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Abstract: Lithium-ion batteries on electric vehicles have been increasingly deployed for the enhance-
ment of grid reliability and integration of renewable energy, while users are concerned about extra
battery degradation caused by vehicle-to-grid (V2G) operations. This paper details a multi-year
cycling study of commercial 24 Ah pouch batteries with Li(NiMnCo)O2 (NCM) cathode, varying
the average state of charge (SOC), depth of discharge (DOD), and charging rate by 33 groups of
experiment matrix. Based on the reduced freedom voltage parameter reconstruction (RF-VPR), a more
efficient non-intrusive diagnosis is combined with incremental capacity (IC) analysis to evaluate the
aging mechanisms including loss of lithium-ion inventory and loss of active material on the cathode
and anode. By analyzing the evolution of indicator parameters and the cumulative degradation
function (CDF) of the battery capacity, a non-linear degradation model with calendar and cyclic
aging is established to evaluate the battery aging cost under different unmanaged charging (V0G)
and V2G scenarios. The result shows that, although the extra energy throughput would cause cyclic
degradation, discharging from SOC 90 to 65% by V2G will surprisingly alleviate the battery decaying
by 0.95% compared to the EV charged within 90–100% SOC, due to the improvement of calendar life.
By optimal charging strategies, the connection to the smart grid can potentially extend the EV battery
life beyond the scenarios without V2G.

Keywords: lithium-ion battery; NCM; degradation experiment; electric vehicle; vehicle-to-grid (V2G);
aging mechanism; smart grid

1. Introduction

Future power systems would face the problem of an enlarged energy imbalance gap
and declined inertia stability due to ‘dual-high’ characteristics, namely, the high penetration
of intermittent renewable energy (RE) and a high proportion of power electronics with
low inertia [1–3]. With the rapid development of electric vehicles (EVs), more and more
attention has been given to the potential of the massive amount of EV batteries functioning
as distributed energy storage through vehicle-to-grid (V2G) integration [4–7].

However, the battery degradation would significantly influence the users’ willingness
to participate in V2G [8,9], as well as the social benefits and business models of V2G [10,11].
The V2G integration in the distribution network may even become uneconomical if degra-
dation costs are considered [12]. Therefore, it is imperative to accurately investigate the
aging characteristics under different V2G operating profiles, not only to develop intelligent
strategies for charging/discharging scheduling of individual vehicles [13], but also to
achieve the overall cost-effectiveness of the aggregated EV groups [14] in the communities.
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Battery models in the vehicle and grid integration systems often ignore degrada-
tion [15], and, as a result, the batteries are often considered ideal components without
detailed consideration of efficiency and life cost [16], or regarding a fixed lifetime of
10–20 years [17]. As to degradation-aware studies of battery performance in the power
system, the lack of data on degradation processes combined with the requirement of fast
computation has led to over-simplified models of battery degradation [18]. Empirical
battery models are usually used to calculate the degradation under V2G operations, where
the battery aging cost is simplified as a primary or secondary function of energy or power
throughput [19]. The semiempirical battery cost model regarding the state of charge
(SOC), depth of discharge (DOD), and currents are adopted in [20] to design the optimal
scheduling with global benefits. However, the simplified models may not be adequate
to access the battery life in reality, as found in our previous work that the degradation
performs non-linear characteristics with prolonged cycling [21] and the varied models
may lead to different economic results [22]. Therefore, to quantify the degradation under
different working conditions, it is a prerequisite to conduct experiments instead of using
simplified models.

During the practical use of lithium-ion batteries, the state of charge (SOC), depth of
discharge (DOD), and C-rate (charging and discharging rate), as well as the temperature,
are the main factors that determine the aging paths [23,24]. In this paper, we mainly focus
on the factors under the moderate ambient temperature, for the purpose of suggesting
more economic charging and discharging strategies. As for the SOC, DOD, and C-rate
factors, researchers have carried out numerous studies to figure out their impact on aging
behaviors and mechanisms.

The SOC range affects the life of lithium-ion batteries with Li(NiMnCo)O2 (NCM)
cathode a lot, especially the calendar aging, and some studies have distinguished the
effect of the more refined part of the full SOC range (100%). Five SOC cycling ranges
of every 20% from 0–20% to 80–100% are studied in [25,26] and it is found that cycling
under 0–20% causes more impedance increase and less capacity loss. The degradation was
more significant under higher SOC induced by loss of active material (LAM) and loss of
lithium inventory (LLI). SOC ranges of 0–25%, 0–50%, 75–100%, and 50–100% are tested
in [27] and the results show that LLI increases as the SOC range increases. While the test
results in [28] show that batteries cycled in the high and low SOC range exhibited the
fastest degradation, inconsistent with the conclusion in [25] that the lower the SOC, the
better the battery life. Moreover, the SOC ranges are controlled by the same cutoff voltage,
and the real cycled SOC range may have changed with the battery degradation. In [29],
cyclic aging experiments are conducted on 2.5 Ah 18,650 type batteries with the blend
of LiNi0.5Co0.2Mn0.3O2 (NCM) and LiNi0.9Co0.05Al0.05O2 (NCA) as the cathode material.
The SOC ranges are reached by the Ampere-hour integral method and the tests show that
cycling in the medium SOC range resulted in lower capacity loss and was better than those
in high average SOC and low average SOC cycle. It is also found that in the low SOC range,
such as 5–25% SOC, the cycling tends to exhibit nonlinear capacity fading (‘sharp drop’ of
the capacity). Five 4Ah NCM batteries are performed cyclic aging tests at different SOC
and DOD in [30]. It is found that with the same DOD, a lower average SOC has led to less
battery aging (applied to the average SOC > 40%). Similar behavior was observed in [31],
where cells cycled at an average SOC of 35 and 65% aged faster than cells cycled at an
average SOC of 50%.

The battery capacity decaying usually increases with larger DOD on the same time
scale [28,32]. On the other hand, the C-rate has led to varied results in the previous literature.
Most studies indicate that the higher C-rate would reduce the battery life [18], while some
experiments have shown that the battery capacity decline speed at discharge current rates
1.5 C and 2 C is smaller than that at 0.5 C and 1 C [33]. The battery performance under 2 C
tests was also superior to those under 1 C current rates in [32]. Researchers have also found
that if the temperature is controlled to a strict constant, the C-rate has a very limited effect
on the battery aging results [34]. In effect, it is still essential to obtain a more explicit and
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detailed verdict concerning the influence of SOC range, DOD, and C-rate on the battery
aging behavior and mechanism.

As for the battery studies focusing on grid applications, researchers have carried
out experiments and simulations to investigate the battery aging behaviors under V2G
conditions, but it is still not clear how the V2G would affect the life of the batteries. In [35],
results show that even performing V2G once a day leads to over 33% more degradation
than the EVs with routine travel conditions. While some researchers find that battery
life can, counter-intuitively, be extended under specific V2G working profiles [36], due
to the improvement of the average SOC range related to calendar aging. The frequency
regulation or light peak shaving V2G operations with smaller SOC changes is usually
believed to cause less deterioration to the batteries [37], while it is argued in [38] that, after
the equal Ah throughput, capacity fade is higher for frequency service due to higher SOCs
than peak shaving. A similar conclusion is derived from [39] that Ah throughput almost
doubled from 120,000 Ah to 230,000 Ah with only 20% lifetime reduction. Cycling aging is
usually regarded as the main concern involving degradation cost in grid applications [40],
while in [41] calendar aging is modeled as the main degradation function for common EV
charging profiles. It is concluded in [42] that different ancillary services such as frequency
regulation and peak shaving will lead to a varied combination of calendar and cycling
aging. To sum up, these studies above did not conduct comprehensive detailed modeling
for different SOC, DOD, C-rate, and V2G operating conditions to evaluate the path of
V2G affecting battery aging. In addition, these works are often applicable to small-sized
batteries (<5 Ah) which may ignore the inconsistency in the electrode.

In general, the gaps in the application of the battery aging model on V2G operation
evaluation lie in that the experiment and mechanism analysis have not investigated the
cycling under a more detailed DOD range, like 10 and 5% at different average SOC points.
Additionally, the accelerated aging tests with higher temperature or C-rate to reduce the
test time in many studies may change the aging mechanisms and the degradation paths [43].
Finally, the battery aging evaluation under V2G working profiles should be conducted with
more realistic experimental results instead of the simplified simulation model, so that the
V2G participants can cost-effectively earn profit in the grid service market. Over the above
considerations, we have taken more than one year to conduct the cycling and calendar
aging experiments on the commercial NCM batteries of different SOC ranges, DOD ranges,
and C-rates, under the ambient temperature and moderate C-rates to simulate the actual
use scenario of the battery to the maximum extent.

The main contributions are summarized below:

• 27 sets of cyclical and 6 sets of calendar aging experiments are carried out on the
commercial Li(NiMnCo)O2 batteries with nominal capacities of 24 Ah, studying
different combinations of SOC, DOD, and C-rate.

• Cycling conditions are adjusted according to the decaying of the whole battery every
30 equivalent full cycles to maintain the same SOC range.

• Quantification of the aging mechanisms is investigated through a reduced freedom
voltage reconstruction method, converging faster while maintaining accuracy.

• The driving, parking, charging, and discharging patterns designed based on real-world
data are used to generate V2G operating profiles.

• Battery degradation maps are applied to calculate the degradation of the V2G opera-
tion and the EVs without V2G.

The remainder of this paper is organized as follows: Section 2 describes the experi-
mental setup and cycling conditions, along with the methodology of aging mechanism
identification and quantitative modeling. Section 3 depicts the battery aging test results
and the mechanism analysis by the proposed method. Section 4 presents the nonlinear
aging modeling through the experimental results, and the effects of different V2G operating
conditions on battery degradation. Finally, Section 5 concludes the paper with the key
findings and future prospects.
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2. Experiment and Methodology
2.1. Experimental Setup and Test Conditions

As shown by Figure 1, the experiments include 27 sets of cycled cells and 6 shelf test
cells: 3 × 5 sets of five average SOC (10, 30, 50, 70, 90%) and three varied DOD ranges (5,
10, 20%); 3 × 4 sets of four different DOD cycled under average 50% SOC and three C-rates.
The shelf life experiments are conducted under six fixed SOC points, namely, 10, 30, 50, 70,
90, and 100%.
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Figure 1. Experiment matrix design of three factors: different battery cycle SOC ranges, DOD ranges,
and C-rates. The position of the rectangles represents the SOC range and deeper color indicates
larger DOD.

It is worth noting that after each 30 equivalent full cycles (EFC), we performed a
standard capacity test, and updated the energy boundary corresponding to each SOC range
with the latest measured capacity. This design is different from many experimental design
schemes which are usually cycled with the same energy boundary or cutoff voltage, which
may lead to a change in the real SOC range. In effect, such design in this paper is more
consistent with the energy management system strategies on the EVs, since the SOC range
would be updated according to the voltage curve through embedded algorithms.

To reflect the average working conditions of the batteries in the real world, instead
of using accelerated techniques such as high temperature, the tests are performed at a
constant average temperature of around 25 ◦C, controlled by the environmental chamber.
Additionally, the majority of the test sets are performed under 0.5 C instead of higher
C-rates.

In this study, we took a batch of commercial 24Ah pouch lithium-ion batteries man-
ufactured by Wanxiang A123 System Asia Co., Ltd. as the test object. The main featured
parameters of the tested battery are listed in Table 1. It used graphite as the anode and
Li(NiMnCo)O2 (NCM) as the cathode. The electrolyte is 1 M LiPF6 dissolved in a mixture
of EC (ethylene carbonate) and EMC (ethyl methyl carbonate) (3:7 by volume).
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Table 1. Nominal specifications of the test battery.

Item Specification

Cathode material Li(NiMnCo)O2
Anode material Graphite

Electrolyte 1 M LiPF6/EC:EMC (3:7)
Nominal capacity 24 Ah
Nominal voltage 3.7 V

Max. continuous charge current 1 C
Charge cut-off voltage 4.2 V

Max. continuous discharge current 3 C
Discharge cut-off voltage 2.5 V

Figure 2 presents the experimental setup of the test bench and data acquisition in this
paper. The aging test was carried out under various cycle conditions by using a Neware
Tester with a specific power flow of test programs. During the process of the cycling
test, the batteries were placed in the thermostatic room, which can maintain a constant
ambient temperature of 25 ◦C with air conditioning and fans. A personal computer (PC)
commanded the Neware Tester via control software and saved cycling data of cells in the
database. In order to guarantee the same initial external conditions, we used two epoxy
resin plates with a size of 6 mm × 220 mm × 160 mm to clamp the two sides of each battery.
The plates are electrostatic insulating and the material falls into the FR-4 category, which
is composed of woven fiberglass cloth with an epoxy resin binder that is flame resistant.
Then the plastic ties are fixed at the same distance from both ends of the battery. All ties
retain the same length of engagement to ensure the same tightening force. Small holes
are drilled on the resin plates to accommodate thermocouples to monitor the temperature
changes on the battery surface, and the T-type thermocouple with an accuracy of ± 1 ◦C
is instrumented.
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Figure 2. Experimental setup: (a) test bench for degradation programs and data acquisition; (b) bat-
tery capacity test and HPPC test during one cycle; (c) the typical discharging voltage curve evolution
with cycle numbers; (d) the temperature change during cycling programs of different C-rates; (e) pos-
itive and negative electrode surfaces of one aged battery.

The battery capacity is updated every 30 equivalent full cycles with a standard capacity
test (after the battery is charged to 4.2 V with a constant current of 1/3 C, it is then charged
with a constant voltage of 4.2 V until the charging current is less than 1/20 C). Then a
1/20 C constant current charging is conducted to obtain the quasi-static voltage curve for
subsequent analysis of aging mechanisms. Finally, the HPPC test is implemented to acquire
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the change of internal resistance. The capacity test current and voltage during one cycle
are depicted in Figure 2b. The evolution of the discharging voltage curves of one typical
tested cell is shown in Figure 2c. The trend has clearly shown that the maximum available
capacity has declined since the cutoff voltage is reached earlier with the increase of the
cycle numbers. Figure 2d presents the temperature plot after the batteries are employed
with different cycling currents from the shelved state. The figure shows a temperature
rise under 2 C currents while it remains close to the ambient temperature at 0.5 C and 1 C
conditions. Figure 2e depicts the electrode surfaces of the battery that experienced a ‘sharp
drop’ of capacity, appearing in many grey attachments that cannot be cleaned off.

2.2. Methodology
2.2.1. Experiment Data Processing

(1) Correction of the temperature fluctuation

During the actual capacity test, we found that the ambient temperature in the thermo-
static room fluctuates within 5 ◦C, so it is imperative to perform temperature correction on
the test results to obtain the capacity under 25 ◦C. According to the temperature charac-
teristic test of the battery, the discharge capacity of the battery decreases significantly in
the low-temperature environment, and the discharge capacity of the battery increases in
the high-temperature environment [44]. When the temperature is 25 ◦C and the DOD is
100%, the temperature is an important factor affecting the DOD and capacity of the battery.
According to the research in [45], we use the interpolation method to uniformly correct the
results of the state of health (SOH) to the temperature of 25 ◦C, as shown in Equation (1).

SOHi,cor = SOHi × (1− 0.02× (Ti − 25)/10) (1)

where SOHi,cor is the temperature-corrected result, and Ti represents the average value of
the temperature sensor during the charging period of the ith cell.

(2) Equivalent cycle numbers and cumulative degradation function (CDF)

In order to compare the aging behaviors under different cycling conditions, the equiv-
alent full cycle (EFC) is used as the cycle number. As a matter of fact, the throughput
capacity and cycle time of the batteries cycled in the 0–100% SOC interval are about five
times that of the partitioned 0–20% SOC interval during one single cycle. Therefore, for
the cycling range of 20% DOD, the number of cycles is set to five times the 0–100% cycle
during the same time period. In this way, when the standard capacity test was performed
after every 30 EFCs, the accumulated throughput capacities experienced by the different
batteries were basically the same. Additionally, this definition makes sure that the cells
under the same equivalent cycle numbers have undergone roughly the same calendar time
at the same C-rate.

2.2.2. Battery Mechanism Investigation

The voltage parameter reconstruction (VPR) is a commonly adopted non-intrusive
technique to quantitatively analyze the degradation mechanisms and aging paths of lithium-
ion batteries [46]. This method only requires disassembling one fresh battery to perform
the coin cell tests on the anode and cathode material. The open circuit voltage (OCV) of
the positive and negative electrodes is obtained by charging and discharging the coin cells
with a small current.

When the constant charging current I is relatively small, the battery terminal voltage
Ṽ(t) can be reconstructed with its balance potential of positive and negative electrodes and
internal resistance by Equation (2).

Ṽ(t) = Uref
p (y(t))−Uref

n (x(t)) + IR (2)

where R represents the internal resistance of the battery, Ure f
p (y) and Ure f

n (x) stand for the
cathode and anode equilibrium potential of the corresponding lithium-ion concentration.
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The cathode lithium-ion fraction y(t) and anode lithium-ion fraction x(t) can be calculated
by Equations (3) and (4).

y(t) = y0 −
It
Cp

(3)

x(t) = x0 +
It
Cn

(4)

where Cp and Cn are the capacities of the cathode and anode, respectively, y0 and x0 are
lithium-ion fractions of the battery at the beginning of charging of the cathode and anode,
respectively. The voltage Ṽ(t) during constant small current charging is measured through
experiments of 1/20 C charging. It is assumed that the whole charging process is from
t1 to tn, and n points are sampled. The battery terminal voltage can also be calculated by
model simulation in Equations (2)–(4). The root mean square error (RMSE) between the
simulation estimation result and the test result can be calculated in Equation (5).

RMSE =

√
1
n ∑tn

t=t1

(
V(t)− Ṽ(t)

)2
(5)

Usually, researchers have to calibrate five parameters to reconstruct the open circuit
voltage [33]. Parameters [Cp, Cn, y0, x0, R] can determine the estimated battery terminal
voltage Ṽ(t) under constant current charging. The heuristic algorithms like a genetic
algorithm (GA) can be employed to minimize the optimization target RMSE to identify the
five featured parameters.

With parameters [Cp, Cn, y0, x0] identified, the total lithium of the battery (QLi) can be
calculated by Equation (6). QLi is the sum of the amount of lithium in the positive electrode
and that in the negative electrode, whose degradation represents the loss of lithium ions:

QLi = y0Cp + x0Cn (6)

However, only two degrees of freedom are needed to determine the voltage curve,
which is the relative distance and relative length of the cathode and anode voltage curves.
By calibrating the five parameters [Cp, Cn, y0, x0, R], we are actually shifting the position
and length of the two curves so that their subtraction is the closest to the measured terminal
voltage. So here we propose a reduced-freedom voltage parameter reconstruction (RF-VPR)
method, aiming to increase the efficiency of the identification by reducing the number
of parameters.

Considering that the terminal voltage curve is obtained by subtracting the cathode and
anode potential curves, the RF-VPR method can be used, in which the identified parameters
are ∆p and Cre. ∆p represents the relative position of the positive and negative curves. Cre
represents the relative capacity of the positive and negative electrodes. ∆p and Cre can be
calculated by Equations (7) and (8).

∆p = y0 − xend (7)

Cre =
Cp

Cn
(8)

After the reconstruction Cp can be calculated by Equation (9) and y0 can be calculated
by Equations (9) and (10).

Cp = Cn × Cre (9)

xend = x0 −
C0

Cn
(10)

y0 = xend + ∆p = x0 −
C0

Cn
+ ∆p (11)
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To find the absolute position of the battery voltage curve x0, we compared the IC (in-
cremental capacity) curves to match the simulation and experimental data to the maximum
extent. It is also assumed that the identified resistance is approximately constant. With
only two parameters to be identified, the method can reduce the computational scale of
subsequent processing, where the heuristic algorithm converges faster and the information
is more concentrated.

2.2.3. V2G Operation with Cumulative Battery Aging

(1) Generation of V2G operating profiles

The daily travel plan of an electric vehicle (EV) is shown in Figure 3. The EVs are
supposed to be private cars that travel twice a day, heading for work from home in the
morning and back home in the evening. Based on the statics of the traveling and charging
behaviors in Beijing [47], we have designed four typical EV profiles without V2G and
fourprofiles with V2G operations. The profiles are depicted in Section 4.2.
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Figure 3. Daily travel plan of electric vehicle.

The charging time TC, change of SOC after traveling SOCconsumption, and the time
period during the trip ttravel are described by the following equations.

TC =

{
0

(Stravel
SOC −Etravel

SOC ) × C × 60
Pcha×η

(12)

SOCconsumption =
travelrange × h

C
× 100% (13)

ttravel =
travelrange

travel index
(14)

(2) where Stravel
SOC represents the SOC at the beginning of travel, Etravel

SOC represents the
SOC at the end of travel, C represents the battery capacity of the electric vehicle,
Pcha represents the charging power of the electric vehicle, η represents charging
efficiency, travelrange is the travel mileage, and h is the power consumption on one-
hundred-kilometer.Battery calendar and cyclical aging

• Calendar aging

In the literature, calendar aging tests are performed under constant temperature and
SOC constraints [48,49]. Typically, battery degradation due to temperature is expressed as
the square root of time [50,51], and temperature and SOC are constant. The incremental
calendar aging function from time t−1 to t can be expressed as:

qcalendar
loss (T, SOC, t) = K(T, SOC) ·

(√
t−
√

t− 1
)

(15)

where qcalendar
loss means calendar aging, T is temperature, K is the rate coefficient which is a

function of T and SOC, and t is time. The SOC of the battery is updated by Equation (16)
depending on whether the battery charges or discharges at a specific time t.
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SOCt = SOCt−1 +

(
Pcha

t − Pdch
t

)
∆t

Vnom It
, t = 1, 2 . . . , N (16)

where Pcha
t is the EV charging power,Pdch

t is the EV discharge power, Vnom is the nominal
voltage of the battery, It and is the current of the battery. We assume that the calendar
aging caused by staying at different SOC points for each time period can be superimposed.
Therefore, as for the batteries cycled through the SOC path SOC0, . . . ,SOCt, . . . ,SOCN , the
cumulated calendar aging can be calculated as:

Qcalendar
loss (N) =

N

∑
t=1

qcalendar
loss (T, SOCt, t) (17)

It is worth noting that the calculation time interval is set as 1 s, and the SOC can be
considered to remain basically unchanged during this small period of time.

• Cumulative degradation function (CDF)

The cumulative degradation function [18] is used to calculate the battery aging under
cycling conditions. First, the absolute capacity loss cycled in the different SOC range from
the experimental results, as depicted in the following Figures 4 and 5, can be divided into
three different intervals, namely, 5, 10, and 20%.

Loss(SOCt) =


δ

Cyc
20%,k , SOCt ∈ [20%k, 5% + 20%k) ∪ [15% + 20%k, 20%(k + 1))

δ
Cyc
10%,k , SOCt ∈ [5% + 20%k, 7.5% + 20%k) ∪ [12.5% + 20%k, 15% + 20%k)

δ
Cyc
5%,k , SOCt ∈ [7.5% + 20%k, 12.5% + 20%k)

(18)

where Cyc is the equivalent cycle that is adopted to calculate the degradation,
k ∈ {0, 1, 2, 3, 4, 5} denotes the SOC range from 0–20% to 80–100%, SOCt is the query
SOC point where the degradation is computed. Then the capacity loss cycled in each re-
fined interval is assumed to be linear, and the piecewise linear degradation density function
(DF) fDF(SOCt) is obtained as:

fDF(SOCt) =


δ

Cyc
20%,k−δ

Cyc
10%,k

10% , SOCt ∈ [20%k, 5% + 20%k) ∪ [15% + 20%k, 20%(k + 1))
δ

Cyc
10%,k−δ

Cyc
5%,k

5% , SOCt ∈ [5% + 20%k, 7.5% + 20%k) ∪ [12.5% + 20%k, 15% + 20%k)
δ

Cyc
5%,k
5% , SOCt ∈ [7.5% + 20%k, 12.5% + 20%k)

(19)
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The piecewise linear cumulative degradation function (CDF) can thus be obtained by
integrating the degradation density function at each SOC point. The CDF function curves
are shown in the following Section 4.1. The different portioned SOC ranges and diverse
C-rates would lead to varied CDF results.

FCDF(SOCt) =
∫ SOCt

0
fDF(SOC)dSOC (20)

As for the batteries cycled through SOC path SOC0, . . . ,SOCt, . . . ,SOCN , the cyclical
aging can be calculated as:

QCycling
loss (N) =

N

∑
t=0

fDF(SOCt)|SOCt − SOCt−1| (21)

Then the overall battery degradation is expressed as:

Qbat
loss(N) = Qcalendar

loss (N) + QCycling
loss (N) (22)

where Qbat
loss is the total capacity loss; Qcalendar

loss is total calendar aging;QCycling
loss is the total

cycle loss.

3. Battery Aging Results
3.1. Full-Cell Degradation under Equivalent Full Cycles
3.1.1. Different SOC Ranges

Generally, for the common operating range of 30–100% SOC for BEV, cycling under the
lower SOC range could extend the battery life. Especially the cells cycled around 50% SOC
have shown the lowest degradation. Similar conclusions were obtained in studies [29,30],
that cycling in the mid-SOC range resulted in lower capacity losses. However, when
the average cycling SOC is lower than 30%, there comes a contrary trend of increased
degradation with lower SOC. From Figure 4c, it can be seen that the cells cycled under
0–20% and 80–100% have both experienced sharp and nonlinear capacity decay in the later
period of the cycle life. A similar phenomenon is observed in [28,29], where the cells cycled
in the extremely high and low SOC range have shown the fastest degradation. There are
works of literature explaining this phenomenon that the corrosion of the anode copper
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current collector and the cathode active material structure disordering would dramatically
affect the battery life [23].

Figure 5 shows the cells’ average capacity degradation of each cycle after 660 equiv-
alent cycles at different average SOC with three DOD ranges (5, 10, 20%). The results of
different SOC ranges demonstrate that the batteries cycled in high and low SOC intervals
will sustain the most capacity loss. The maximum capacity loss occurs in the 0–20% SOC
cycle, which is 18.65%, followed by the 80–100% SOC cycle, which is about 17.88%. A mini-
mum in aging is detected for the cells cycled around 30% and 50% average SOC. The cells
cycled at 50% average SOC with 10% DOD have only experienced a capacity loss of 4.34%
after prolonged cycling. Therefore, operating within 30–70% SOC is more beneficial to the
NCM batteries with other conditions being equal. Additionally, this result demonstrates
that if the grid application is performed around 45–55% SOC for the battery, the negative
effect of the extra charging and discharging may be alleviated to the least. With the increase
in average SOC, the ratio of calendar life to total aging increased from 1.77% in the 20–40%
SOC cycle to 18.6% in the 80–100% SOC cycle. The proportion of calendar and cyclical
aging indicated that the battery cycled under high SOC ranges will suffer more from the
deterioration of thermodynamic property, while the bottom SOC interval cycling will lead
to more kinetic performance degradation, which is also consistent with the phenomenon
that occurred in [25].

To better understand the mechano-electrochemical coupling characteristics, we have
also conducted the battery deformation test, and the non-destructive test devices are
described in [52]. The results are shown in Figure 6, which can be used to explain to some
extent why the SOC range has a significant impact on the battery aging results. There is
the highest rise of deformation rate around 10% SOC during the charging process. The
intercalation and deintercalation of the lithium-ions will cause more severe repetitive stress
and strain to the electrode, and the accumulation of the microscopic structural damage will
lead to more fracture and loss of active material (LAM). This phenomenon is consistent with
the fact that the cyclical loss of capacity within 0–20% SOC is higher than that of 80%-100%
SOC. Additionally, the battery deformation cycled within 40–60% SOC experienced little
change, accordant with the lowest capacity loss in this interval.
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3.1.2. Different DOD and C-Rate

As presented in Figure 7, the battery cycling at 80% DOD reaches 80% SOH faster than
the battery cycling at 40% after being transferred to the same equivalent cycles (the slope
of the battery capacity decay path becomes larger), which means that the cycle average
degradation in the range of 10–90% is greater than that in the range of 30–70%. This is in
line with the prior, since the particle cracking, SEI film growth, and other side reactions,
induced by kinetic and thermodynamic processes, are more moderate within the middle
interval of the SOC range.
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Under 40 and 80% DOD, contrary to expectations, the higher charging rates have
led to a less severe battery capacity drop. In effect, such results are also acquired in some
previous studies. The research in [34] found that C-rate will have little effect on aging
results if the temperature is maintained strictly constant. It is observed in [39] that at 20 ◦C,
cells cycled under 1 C and 2 C decay slower than those under 0.5 C. Additionally, the rise
of temperature from 20 to 34 ◦C has improved the battery life under several high C-rates.
This phenomenon may be explained by the improvement of calendar aging under high
C-rates [28]. According to the experimental programs, under the same equivalent cycle
(the same Ah-throughput), the test time at the 2 C rate is half and a quarter of the time at
the 1 C and 0.5 C rates, respectively. Therefore, for this type of NCM power battery, the
reduction in battery shelf time will improve the calendar life, surpassing the cyclic damage
caused by higher discharging currents. In this way, the battery life may be extended under
higher C-rates after the same equivalent full cycles (EFCs). More investigation could be
done on this uncommon trend of degradation induced by C-rate for such cells with large
capacities. In addition, it can be seen that under the 1 C rate experiment in Figure 7a, the
battery experienced a ‘sharp drop’ in capacity after 1000 equivalent cycles. There were gray
attachments on the negative electrode surface that cannot be cleaned off in Figure 2e. From
our previous characterization, such morphology is usually caused by lithium plating [21].

The results of cycling the cells at different DOD ranges at the same current are plotted
in Figure 8. Overall, the capacity loss increases as the DOD increases. Surprisingly, the
results show that the capacity loss is non-linear as a function of DOD, and under a higher
C-rate, the transition DOD becomes larger. The DOD of 40 and 60% with 1 C charging
current are close to each other and this similarity occurs for DOD of 60 and 80% under 2 C
charging rate. Such similar non-linear relation of DOD is explained by diffusion to/from
the overhang/overlap or other unknown phenomena in [27]. After 400 equivalent cycles,
the battery capacity has dived, and it is suspected that the battery has Lithium precipitation
occurred. For the ~80% DOD cells under 1 C and 2 C, the battery SOH has experienced
a ‘sharp drop’ after prolonged cycling, indicating that the batteries are supposed to be
charged at a milder working condition in reality.
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3.2. Aging Mechanism Identification

We have selected six typical sets of the above experiments to distinguish the different
internal degradation mechanisms. First, incremental capacity (IC) analysis is employed to
qualitatively analyze the internal degradation processes of the cathode and anode inside
the batteries [53]. The LEAN method in [54] is used to calculate the differentiation of the
voltage curve dQ/dV, which counts the numbers at the sampling levels to avoid the new
errors introduced by curve fitting. The three peaks, denoted as 1©*II, 2©*II, and 5©*II, are
corresponding to the phase transformation of the electrode and the main aging factors.
Peak 1©*II indicates the loss of lithium-ion inventory (LLI), and the loss of active material
(LAM) is regarded to change the shape and height of Peak 2©*II and 5©*II [55]. Figure 9a–c
compares different SOC ranges with the same charging current. The cell cycled at 0–20%
SOC in the early stage mainly decays with the loss of active materials, followed by a small
amount of LLI, while 80–100% SOC intervals have experienced a significant increase in
internal resistance. It can be seen from Figure 9d,e that, when DOD exceeds 40%, the loss
of active material (LAM) and LLI are more significant at 1 C and 2 C charging currents. In
the range of 40–60% SOC, the battery capacity remains virtually constant under different C-
rates. Even a large charging current at 40–60% SOC only led to limited LAM, in accordance
with the deformation curve mentioned above. When the C-rate is increased from 0.5 C
to 2 C, the SOH after 500 cycles decreases only from 95 to 93%, and the growth of LAM
shown by the IC curve is not obviously depicted in Figure 9b,e. This suggests that for
some grid-connected applications with severe operating conditions fluctuations, the battery
working range should be controlled within the 40–60% SOC, so as to minimize the damage
to the electrode microstructure caused by repeated charge and discharge stress changes.
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Figure 9. Incremental capacity (dQ/dV) curves of the six selected working conditions: (a−c) 0.5
C, 0−20% SOC, 40−60% SOC, 80−100% SOC; (d) 1 C, 20−80% SOC; (e) 2 C, 40−60% SOC; (f) 2 C,
30−70% SOC.

The voltage parameter reconstruction (VPR) described in Section 2.2.2 is carried out
to quantitatively analyze the aging mechanisms. In order to obtain the positive and
negative electrode potential curves, a fresh pouch battery was disassembled. Figure 10a
shows the comparison of the evolution of the negative terminal capacity Cn between
the proposed RF-VPR method and the original VPR method. With the increase of the
EFC, Cn gradually decreases, and the identification results of the two methods are similar
under different cycling conditions, indicating the high simulation accuracy of the proposed
method. Meanwhile, since the number of parameters to be calibrated has declined from
five to two, the RF-VPR has performed priority in faster convergence speed with the same
heuristic algorithm. As shown in Figure 10c, compared with the original VPR results,
RF-VPR has reached a smaller RMSE more rapidly. For instance, the purple solid line of
RF-VPR drops to RMSE < 3mV after 40 iterations while the dotted line of VPR remains
around 4mV. Concerning the randomness in the initialization of the algorithm, the results
fluctuate to some extent. However, in general, the proposed RF-VPR has better accuracy
and convergence rate due to having fewer parameters to be identified. Additionally, the
reconstruction voltage curve can be used to explain why the repeated 0–20% cycling has
caused serious battery degradation. As shown by the OCV curve of the typical battery in
Figure 10b, under the low SOC range below 20%, the structural change of the graphite
surface is mainly in the range of 0 ≤ x < 0.19 (LixC), and when operating in this range, the
SEI film of the battery is prone to fatigue damage, resulting in aggravated LLI.
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Figure 10. Voltage parameter reconstruction (VPR) method and comparison:(a) comparison of
results between RF-VPR method and VPR method; (b) voltage curves of the full battery, anode, and
cathode half cells; (c) iteration process comparison of the VPR with five parameters and the reduced-
freedom VPR (RF-VPR). The vertical coordinate represents the root-mean-square error (RMSE) of the
simulation curves against the experimental results.

The evolution of indicators for LAM and LLI is presented in Figure 11. The loss of
active material dominates the side reactions for the 0–20% cycling, and negative capacity
decreases faster after 500 cycles. As shown in Figure 11c, with the increase of cycle numbers,
the total amount of lithium ions available inside also decreases steadily. It can be seen that
at the early stage of aging, LLI does not occupy a dominant position. With the increase in
cycle times, LLI gradually increases. After 600 cycles, the negative and positive capacity at
2C and 30–70% SOC decreases rapidly, revealing that LAM is the major reason that caused
the NCM battery degradation cycle in this region. The decay of the capacity of positive
and negative electrodes and the amount of available lithium ions at the 2C magnification
of 40–60% SOC is the smallest, which corresponds to the previous results that the battery
decay is smaller at the average SOC of 50% under a narrow DOD.

Batteries 2022, 8, x FOR PEER REVIEW 16 of 24 
 

 

Figure 11. Battery aging mechanism indicator evolution of different SOC, DOD, and C-rate: (a) ca-

pacity of the positive electrode pC ; (b) capacity of the negative electrode nC ; (c) amount of the 

total available lithium LiQ . 

4. Map Figure and V2G Conditions 

4.1. Nature of Aging and Quantification of Degradation 

The cumulative degradation function (CDF) of the experimental results is depicted 

in Figure 12a. The detailed methodology is illustrated in Section 2.2.3. In this paper, since 

we have carried out experiments on more refined SOC intervals including 5 and 10% 

DOD, the CDF is acquired by more subdivided intervals. As shown by Figure 12a, the 

piecewise linear CDF represents the battery cyclical loss (8.47 × 10-5 % SOH) after charging 

from 0 to 100% SOC for one time. The charging and discharging processes are assumed to 

impact equally on the tested batteries. A refined piecewise linear cumulative degradation 

function is established based on the experiment of cells cycled under different average 

SOC and DOD ranges. Under the same average SOC, the varied DOD will lead to differ-

ences. The slope of the refined CDF curve has a turning point to become smaller at the 5% 

horizontal coordinate point, corresponding to the experimental results that the decay 

within the 0–20% cycle is much greater than that of the 5–15% SOC range shown in Figure 

5. Therefore, the more refined piecewise linear CDF can reveal more detailed aging char-

acteristics and paths influenced by the SOC range. In Figure 12b, the CDF functions under 

different charging currents are compared. 

Figure 12. Cumulative degradation function: (a) refined piecewise linear CDF under 0.5 C; (b) cal-

endar aging induced by difference shelf SOC and time of days. 

It is found that the charging currents have limited influence on the average capacity 

fade after the same equivalent cycles when the C-rate is below 1 C. The higher C-rate 

caused more degradation mainly because it led to more Ah throughput in the same time 

period. Considering that V2G is usually implemented under slow charging and discharg-

ing operations (<0.5 C) for safety, the SOC and DOD factors are priorities when designing 
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pacity of the positive electrode Cp; (b) capacity of the negative electrode Cn; (c) amount of the total
available lithium QLi.

4. Map Figure and V2G Conditions
4.1. Nature of Aging and Quantification of Degradation

The cumulative degradation function (CDF) of the experimental results is depicted in
Figure 12a. The detailed methodology is illustrated in Section 2.2.3. In this paper, since we
have carried out experiments on more refined SOC intervals including 5 and 10% DOD,
the CDF is acquired by more subdivided intervals. As shown by Figure 12a, the piecewise
linear CDF represents the battery cyclical loss (8.47 × 10−5 % SOH) after charging from 0
to 100% SOC for one time. The charging and discharging processes are assumed to impact
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equally on the tested batteries. A refined piecewise linear cumulative degradation function
is established based on the experiment of cells cycled under different average SOC and
DOD ranges. Under the same average SOC, the varied DOD will lead to differences. The
slope of the refined CDF curve has a turning point to become smaller at the 5% horizontal
coordinate point, corresponding to the experimental results that the decay within the 0–20%
cycle is much greater than that of the 5–15% SOC range shown in Figure 5. Therefore, the
more refined piecewise linear CDF can reveal more detailed aging characteristics and paths
influenced by the SOC range. In Figure 12b, the CDF functions under different charging
currents are compared.
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dar aging induced by difference shelf SOC and time of days.

It is found that the charging currents have limited influence on the average capacity
fade after the same equivalent cycles when the C-rate is below 1 C. The higher C-rate
caused more degradation mainly because it led to more Ah throughput in the same time
period. Considering that V2G is usually implemented under slow charging and discharging
operations (<0.5 C) for safety, the SOC and DOD factors are priorities when designing
the charging strategies. Figure 12b exhibits the calendar aging function based on the
experimental data that after 1.5 years, the battery stored at 100% SOC at 25 ◦C has lost
7% SOH. The calendar aging shows a 1/2 power function of the shelf-time and rapidly
decreases with the decrease of SOC. The tests show that the batteries at 10, 30, and 50% SOC
have shown very limited degradation after 1.5 years. As a matter of fact, if the batteries
are stored at high SOC ranges, the calendar aging may exceed the cyclic aging to become
the main degradation factor. Such results regarding charging rate and calendar aging
are similar to some previous literature. As for C-rates under 1 C, the impact of SOC on
degradation is much larger than that of the C-rate [56]. The charging power rising from
1.5 kW to 7.6 kW has not led to a significant difference in battery aging change, as discussed
in [38]. The 50 Ah NCM pouch cells are studied in [57] and the results show that calendar
aging is the dominant indicator compared to cyclic aging.

4.2. V2G Conditions and Battery Aging Results

Based on the statistics and travel rules in Section 2.2.3, four V2G and four unmanaged
charging (V0G) profiles are designed, as shown in Figure 13. According to the charging
behavior survey, some car owners are accustomed to charging after leaving work every day,
which keeps the SOC in a high range. For realistic usage, in more than 60% of the cases, EV
batteries are kept higher than 70% SOC, and 25% of the users prefer to maintain the SOC
within 90–100% [58,59]. Some drivers charge every few days, while some don’t charge until
the SOC drops below 20% [60]. Therefore, to reflect these habits, profiles of EVs that do
not participate in V2G are mainly designed by four lower limits of SOC, namely, 20, 40, 80,
and 90%. EVs participating in V2G, on the other hand, discharge to sell electricity at peak
times to earn revenue, while meeting the demand for two trips per day. The four working



Batteries 2022, 8, 188 17 of 22

conditions of V2G are designed by the lowest SOC (20, 40, 65, and 80%) after discharging
by V2G and traveling each day.
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Figure 13. V2G and normal charging profiles.

Substituting the charging conditions into the cyclic CDF equation in Figure 12 and the
map of calendar aging, the loss of EV battery capacities with time can be obtained, as shown
in Figure 14. Among them, the batteries used in the 90–100% SOC interval have the highest
calendar aging, which has decayed by 8% in 1.5 years, most of which is thermodynamic
degradation caused by staying at high SOC. Therefore, after applying V2G, although the
cyclic aging is increased, the usage range of SOC is greatly improved. As a result, except
for the excessive discharge of 20–100% V2G, the rest of the V2G scenarios are all better than
the V0G scenario at 90–100% SOC.
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aging; (b) cyclical aging; (c) total aging.

Figure 15a shows the final decay rates of the battery SOH for various scenarios. With
the increase of V2G depth of discharge, there is a ‘trade-off’ relationship between reducing
the average SOC to improve the calendar life and increasing the cyclic degradation. The
model of this work shows that discharging the SOC by 25% from 90% to 65% through V2G is
an optimal choice, which can even extend the battery life. However, if the EV is discharged
to 20% SOC by V2G every day, the capacity loss will increase to 11%, much larger than a
normal EV with SOC within 20–100% which is charged every four days. Therefore, the
V2G operation is not supposed to be conducted under a large DOD. Figure 15b shows
the average degradation by cycling for 1% SOC, which divides the total battery decay by
the total discharged power. With the increase of V2G discharge DOD, although the total
amount of capacity loss increases, the average degradation caused by unit discharging
keeps declining. And the unit degradation of V2G is generally lower than that of V0G mode.
From this point of view, more work should be done to study the relationship between the
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degradation cost and the profit earned from the grid company to optimize the charging
and discharging strategies.
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5. Conclusions

In this paper, the comprehensive degradation study is performed on the experimental
matrix of 33 commercial 24 Ah Li(NiMnCo)O2 pouch batteries. The average SOC, DOD,
and C-rate are the main factors considered and used to establish the non-linear degradation
model with calendar and cyclical aging. An improved non-destructive diagnostic method,
the RF-VPR method is proposed to quantify the different aging mechanisms. Finally,
the battery degradation costs under different V2G charging and discharging profiles are
evaluated based on the experimental results and the CDF.

The main findings and conclusions are summarized as: (1) the average cycling SOC
ranges have a great impact on the battery life. Operating within 30–70% SOC is more
beneficial to the NCM batteries, either too high or low SOC intervals will result in extremely
increased capacity loss. The proportion of calendar aging is more than 20% of the total
battery decay within the 80–100% SOC.; (2) The DOD range and C-rate have shown non-
linear function with battery degradation due to the combination of thermodynamic and
kinetic processes. Under 40–60% SOC, the battery capacity remains virtually constant
under different C-rates, indicating that the more intense grid application can be applied in
this SOC interval; (3) the RF-VPR converges faster than the original VPR while maintaining
high reconstruction accuracy. The incremental capacity (IC) analysis is combined together
to show the evolution of aging mechanisms. The cell cycled at 0–20% SOC first mainly
decays with the loss of active materials, followed by LLI, while 80–100% SOC intervals
have experienced an increase in internal resistance. When DOD exceeds 40%, LAM and
LLI are more significant at 1 C and 2 C charging currents. (4) A Refined piecewise linear
CDF is established based on the experimental results and applied to analyze the battery
aging under V2G profiles. The results show that V2G may extend the battery life under
certain scenarios. As for the EV cycled at 90–100% SOC, by introducing V2G to decline
the minimum SOC to 65%, the battery degradation has decreased 0.95% compared with
the case without V2G after 1.5 years. However, if the EV is discharged to 20% SOC by
V2G every day, the capacity loss will increase to 11%, much larger than a normal EV with
SOC within 20–100% which is charged every four days. This indicates that V2G operation
should be controlled within a moderate DOD.

Future work includes: (1) multi-objective optimization of the degradation cost and
the profit earned from the grid to design the optimal charging and discharging strategies;
(2) more detailed battery modeling to reflect the more dynamic conditions like vehicle
start and stop; (3) introduction of other realistic application factors, i.e., the temperature of
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different seasons and the effect of temperature on the varied battery aging paths, and the
inconsistency of cells in the battery pack.
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Abbreviations

BESS battery energy storage system
BEV battery electric vehicle
C-rate charging rate
CDF cumulative degradation function
DOD depth of discharge
EFC equivalent full cycle
EC ethylene carbonate
EMC ethyl methyl carbonate
EV electric vehicle
HPPC hybrid pulse power characteristic
IC incremental capacity
LAM loss of active material
LLI loss of lithium-ion inventory
LFP graphite-LiFePO4 battery
OCV open circuit voltage
PC personal computer
NCM graphite-Li(NiMnCo)O2 battery
RE renewable energy
RMSE root-mean-square error
RF-VPR reduced freedom voltage parameter reconstruction
SEI solid electrolyte interface
SEM scanning electron microscope
SOC state of charge
SOH state of health
SPM single particle model
VPR voltage parameter reconstruction
V0G unmanaged charging
V2G vehicle-to-grid
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Variables

Cp capacities of the cathode, Ah
Cn capacities of the anode, Ah
Cre relative capacity of the positive and negative electrode, Ah
C battery capacity of electric vehicle, Ah
Etravel

SOC SOC at the ending of travel, %
fDF piecewise linear degradation density function
FCDF piecewise linear degradation density accumulation function
h power consumption per hundred kilometers
It current of the battery, A
K rate coefficient
Pcha charging power of electric vehicle, kW
Pcha

t EV charging power, kW
Pdch

t EV discharge power, kW
qcalendar

loss unit calendar aging, %
Qcalendar

loss total calendar aging, %
QCycling

loss total cyclic aging, %
Qbat

loss total capacity loss, %

QLi
the sum of the amount of lithium in the positive electrode and that in the negative
electrode, Ah

R internal resistance, Ω
SOHi,cor temperature corrected SOH, %
Stravel

SOC SOC at the beginning of travel, %
t time, year
Ti average temperature, ◦C
T temperature, ◦C
travelrange travel mileage, km
Ure f

p positive equilibrium potential, V
Ure f

n negative equilibrium potential, V
Ṽ(t) battery terminal voltage, V
Vnom nominal voltage of the battery, V
x0 lithium-ion fraction of the battery at the beginning of charging of the anode
y0 lithium-ion fraction of the battery at the beginning of charging of the cathode
∆p relative position of the positive and negative curves, Ah
η charging efficiency, %
δ

Cyc
20%,k 20% DOD capacity loss, %

δ
Cyc
10%,k 10% DOD capacity loss, %

δ
Cyc
5%,k 5% DOD capacity loss, %
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