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Abstract: For the purpose of predicting the state of health of already used lithium-ion batteries
from 85 kWh electric vehicles, a simplified equivalent circuit model is utilized to estimate the
electrochemical time constant from constant current discharge profiles. The grading process among
as-obtained LIB cells is classified into three level types according to the remaining capacity and direct
current resistance. Theoretically, the logarithmic equation describing cycling behavior is derived
and utilized in the prediction of the state of health of the used cells. After the selection of the
electrochemical time constant obtained from the best-fitting results in constant current discharge
data, the suitable cycle number until the 20th cycle was selected for the prediction of the state of
health after the 250th cycling data, which revealed that a narrow error range below 5% was for high
and medium battery grades. Also, this error range became abruptly wider in lowest grade batteries,
indicating that our proposed model for cycling behavior was highly useful in the prediction of the
future state of health of the used batteries.

Keywords: lithium-ion batteries; state of health (SOH); equivalent circuit model (ECM); electrochemistry;
the used cells

1. Introduction

In recent years, worldwide attempts to lower carbon emissions have prompted re-
searchers to intensively investigate ways to produce and store sustainable energy [1].
However, sustainable energy is not readily available because of the imbalance between
production and consumption in real-life applications resulting from production inefficiency.
Hence, appropriate energy management is required to enable the efficient application of
produced energy to solve the global climate crisis. A smart grid is an electrical network that
enables the integration of the behavior of all users connected to the network to minimize
losses during power supply. Electric vehicles (EVs) and energy storage systems (ESSs)
are typical components of these smart grids, and they have emerged as breakthroughs in
energy management because they provide storage stability and intercompatibility. These
stable energy storage devices are largely based on lithium-ion batteries (LIBs) owing to the
high availability and low self-discharge rate of these batteries. Moreover, LIBs have become
more attractive to the grid industry because of their high power, high energy density, and
long cycle life [2]. EVs and ESSs generally use electrical power packs/modules composed
of thousands of individual LIB cells. However, LIBs are still susceptible to various aging
mechanisms, which can lead to the degradation of the battery performance after repeated
charge/discharge cycles [3]. Furthermore, the degradation of LIBs can result in thermal
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runaway within the constructed module/pack under extreme conditions. During thermal
runaway, a gas is typically generated inside the cells or the temperature of the battery
increases rapidly, which can cause the battery to undergo spontaneous combustion [4].
Although this does not commonly occur during LIB operation, it poses considerable safety
risks for grid industries, including EVs and ESSs, as thousands of cells are located adjacent
to each other in a battery pack. Occasionally, accidents involving only a few cells can lead
to detonative chain reactions. Therefore, in terms of battery safety and reliability, predicting
and managing the state of health (SOH) of LIBs with a limited cycle life is important [3,5].
In addition, as the global EV market expands, the consumption of batteries, which generate
waste that is hazardous to the environment after they have reached their end of life (EOL),
is a global concern. This is because batteries contain valuable transition metals such as Li,
Co, Ni, Al, Cu, and Mn, as well as toxic organic compounds [6]. In this respect, predict-
ing the SOH of a battery could be a measure to classify reusable waste batteries for the
development of an efficient resource circulation system [7].

The SOH, a key parameter for evaluating the condition of a battery, yields the usable
current capacity, as opposed to the rated capacity, and, importantly, indicates the way
in which the battery performance can be evaluated in future applications [8]. A freshly
manufactured LIB cell is assumed to have an SOH of 100%, and once the current capacity
decreases below a predetermined threshold, it is defined as having reached the EOL state,
indicating that the pack must be replaced [9]. To date, SOH estimation for LIBs has
been widely studied without understanding the various electrochemical reactions that
occur inside these batteries. Several methods have been proposed for the SOH estimation
of LIBs, notably the direct estimation method, which includes Coulomb counting (CC),
electrochemical impedance spectroscopy, the adaptive method with a Kalman filter (KF),
and the application of a particle filter (PF) [4,9-11]

In addition, data-driven approaches, including fuzzy logic (FL), neural networks
(NNs), support vector machines (SVMs), and artificial intelligence (Al), have been utilized
in preliminary SOH studies [12-15]. Although various attempts have been made to use
these methods meaningfully, they are mostly based on statistical calculations that do not
hold any electrochemical meaning associated with the reactions inside batteries, which
can exclude uncertainties such as aging, external factors, and temperature. Furthermore,
existing methods are computationally complex and require large amounts of data [16],
which makes their use in practical applications difficult. Also, the SOH is mainly affected
by internal electrochemical processes, mechanical factors, and electrode composition, none
of which can be fully reflected in these estimation methods [17]. Therefore, developing a
meaningful model capable of mimicking the internal electrochemistry-based phenomena is
necessary to justify the evaluation of the SOH using optimal parameters. As an alternative
to these complicated approaches, the use of a simple equivalent circuit model (ECM)
has been reported to describe the electrochemical reactions in LIBs [18]. Notably, the
ECM is only based on the combination of linear circuit elements, such as Ohmic resistors,
capacitors, an inductor, parallel constant-phase elements (CPEs), and a voltage source. This
equivalent circuit is widely known as a Randles circuit. Using this model, the relationship
between the voltage, current, and internal resistance can be parameterized by balancing
the current. Typically, the ECM should be applied to the region in which the voltage—
current characteristics have a linear relationship [19], which is difficult under normal
cycling conditions. Because SOH measurements and predictions should be conducted
under normal cycling conditions, a suitable governing equation for SOH prediction must
be determined based on an ECM to simplify the electrochemical system.

This paper presents a simple ECM to describe the electrochemical reactions for SOH
measurements. The ECM parameters can be summarized in the form of simple math-
ematical equations using the nonlinear relationship between the potential capacity and
capacity cycle life against a basic background based on the electrochemical time constant
(TC). The TC values have electrochemical implications that are characteristic of several
electrochemical reactions, such as ionic transport within the bulk phase and surface film,
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charge transfer at the active material interface, and chemical diffusion within the particles.
This can be named the TC-based SOH prediction method. The mutual TC of the simple
discharge patterns determined using the basic ECM was compared with the empirically
obtained cycling performance to validate the equations of our empirical model. Optimizing
the SOH prediction required us to select a suitable cycle of the battery operation for analysis.
This method was applied to the evaluation of LIB cells that reached their EOL after being
used in EVs. These cells were classified into three groups according to their available
capacity and internal resistance.

2. Experimental and Theory Formulation
2.1. Experimental

Typically, an 85 kWh battery pack for an electric bus was disassembled in order
to obtain individual cells, which had a nominal capacity of 15 Ah. The disassembled
individual cells were utilized to measure the available capacity and DC resistance. For the
electrochemical measurement of pouch cells, their capacity was measured at the 1 C rate
(15 A) for 250 cycles from 2.8 to 4 V in the first charge-discharge using a WBCS3000M2
cycler (Wonatech, Seoul, Republic of Korea). All experiments were carried out at 25 °C. For
reference, the pouch cell was measured by fully discharging/charging schemes. For fully
charging Li-ion batteries, the constant current (CC) protocol was used. A direct current
of 15 A (1 C) was used to charge the battery for the constant current part, and the cutoff
voltage was set at 4 V. After fully charging, the constant current (CC) protocol was used for
fully charging. A direct current of 15 A (1 C) was used to discharge the battery, and the
cutoff voltage was set at 2.8 V. Using this protocol, the battery could be discharged to reach
2.8 V. So, the batteries were operated within the voltage range from 2.8to 4 V at 15 A (1 C)
for 250 cycles. The categorization into grades A, B, and C was conducted according to the
measurement of DC resistance under the 1 C rate current pulse for 10 s at 50% SOC, and,
also, the measured resistance values were classified evenly with a one-third contribution
from A to C grades.

2.2. Cycle Performance Prediction Equation Based on Equivalent Circuit Model Theory

From the above ECM, the time-dependent voltage can be expressed as follows in
Scheme 1:

, _ QO0) ¢ IR — o RC
V(£ I constant) = c e + (Vo —IR;) —IRp[1 —e RC (1)

(a) C. (b)

T [l
R 1 1] R,

<
ﬁ

sol

W —WWAN—{ MW
R, Ry Z R,

Scheme 1. (a) Typical Randal circuit. (b) Simplified linear circuit model for LIB system.

Here, Q(0), C, Vo, Ry, Ry, and t are the capacity at t = 0, capacitance, initial voltage,
respective resistances in the simple ECM within Scheme 1, and the measured time, respec-
tively [7]. As shown in this scheme, the Randal circuit of (a) can be simplified into the (b)
circuit model, where the information of Cg,,, and Cq; are included within the C value, while
Rfilm, Rct, and Zy, are converged into an R, value according to the measurement frequency
or time.

For mathematical simplicity, the above equation is changed as follows:

V(t) =P+ Qe ™ 2)
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Equation (2) is utilized for nonlinear least squares fitting of the discharge curve
patterns without any further modification. Due to the mathematical simplicity, Equation (2)
is highly suitable for estimating the approximate values of TC, t,. From this, time t; values
are obtained, which can represent the overall electrochemical processes. As mentioned
before, the ECM model as shown in Scheme 1 should include various parameters within
the Randles circuit. Strictly speaking, R, and C contain such various resistance and capacity
components, such as Li* migration of the surface film and charge transfer at the interface
and following chemical diffusion into inner particles, which is explained in Scheme 1.
According to the frequency or measured time domain, the typical Randles circuit becomes
simplified into left circuits as shown in the literature [ECM simple model]. For more
insightful understanding, such complicated components are represented by R, and C. P is
the total summation excluding the exponential term. So, we can express P as VO-IR;-IR,.
Also, Q is the proportional factor in the exponential term; Q = Q(0)/C + IR;. Only the time
constant is used for mutual comparison with the following empirical equation.

Equation (1) can also be transformed into cycle(p)-dependent available capacity (Cs(p))
by multiplying between the measured time (T'(p)) at the cut-off voltage of V¢ and applied
constant current (I) under a constant cut-off potential of (V¢); C,(p) = I T(p). Remember that
T(p) is the function of cycle p since the available discharge capacity becomes reduced with
an increase in cycle number. By a simple mathematical process, the following expression
about C,(p) is given.

Q(0) + IR,C
V;C — C2V, + IR C + IR,C

Ca(p) =IT(p) = IR,ClIn (3)

Here, V¢ is the final cut-off voltage, which can be determined externally and fixed.

From the above equation, the following three approximative concepts can be utilized
in order to apply a cycle capacity of Ca(p):

Vo, Ry, C, and Q(0) are dependent on the cycle number.

Rj remains constant under the condition of a less effective electrolyte solution.

to (=Ry C) is independent during cycle increase.

For mathematical simplicity and from an electrochemical point of view, t, (=R, C)
is the typical time constant of an individual battery system including an electrochemical
process associated with a charge transfer reaction, film migration, and chemical diffusion,
which only excludes the solution resistance of R;. This parameter can be assumed to be
less variant without abrupt performance change.

Hence, Equation (3) can be finally expressed considering meaningful parameters
related to cycle increase:

Ca(p) = IT(p) =1 —m/n[x(p) + n"] (4)

Here, I, m’, and n’ are It; In[Q(0) + I t,], [ tp, and I t; +V C, respectively. As elucidated,
the magnitude of V is relatively large compared with C (several mF value levels). Hence,
the influence of n’ on cycle performance is assumed to be less effective. Also, a cycle
dependency parameter of x(p) is expressed; x(p) = IR;C — C?V,.

Here, x(p) can be expanded using the following series expansion:

x(p) = lim (ZZ:O akpk) = a0+a1p1+a2p2 + a3p3 .. (5)

n—oo

For empirical conditions, coefficients 2y and k can be determined according to data results.
If n =1 condition is employed for the initial trial, the following equation can be obtained:

Ca(p) =IT(p) =1 —mIn[p+n] (6)

Here, |, m, and n can be empirically obtained from the best-fitted results in cycle
data. From the m value, the electrochemical time constant t; can be easily estimated and
compared with that from Equation (2).
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Finally, the two valuable Equations of (2) and (6) can be utilized for the nonlinear least
squares fitting from galvanostatic discharging patterns and cycle performance results. Also,
ty can be accurately determined by Equation (2) and is compared with the best-fitted values
in the value of m containing t,. Through this mutual comparison process, the validity of
Equation (6) is evaluated, and the most suitable cycle number of p is presented. After the
determination of [, m, and n values, cycle performance is predicted after long-term cycling
above 200 cycles, which can represent SOH prediction. Also, our final prediction equation,
Equation (6), can be developed into a more sophisticated mathematical form if the cycle
dependency of other variables is clarified theoretically.

3. Results and Discussion

The battery pack that was used to power an EV consisted of a pouch-type LIB of
85 kWh. The battery was disassembled and classified according to the remaining capacity
and the measured direct current (DC) resistance at 50% state-of-charge (SOC). Based on
this classification, the cells were divided into three grades: A, B, and C. In individual-grade
cells, the remaining capacity and DC resistance comprised one-third of the population.
After this process, four or five cells were randomly selected from the cells in each of these
grades, and they were tested using galvanostatic charge—discharge from 2.8 to 4 V at the
1 C rate of 15 A for 250 cycles.

Figure 1 displays the CC discharge patterns of two of the grade A cells for 10 cycles.
The characteristic discharge patterns did not change considerably during these cycles,
indicating that these grade A cells were in a good state.
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Figure 1. CC discharge curves of grade A cell at (a) CH 1 and (b) CH 2.

The typical results for the 1st and 10th cycles, fitted with Equation (1), are displayed in
Figure 2. Despite the equation being a simple exponential equation, the results confirmed
that the nonlinear least squares fitting was well conducted.

As listed in Table 1, the fitted data using the five grade A cells from the 1st to 10th
cycles exhibit consistent values of P, Q, and T,. This suggests that the individual values
of these parameters play an important role in determining the cell performance. Because
the discharge patterns of these cells remain unchanged (Figure 1), separately considering
these values may be less significant. Interestingly, the electrochemical time constant T, was
observed to have a value in the range of 12 to 15 s for every cell. As mentioned before,
this time constant T, could represent the overall electrochemical reactions, such as ionic
transport within the surface film, charge transfer at the electrode interface, and chemical
diffusion within bulk particles, because the employed ECM was based on the Randles
circuit. Along this line, the consistent T, values imply that the overall time domain of the
electrochemical reaction was approximately 10 s.
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Figure 2. Fitting profiles using Equation (2) of grade A cell at (a) CH 1 and (b) CH 2.
Table 1. The nonlinear least squares best-fitted values using Equation (2) from grade A cell during
10 cycles using 5 cells.
CYC1 CYC2 CYC3 CYC4 CYC5 CYC6 CYC7 CYCS8 CYC9 CYC10
P 4.570 4.658 4.647 4.645 4.653 4.645 4.645 4.642 4.635 4.659
Ch1 Q©) -1.010 —-0.7381 —0.7253 —0.7229 —-0.7289 —0.7222 —-0.7219 —0.7186 —0.7106 —0.7348
T 12.41 15.24 15.04 14.98 15.04 14.94 14.91 14.85 14.75 15.01
P (V) 4.391 4.555 4.540 4.537 4.535 4.531 4.532 4.525 4.528 4.544
Ch2 Q(v) —-0.8308 —0.6685 —0.6538 —0.6505 —0.6536 —0.6549 —0.6564 —0.6509 —0.6555 —0.6742
T (s) 11.29 15.31 15.07 14.98 14.99 14.99 15.00 14.92 14.99 15.22
P (V) 4.583 4.569 4.556 4.556 4.554 4.553 4.555 4.554 4.558 4.568
Ch3 Q) 06897 —06770 —0.6608 —0.6603 —0.6580 —0.6564 —0.6588 —0.6571 —0.6604 —0.6722
T (s) 15.50 15.32 15.05 15.02 14.96 14.91 14.93 14.90 14.93 15.06
P (V) 4.579 4.563 4.559 4.561 4.559 4.558 4.557 4.566 4.575 4.580
Ch4 Q) -0.6769 —0.6570 —0.6522 —0.6537 —0.6510 —0.6504 —0.6481 —0.6570 —0.6680 —0.6734
T (s) 15.42 15.09 14.99 14.99 14.92 14.89 14.85 14.96 15.09 15.15
P (V) 4.561 4.545 4.542 4.546 4.546 4.547 4.544 4.550 4.558 4.558
Ch5 Q) —-0.6578 —0.6396 —0.6364 —0.6395 —0.6398 —0.6409 —0.6366 —0.6436 —0.6531 —0.6541
T (s) 15.19 14.88 14.80 14.83 14.82 14.82 14.75 14.84 14.94 14.94

Figure 3 displays the typical galvanostatic charge—-discharge cycling performance of a
grade A cell until the 250th cycle. The stability of the cycling pattern resembles that of a
fresh cell. This indicates that LIB cells can be used for other applications after their EOL.
In addition, the expected cycling performance calculated using Equation (6) is plotted as
a black line, where nonlinear least squares fitting was applied to measured data from the
first 20 cycles.

To ensure the selection of a suitable cycle for the best fitting, the cycle number p
in Equation (6) was selected as 10, 15, 20, and 250, as listed in Table 2. As shown, the
expected time constant changed from 12 to 53 s for the grade A cell Chl. Among these
data, cycle number 20 exhibited a value of 18 s, similar to the fitted results (12-15 s) in
Table 1, indicating that the application of Equation (6) for the prediction of the SOH is
highly reasonable when using the performance data of the 20th cycle. Because the extent of
change in T, was assumed to be less, despite the variation in the values of I, m, and n as
cycling proceeded, the optimal selection of the cycle number was crucial when employing
Equation (4) for the SOH prediction. Hence, the values of [, m, and n in Table 2 were used
in the fitted results shown in Figure 3. In addition, the errors estimated from the difference
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between the real and expected capacity values are plotted in Figure 3b. As shown, the error
range is below 3%, indicating the high accuracy of the SOH prediction using Equation (6)
based on data from the 20th cycle.

e ['rom fitting (b)
e CH1-250th 6F
e ——
4}
2}
oF
50 100 150 200 250 0 50 100 150 200 250
Cycle number(N) Cycle number(N)

Figure 3. (a) The experimental cycle data vs. fitting data profile at CH 1 based on data until the 20th
cycle. (b) The error range between the experimental cycle data vs. the fitting data of grade A used
batteries at CHI.

Table 2. The best-fitted values according to Equation (6) for grade A cells using different numbers of
cycles from the 1st to 10th, 15th, 20th, and 250th cycles.

C1-C10 C1-C15 C1-C20 C 1-C 250
! 35.03 14.32 14.05 14.64
Ch1 m 3.802 0.1751 0.08939 0.2592
n 254.7 7.290 1.948 11.08
7 (s) 35.03 1432 14.05 14.64
! 16.35 14.73 14.60 15.13
Cho m 0.6675 0.1742 0.1182 0.2547
n 12.55 0.8836 —0.1345 8.834
1 () 1373 35.83 2431 52.40
! 43.27 14.78 14.64 15.28
Chs m 5.127 0.1398 0.08999 0.2781
n 269.6 3912 1.382 10.15
1 (s) 1055 28.76 18.51 57.20
! 4543 14.92 14.78 15.92
Cha m 5.409 0.1253 0.07553 0.3894
n 290.8 3.685 1.070 17.26
1 () 1113 25.78 15.54 80.10
! 39.52 14.91 14.81 15.55
Chs m 4521 0.1088 0.07058 0.2778
n 237.2 2.161 0.4225 14.06
T (s) 930.0 22.38 14.52 57.14

A similar process was employed for another grade A cell, as shown in Figures 4 and 5.
The high accuracy, with an error below 4%, was maintained for another four cells, indicating
the validity of Equation (6) for processing the performance data of the 20th cycle. A rough
estimation of the performance data of 20 cycles at a rate of 1C would require measurements to
be acquired for approximately two days. Therefore, our approach requires further improve-
ment before it can be practically applied to predict the SOH. Furthermore, the initial capacity
was measured to be in the range of 14.0 to 14.8 Ah with a smaller discrepancy.
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Figure 4. (a—d) The experimental cycle data vs. fitting data profile at CH 2-CH 5 of grade A
used batteries.
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Figure 5. (a—d). The error rate of the experimental cycle data vs. the fitting data of grade A used
batteries at CH 2-CH 5.

A similar process was used to evaluate Equations (2) and (6) for the grade B and C
cells. In Figure 6, a typical discharge pattern is plotted for ten cycles, and the fitted results
are shown in Figure 7.
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Figure 6. Shows the discharge profile of 10 cycles of grade B used batteries at (a) CH 1 and (b) CH 2
using a constant current (CC) discharging method.
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Figure 7. Discharge data vs. fitting profile of grade B cell at (a) CH 1 and (b) CH 2.

As listed in Table 3, the T, values remain constant, irrespective of the measured cells,
from 14 to 16 s, implying a slight increase in the time constant for grade A cells. To utilize
Equation (4), the cycle number was selected, and the results are listed in Table 4.

Table 3. The nonlinear least squares best-fitted values according to Equation (2) during 10 cycles
using 5 grade B cells.

CYC1 CYC2 CYC3 CYC4 CYC5 CYCoeo cYyc?z CYCS8 CYC9 CYC10

P (V) 4.555 4.534 4.524 4.521 4.534 4.534 4.532 4.544 4.549 4.552
Ch1 QW) —0.6432 —-0.6214 —0.6126 —0.6100 —0.6219 —0.6216 —0.6196 —0.6308 —0.6387 —0.6428
T1 () 15.02 14.67 14.52 14.46 14.61 14.58 14.54 14.67 14.76 14.80

P (V) 4.735 4712 0.01894 0.01871  0.01856 4.672 4.672 4.664 4.681 4.686
Ch2 QW) —-0.8373 —0.8151  0.0178 0.0176 0.0175 -0.7806 —0.7812 —0.7728 —0.7931 —0.7999
T1 (S) 16.39 16.07 0.2388 0.2359 0.2337 15.57 15.56 15.44 15.69 15.76

P (V) 4.686 4.674 4.673 4.667 4.665 4.666 4.660 4.647 4.667 4.668
Ch3 QW) -0.7861 —0.7764 —0.7769 —0.7707 —0.7691 —0.7689 —0.7622 —0.7490 —0.7712 —0.7741
T1 (S) 15.80 15.68 15.67 15.57 15.54 15.51 15.41 15.23 15.50 15.52

P (V) 4.659 4.647 4.648 4.644 4.646 4.646 4.644 4.637 4.652 4.659
Ch4 QW) -0.7473 —-0.7331 —-0.7329 —-0.7281 —-0.7296 —0.7290 —-0.7270 —0.7192 —0.7362 —0.7444
T1 (S) 15.28 15.08 15.05 14.97 14.97 14.94 14.91 14.80 14.99 15.07

P (V) 4.655 4.645 4.628 4.637 4.625 4.623 4.622 4.635 4.652 4.652
Ch7 Q) -0.7496 —-0.7377 —-0.7222 —-0.7303 —0.7194 -0.7178 —-0.7164 —0.7275 —0.7475 —0.7483
T1 (8) 15.55 15.35 15.13 15.22 15.06 15.02 15.00 15.12 15.36 15.34
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Table 4. The best-fitted values according to Equation (4) for grade B cells using different numbers of
cycles from the 1st to 10th, 15th, 20th, and 250th cycles.

C1-C15 C1-C20 C1-C 250
! 15.18 15.00 15.68
Ch1 m 0.1799 0.1145 0.3094
n 3.609 1.125 10.30
T (s) 37.00 23.55 63.64
! 13.79 13.64 14.29
Cho m 0.1318 0.07195 0.2402
n 2.338 0.05045 14.49
T 27.10 14.80 49.40
! 13.81 13.70 15.00
Cha m 0.08054 0.03482 0.3687
n 1.376 —0.5738 26.29
1 (s) 16.57 7.163 75.84
! 14.24 13.90 14.64
Cha m 0.1735 0.06561 0.2695
n 9.670 1.729 15.85
T (s) 35.69 13.50 55.44
! 14.20 14.01 14.69
Ch7 m 0.1447 0.07837 0.2561
n 3.761 0.6901 15.56
7 (s) 29.78 16.12 52.69

As shown in Table 4, the 1, values range from 13 to 23 s, which constitutes a wider
distribution when compared with that of the grade A cells.

This comparison reveals that grade B cells were degraded to a larger extent, based on
their higher 1, values with wider distributions, indicating a more sluggish electrochemical
process. The cycling performance and expected capacity values are plotted in Figure 8. First,
the initial capacity was measured from 14.7 to 13.5 Ah, indicating increased discrepancy.
However, the predictions using Equation (6) until the 20th cycle demonstrated that the error
level was as low as 4%, which is similar to that of grade A cells. Although cell degradation
proceeded to a greater extent in grade B cells, prediction of the SOH was expected to be
possible by selecting a suitable number of cycles.

A similar analysis was performed for grade C cells, and the results are plotted in
Figures 8-10. In Figure 9, a peculiar linear decrease in the discharge capacity, which differs
from that of the grade A and B cells, is observed for the two cells.

As is evident from Table 5, the time constants of the discharge patterns obtained
using Equation (2) are widely distributed, and the values for only two cells, Ch3 and Ch5,
are detected at approximately 15 s. Because a simple classification was employed in our
experiment, the three grades based on capacity and DC resistance are arbitrary. The cells
for Ch3 and Chb5 exhibited high resistance but medium capacity. In addition, the ECM
employed to describe the total electrochemical behavior is highly simplified.

As shown in Table 6, a suitable cycle number was selected using Equation (4). A large
fluctuation in T, was observed for cells Ch 1, 2, and 4, whereas values of 28 and 10 s were
obtained for cells Ch3 and 5, respectively. Based on this result, the assumption that the time
constant changed less because of abrupt changes in the overall electrochemical reactions
was shown to be invalid. This indicates that Equation (4) is unsuitable for predicting the
SOH of highly degraded LIBs.

The estimated t, values from best-fit discharge patterns are plotted in Figure 10, and
the error range is also shown. As shown, TC values from grade A have the lowest error
range, located within a highly accurate range of values, indicative of the consistency of our
approach and a highly reasonable prediction of the SOH of grade A cells. Grade B cells
have an increased error range of t;, and there is a wide discrepancy in the error range for
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grade C-type cells. Hence, it is highly valuable to utilize the TC of individual cells as the
critical parameter, which can be extended into the prediction of cycling performance from
a reasonable selection of SOHs based on Equation (6).
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Figure 10. Comparison of electrochemical time constant according to cell grade types A, B, and C

from the nonlinear least squares fitting during the galvanostatic discharge reaction.

Table 5. The nonlinear least squares best-fitted values according to Equation (2) during 10 cycles

using 5 grade C cells.
C1 C2 C3 C4 C5 Ceo Cc7 Cs8 Cc9 Cc10
P (V) -53,702.7  —28,577.6 —64,446.8 —50,783.6 —72918.7 21.57107 —67249 —76,536.2 —59,558  55.69349
Ch1 Q) 53,706.46 28,581.38 64,450.59 50,787.33 72,922.47 —17.7958 67,252.73 76,539.94 59,561.82 —51.9156
T1 (8) 342,140 182,626.2 414,1204 325,295.2 463,704.2 116.302 424,004.2 478,618.2 368,780.3 320.038
P (V) —1.60113 —0.96858 —4.6612 —6.29289 —5.14953 —6.98678 —6.24893 —5.82573 —5.43682 —3.60366
Ch2 Q) 5.38769 475587 845944 10.09036 8.94919 10.78696 10.04671 9.62309  9.23147  7.39686
T1 (8) 32.85228 28.76151 53998  65.44687 57.67349 70.22137 65.07207 61.82811 59.12841 46.65805
P (V) 4.65828 4.64631 4.62864 4.63438  4.63265  4.63001  4.62903  4.62018  4.63154  4.63595
Ch3 Q) —0.76585 —0.75257 —0.73937 —0.74507 —0.74277 —0.7409 —0.7395 —0.72982 —0.74946 —0.75579
T1 (8) 15.5051 152741  15.0965  15.1587  15.1049  15.0758  15.0454 14.894 151051  15.1748
P (V) —364419 —534.915 —26482.2 —19,372.5 —43.7761 —47.0712 —19.1422 -15.4416 -10.3224 —7.02494
Ch4 Q) 364,422.8 538.7366 26,485.99 19,376.3 47.60398 50.90015 2296835 19.2679  14.14652 10.84635
T1 (5) 250 x 106 3604.861 174,633.3 126,372.9 303.3228 320.7659 141.2039 115.9232 83.27393 62.16823
P (V) 4.67995 4.66087  4.65527  4.64273  4.64594  4.65252  4.64419  4.64762  4.66258  4.66295
Ch5 Q) —0.78143 —-0.76618 —0.76289 —0.75163 —0.75343 —0.75912 —0.75007 —0.75064 —0.77058 —0.77211
11 (8) 15.6637 154418 15.3726 152085  15.2155 152793  15.1445 15.1233 153842  15.3938

Table 6. The best-fitted values according to Equation (4) for grade C cells using different numbers of

cycles from the 1st to 10th, 15th, 20th, and 250th cycles.

C1-C15 C1-C20 C1-C 250
! 138.2302 296.9051 9.48609
CH1 m 20.87784 44.77955 1.65587
n 558.6958 657.4966 3.03309
1 () 4294.87 9211.793 340.6361
! 85.35705 216.0331 66.38358
CH o m 12.05898 31.86752 10.67708
n 682.1583 709.5324 258.836
1 () 2480.704 6555.604 2196.428
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Table 6. Cont.

C1-C15 C1-C20 C1-C 250

! 14.26526 13.77415 14.13861

CH3 m 0.29094 0.13671 0.25372
n 7.63046 1.5465 4.86306

7 (s) 59.85051 28.1232 52.19383

! 157.7079 340.3363 9.58917
CH 4 m 26.69073 54.0596 1.7819
n 283.9487 475.7721 1.4131

1 (s) 5490.664 11120.83 366.5623

! 13.63623 13.58724 14.46576

CHS m 0.0729 0.04867 0.26786

n 0.06429 -0.62595 22.27892

7 (s) 14.99657 10.01211 55.10263

4. Conclusions

In our approach, a simplified linear circuit model describing LIBs was utilized in
order to estimate the electrochemical time constant from constant current discharge profiles.
From the derivation of a simple mathematical equation describing cycling performance, it
was confirmed that the theoretical logarithmic equation was derived and highly useful in
the prediction of the state of health of three grades of batteries, which were obtained from
already used LIBs from electric vehicles. Using the electrochemical time constant obtained
from the best-fitting results from constant current discharge data, the suitable cycle number
was selected for the prediction of the state of health in cycling data until the 20th cycle,
which revealed that a narrow error range below 5% was achievable for data on 250 cycles.
Also, this error range became abruptly wider in low-grade batteries from electric vehicles.
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