at several milliohms, 
and the expression frequencies for cathode and anode reaction 
resistance at normal temperatures are extremely close 
together. For this reason, the respective cathode and anode 
reaction resistances cannot readily be derived from IMP data 
obtained at normal temperatures. In addition, output demand 
is large, the current rate that flows during output is large, 
and the time is long. This means that the diffusion resistance 
component, for which the IMP is obtained in a static state 
by EIS, cannot be accurately acquired by that method as a 
dynamic value during output. For this investigation, therefore, 
conduction resistance (R0) was isolated by IMP analysis using 
EIS at normal temperature, the individual reaction resistances 
(R1, CPE1, R2, and CPE2) were isolated by low-temperature 
IMP analysis(16), and diffusion resistance (CPE3) was isolated 
by analysis of transient voltage response data acquired during 
I-V characteristic evaluation at normal temperature matched 
with the characteristics of each resistance component. The 
equivalent circuits shown in Fig. 6 were used to identify 
each resistance component. For CPE3, values to match the 
transient response for voltage with respect to applied current 
were derived by the least-squares method using an equivalent 
circuit configured with R0, R1, CPE1, R2, and CPE2 values 
identified by each type of IMP analysis.

3.1.3. Simulation method
Figure 9 shows the simulation flow. The voltage and 

current that are the load conditions are converted from 
the LiB internal state at that time (t) into the loads on the 
cathode and anode, respectively, and provided as input 

n-th power type

Natural log type

Model formula

y = a × xb + c

y = a × Ln(x) + c
Time model            : x = time
Energization model: x = Ah

Differential equation

 = a × e^(          )
a

1 – ydy
dx

 = 
dy
dx

a     × bb
1

( y – 1)^(       – 1)b
1

Table 2   Model formula and differential equation
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Fig. 9   Simulation flow



− 16 −

Honda  R&D  Technical  Review October 2022

60

70

80

90

100

110

0 5 10 15 20 25 30

C
ap

ac
ity

 re
te

nt
io

n 
[%

]

Past time [day0.5]

Measured value
Simulation of semi-physical model
Simulation of empirical model

Measured value
Simulation of semi-physical model
Simulation of empirical model

90
100
110
120
130
140
150
160
170

0 5 10 15 20 25D
C

R
 re

te
nt

io
n 

at
 1

0 
se

co
nd

s 
[%

]

Past time [day0.5]

Fig. 11   Verification result of capacity model

Fig. 12   Verification result of DCR model

For degradation due to the passage of time, Miner’s 
rule was used during the step period where degradation 
is added up in the simulation to calculate the degradation 
coefficient and basic SOC by time-weighted average. For 
the degradation due to supply of power, the degradation 
coefficient and basic SOC were calculated according to the 
respective pulse loads that were isolated, and the amount of 
change per unit section to be calculated was added up(13).

3.2. Simulation Results
3.2.1. Capacity model

Figure 11 shows the results for calculation of changes 
in degradation during durability tests. Estimation of 
degradation by an empirical model (for this investigation, 
a power law model is used to conduct comparative 
evaluation) diverges from the measurement results as aging 
progresses, but this model achieved calculation results in 
line with measurement results even in the region at the end 
of aging where degradation is shown to be non-linear.

3.2.2. Internal resistance model
As in Clause 3.2.1., the results for calculation of changes 

in degradation are shown in Fig. 12. As with the capacity 

model, this model achieved calculations in line with 
measurement results even at the end of aging, in contrast 
with the empirical model.

3.3. Conclusion
Verification results demonstrate that this simulation 

model has made it possible to represent non-linear behavior 
in the changes in degradation over the long term, which 
was not possible with the conventional empirical model. In 
addition, the condition raising the load of aging conditions 
successfully showed that the pattern of changes in 
degradation and the state of degradation inside the LiB are 
different.

4. Representation of Internal Degradation 
State under Concentration Condition

4.1. Capacity Model
Figure 13 shows a comparison of degradation behavior 

estimated with the model by changing only the temperature 
load. This was done in order to confirm differences in 
the state of internal degradation by acceleration tests. 
When changes in degradation are compared, degradation 
behavior under high-temperature conditions shows non-
linear behavior at the time (arrow symbol in the figure) in 
the vicinity of 85% capacity retention where a bend occurs. 
At low temperature, by contrast, the bend timing does not 
occur and linear behavior is shown. This suggests that the 
same degradation pattern does not occur in acceleration 
testing by heating. Table 3 shows the degradation state of 
each factor at 60% capacity retention under both conditions. 
It is apparent from this that even when capacity retention 
is the same, the amount of degradation is different for each 
factor, and in the two tests with different temperatures, the 
degradation states are not the same. These investigation 
results indicate that in acceleration tests that raised the aging 
load, the internal degradation state and different behaviors 
of the patterns of changes in degradation accompanying it 
are possible to represent with this simulation technology.
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5. Summary

A semi-physical model was created that has a physical 
structure based on the performance expression mechanism 
and an empirical structure that uses data measured in tests 
for training. This made possible prediction of long-term 
degradation behavior that is highly accurate by comparison 
with the power law model, which is the general empirical 
model. In addition, this approach is capable of representing 
changes in degradation and grasping internal degradation 
states that could not be readily realized by acceleration 
tests with increased load, thereby suggesting that this is a 
method that can be used to evaluate durability performance. 
By the use of this technology, it becomes possible to 
predict the prospects for durability with accuracy in new 
LiB development. In addition, where up to now major 
constraints had been imposed on the range of usable 
voltage, current, and temperature in order to secure an 
extra margin for durability design, this technology was 
able to reduce these constraints, yielding the expectation of 
heightened convenience in terms of an expanded cruising 
range and an enhanced acceleration performance for electric 
vehicles. Moreover, this technology is applicable not only 
to use in development, but also to the used car market and 
the reuse market, where it can be applied to the diagnosis 
of residual value from different perspectives, not only for 
estimating the remaining life expectancy of a LiB over the 
long term, but also for matching to applications by battery 
life prediction that takes the internal degradation state into 
consideration, and so on. This technology can be expected 
to serve as a tool that will be able to support the widespread 
adoption of electric vehicles and LiB reuse.

References

(1) New Energy and Industrial Technology Development 
Organization: Battery Road Map 2013, (2013) (in 
Japanese)

(2) Fuji Keizai Group Co., Ltd.: Enerugi, ogata nijidenchi, 
za i ryo no shora i tenbo 2021 -Dendo j idosha , 
shasaidenchi bunya hen-, (2021) (in Japanese)

(3) Ministry of Economy, Trade and Industry: Dai 1 kai 
Chikudenchi sangyo senryaku kento kanmin kyogikai, 
Shiryo 3 Chikudenchi sangyo no genjo to kadai ni 
tsuite, (2021) (in Japanese)

(4) Tominaga, Y., Chiba, Y., Miki, M.: Creation of a 
model of battery performance degradation based on 
electro performance mechanism, The 58th Battery 
Symposium in Japan, 2I14, p . 566, (2017) ( in 
Japanese)

(5) Honkura, K.: Richiumu ion denchi no rekka yosoku 
ni muketa hoden kyokusen no suri moderu kochiku, 
Kyushu University Graduate School of Engineering, 
doctoral thesis, (2015) (in Japanese)

(6) Qian, P., Kinoshita, T., Sakai, H., Furuta, T., Kawai, M.: 
Analysis of Capacity Fading for High-power Lithium 

4.2. Internal Resistance Model
As with the capacity model, the results for estimation 

of differences in degradation behavior in acceleration 
tests are shown in Fig. 14 and Table 4. In internal 
resistance degradation behavior, a bend occurred in 
the changes in degradation under both conditions, and 
the behavior under different timing of that occurrence 
(DCR retention value) was calculated (arrow symbols in 
Fig. 14). Table 4 shows the degradation state of each 
factor at the point when the DCR retention is 150% under 
both conditions. It is apparent from this, as with the 
capacity model, that even when the DCR retention is the 
same, the degradation state is not the same in the two tests 
at different temperatures.

These results indicate that even in internal resistance, 
there are differences in degradation behavior (Fig. 14) 
and the internal state after degradation (Table 4) under 
acceleration conditions, and that it is possible to represent 
those differences with this simulation technology.

Table 3   Simulation result at capacity retention of 60%

Fig. 14   Difference in capacity degradation behavior 
due to acceleration test

Aging condition

Ohmic resistance retention
Cathode’s reaction resistance retention
Anode’s reaction resistance retention
Diffusion resistance retention

High temperature
100.0%
111.0%
211.0%
181.9%

Low temperature
100.0%
117.7%
179.9%
273.7%

Table 4   Simulation result at DCR retention of 150%



− 18 −

Honda  R&D  Technical  Review October 2022

Ion Rechargeable Batteries, Honda R&D Technical 
Review, Vol. 30, No. 2, p. 93-102

(7) Kaji , K., Tanaka, K., Akimoto, H., Zhang, J . , 
Imamura, D.: Evaluation Model for Lithium-ion 
Battery Deterioration -A Report Based on One Year 
Deterioration Experiment-, Transactions of Society 
of Automotive Engineers of Japan, Vol. 44, No. 2, 
p. 429-434, (2013) (in Japanese)

(8) Park, J., Appiah, W. A., Byun, S., Jin, D., Ryou, M.-H., 
Lee, Y. M.: Semi-empirical long-term cycle life model 
coupled with an electrolyte depletion function for 
large-format graphite/LiFePO4 lithium-ion batteries, 
Journal of Power Sources, Vol. 365, p. 257-265, (2017)

(9) Q i a n , P . , E n d o , H . , F u r u t a , T . , K a w a i , M . : 
Development of Calendar Aging Model for Lithium 
Ion Rechargeable Batteries, Honda R&D Technical 
Review, Vol. 31, No. 1, p. 97-104

(10) Tominaga, Y., Kawamura, M., Takemasa, K.: Creation 
of a model of battery degradation reflecting battery 
internal states, The 54th Battery Symposium in Japan, 
2B06, p. 101, (2013) (in Japanese)

(11) Yamaue, T., Takagishi, Y.: Modeling Li Transportation 
and Degradation Phenomena of Li-ion Secondary 
Batteries, Research and Development KOBE STEEL 
ENGINEERING REPORTS, Vol. 64, No. 2, p. 99-104, 
(2014) (in Japanese)

(12) Ploehn, H. J., Ramadass, P., White, R. E.: Solvent 
Diffusion Model for Aging of Lithium-Ion Battery 
Cells, Journal of The Electrochemical Society, 
Vol. 151, No. 3, A456-A462, (2004)

(13) Kaga , T . , Ara i , H. , Hor i , M. , Tominaga , Y. : 
Degradation model for battery performance based on 
electric performance mechanism, The 61st Battery 
Symposium in Japan, 3A01, (2020) (in Japanese)

(14) Nishimoto, Y., Omichi, K., Arai, H., Tominaga, Y.: A 
model for predicting Li-ion batteries’ resistance based 
on electric performance mechanisms, The 61st Battery 
Symposium in Japan, 3A02, (2020) (in Japanese)

(15) Tominaga, Y.: Degradation Model for Battery 
Performance Based on Performance Mechanism, 
Denki Kagaku, Vol. 89, No. 2, p. 125-132, (2021) (in 
Japanese)

(16) Momma, T., Matsunaga, M., Mukoyama, D., Osaka, 
T.: Ac impedance analysis of lithium ion battery 
under temperature control, Journal of Power Sources, 
Vol. 216, p. 304-307, (2012)

 Author 

Yuki TOMINAGA Kaoru OMICHI Tadash i KAGA

Yurika NISHIMOTO




