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W N e

Abstract: The accurate estimation of the state of charge (SOC) for lithium-ion batteries” performance
prediction and durability evaluation is of paramount importance, which is significant to ensure
reliability and stability for electric vehicles. The SOC estimation approaches based on big data
collection and offline adjustment could result in imprecision for SOC estimation under various
driving conditions at different temperatures. In the traditional GM(1,1), the initialization condition
and the identifying parameter could not be changed as soon as they are confirmed. Aiming at the
requirements of battery SOC estimation with non-linear characteristics of a dynamic battery system,
the paper presents a method of battery state estimation based on Metabolic Even GM(1,1) to expand
battery state data and introduce temperature factors in the estimation process to make SOC estimation
more accurate. The latest information data used in the optimized rolling model is introduced through
the data cycle updating. The experimental results show that the optimized MEGM(1,1) effectively
considers the influence of initial data, and has higher accuracy than the traditional GM(1,1) model in
the application of data expansion. Furthermore, it could effectively solve the problem of incomplete
battery information and battery capacity fluctuation, and the dynamic performance is satisfactory to
meet the requirements of fast convergence. The SOC estimation based on the presented strategy for
power batteries at different temperatures could reach the goal of the overall error within 1% under
CLTC conditions with well robustness and accuracy.

Keywords: lithium-ion battery; metabolic even grey model; parameter identification; state of charge estimation

1. Introduction

The air pollution and energy shortages caused by automobile exhaust emissions have
become increasingly prominent, along with the rapid development of the automobile
industry. On account of high energy density, long life cycle, environmental protection, and
pollution-free characteristics, lithium-ion batteries are becoming more and more important
as power batteries for electric vehicles (EV) [1-5]. The attenuation of the battery during use
is accompanied by changes in parameters such as capacity and impedance, which directly
affect the reliability of battery operation. In order to ensure power, economy, and safety
operation for EVs, battery state assessment is particularly important. Conventional battery
state prediction methods mainly predict the battery state by detecting parameters such
as battery charge and discharge rate, battery life, and open circuit voltage (OCV). Due
to the complicated relationship between these parameters and the state of charge (SOC),
traditional experimental methods have low prediction accuracy and low reliability [6-13].
Owing to the time-varying and non-linear characteristics of the battery system, the high-
precision prediction of the battery state is undoubtedly an arduous task.

The significance of accurate battery modeling is that it could express the internal and
external battery characteristics for different structures and different driving conditions,
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which can be of much help in the optimal development of lithium-ion batteries. The
equivalent circuit model (ECM) and electrochemical model (EM) approaches are widely
employed to perform the characteristics of lithium-ion batteries for SOC estimation [14-18].
The EM describes the battery’s dynamic characteristics based on differential iterations,
which could be much more complicated. As a result, the EM method is usually adopted in
battery design applications. In addition, current battery models rarely consider the effect of
temperature on model parameters. With regard to the ECM with electrical components such
as resistance and capacitor, this physical model is widely employed in battery management
systems (BMS), since it could offer trade-off solutions with complexity and accuracy. Much
research has shown the ECM is featured in SOC estimation, and the model is capable
of exactly describing the physical and chemical characteristics of lithium-ion batteries,
and satisfying the BMS requirement with low calculation cost [19-23]. Furthermore, the
Extended Kalman Filter (EKF) algorithm depends on the battery state space model and
employs a recursive iteration method to linearize the battery SOC [24,25]. Its accuracy
is significantly influenced by the model’s preciseness. Although the Unscented Kalman
Filter (UKF) algorithm employs statistical linearization to reduce error and calculation,
the SOC estimation accuracy still fluctuates along with the unit model [26-30]. Model-
based methods could illustrate the physical and chemical characteristics of the battery,
but the correctness of the parameters relies on the accuracy and robustness of the battery
model [31-35]. In recent years, battery forecasting has developed towards non-modeling.
The methods based on data-driven and statistical analysis mainly include the time sequence
method, support vector machine method, and Markov method [36-39]. The sequential
method can describe the periodic law of data changes, but it is unrealistic to record the
data of various working conditions during the entire battery life cycle, and it is difficult
to establish the learning model [40-43]. Although the support vector machine method
has high accuracy, the amount of training data is large and time-consuming. The Markov
method can reflect the periodic change characteristics of data and has strong randomness,
but it is difficult to determine the situational state set.

Grey System Theory is widely used in various fields, and successfully solves the
problem of incomplete information prediction. Grey Model-GM(1,1) is an approach that
employs a small amount of incomplete data samples to establish a grey prediction model
and then describes the development trend in a long-term predictive manner [44,45]. The
advantages of rapid prediction have been widely accepted. With the extension of battery
life, the parameters and performance of the battery also change correspondingly, and
there’re obvious uncertainties in estimating the SOC value with raw data. The traditional
Even Grey Model-EGM(1,1) predicts that the cumulative error is relatively large and cannot
reflect the periodic changes in the data [46-48]. The Metabolic Even Grey Model-MEGM(1,1)
method is based on the latest data generated by the system and adopts the original data
in the rolling deletion system to establish a new data sequence, thereby establishing a
lithium-ion battery state estimation model, which can reflect the characteristics of the latest
data in real time. Especially with the accumulation of system variables, when the battery
system has parameter perturbation or sudden change, the algorithm based on MEGM(1,1)
iterative model can achieve accurate SOC estimation of lithium battery.

In recent years, for the sake of lacking its own driving cycles, China directly cited
the new European driving cycle (NEDC) driving standard, and it has significant influence
in promoting the development of the automotive industry of China [49]. Nevertheless,
along with the change in vehicle ownership, road structure and traffic condition in China,
the endurance range of EVs under NEDC operating conditions has a large deviation from
the actual driving situation in China. Furthermore, since the NEDC does not comply with
the characteristics of the actual driving behavior of vehicles in China, it could not actually
denote the real application effects of energy-saving and emission-reduction technologies,
such as the idle start-stop and brake energy regeneration technology [50].

In addition, the world-harmonized light-duty vehicle test cycle (WLTC) was developed
employing the actual driving behavior data collected through six regions, including Amer-



Batteries 2022, 8, 260

30f22

ica, Japan, India, Korea, the EU, and Switzerland. However, it is lacking Chinese data
acquisition [49,51]. With different levels of congestion, WLTC driving condition better
reflects the characteristics of fast and slow vehicle speeds, but the idling ratio and average
speed of the two main operating conditions under WLTC condition are quite different from
the actual operating conditions in China [51]. Thus, for China, the WLTC driving condition
could not provide a suitable solution to solve the problem during the NEDC driving cycles
mentioned previously. In order to comply with the real and much more critical driving
conditions, the local test cycle China Light-duty Vehicle Test Cycle (CLTC) for endurance
certification of EVs was announced by the Ministry of Industry and Information Technology
(MIIT) of China.

For the modeling of the battery pack, the data-driven approach based on Gaussian
process regression is proposed to put forward a feasible solution with non-linear approx-
imation, nonparametric modeling, and probabilistic prediction [52]. As the battery pack
includes hundreds of cells in series and parallel, inconsistencies among the cells will be
difficult to build an accurate physical model for their behavior performance. As a result,
the widely employed model-based approaches are unsuitable for SOC estimation of battery
packs [53,54]. In the paper, for the sake of accurate SOC estimation of the lithium-ion battery
cell, the characteristics of the battery with varied ambient temperatures are experimentally
studied. The Thevenin equivalent circuit model with the sixth-order polynomial of OCV-
SOC function relation is derived by exploiting the physical characteristics of the lithium-ion
battery cell. Furthermore, along with the mechanism analysis of the traditional GM(1,1)
approach is analyzed in detail, the optimized MEGM(1,1) algorithm is put forward based
on the presented ECM. The estimation accuracy of the employed approach is explored via
an experimental platform for the lithium-ion battery, which works under the CLTC driving
condition with five different temperatures. All the experimental and theoretical results,
compared with the traditional GM(1,1) estimation method, illustrate that the optimized
MEGM(1,1)-based SOC estimation approach is with fast convergence, good robustness,
and well accuracy for the critical driving condition.

2. Lithium-Ion Batteries” Modeling

There are various kinds of battery modeling methods, among which the Thevenin
model for a battery has the characteristics of simple operation and it could illustrate the
steady and transient characteristics of batteries. Therefore, this paper employs this model-
ing approach to establish the state space function of the battery. In addition, the Thevenin
topology for lithium-ion battery is displayed in Figure 1, where V,, is the electromotive
force of the battery, Ry and R; are defined as ohmic internal resistor and polarization resis-
tor, and C is the polarization capacitor, which is connected in parallel with the polarization
resistance R».

ILIIC,t
Ii E [
| S| ——0
R1 —
— Voor R: Uos
'o}

Figure 1. Thevenin topology for lithium-ion battery.
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By means of the Kirchhoff and Thevenin principles, the expression for batteries” equiva-
lent topology could be expressed in the following forms:

Vocv = uo,t + Rl It + uc,t (1)
uct duct

I = ==~ : 2

f R, tC dt @

The notation V,. denotes the battery’s open circuit voltage, and OCV reflects the
relationship function with respect to SOC as Ve = F(St). Uy is the terminal voltage of
the battery, and U, is the polarization voltage. Thus, SOC could be derived through the
current integration method.

1t
St = Sty — @/to nldt 3)

where 7 is the battery’s discharge efficiency, Qg is battery capacity, and S; is the SOC value
of the battery at the moment t. The state space equation could be represented by means of
integrating and discretizing the formulas consequently, as:

} Wt

L 0 I+ | Wt

0 exp(—lé—tc)

S —
0 ) l Ro(1—exp(— %) @

Uor = F(S¢) — Ryl — U + vy

where x; = [St,UC,t]T is defined as the state variable, U, ; is the observation variable, I; is the
control variable, w; = [wl,t,wz,t]T is systematic noise, v; is observation noise. Consequently,
the coefficient matrix of the battery’s state space model can be represented as:

A — 1 0
f 0 exp(—%)
_nat
B; = Qo At ©)
Ro(1—exp(—gc))
JF(S
Ct = [ ag[t) S=S; 1]

The OCV of the battery is not completely equivalent to the electromotive force due
to the hysteresis effect, but when the battery is fully left standing, the two values are very
close, and it is difficult to directly measure the real electromotive force. Therefore, in actual
research, the OCV of the battery is usually used to describe its electromotive force under
the SOC value. The OCV-SOC correspondence is the key performance parameter of the
battery. It is often employed to illustrate the working state of the battery and perform SOC
calibration with the necessary parameters for establishing the battery model.

Before performing simulation and estimation for the battery’s SOC, parameter identi-
fication is performed on the Thevenin equivalent circuit topology, and discharge test along
with pulse power features is also conducted. The CB2PO0 type cell of LiFePOy lithium-ion
battery is employed for an experiment, and the specifications are displayed in Table 1.

Table 1. Specifications of CB2P0 lithium-ion battery.

Parameters Values
Nominal Capacity (Ah) 30
Rated Voltage (V) 3.2
Charge Cutoff Voltage (V) 3.65
Discharge Cutoff Voltage (V) 2.5
Charge Temperature (°C) 0~55

Discharge Temperature (°C) —25~55
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The accurate SOC estimation for lithium-ion batteries” performance prediction and
durability evaluation is of paramount importance, which is critical to ensure the reliability
and stability of electric vehicles. The identification mechanism for the battery’s parameters
is mainly based on its physical behavior under different working temperatures. For the
sake of accurate battery parameter identification, the pulse discharge test is conducted in
this study during the range of —25 °C to 55 °C. According to the requirement of ISO12405-2:
2012 for lithium-ion traction battery packs and system applications, the battery is discharged
at the current of C/3 to the cutoff voltage of 2.5V. The characteristics curve between the
battery’s SOC and OCV is illustrated in Figure 2.

3.50

(98]
N
(V)]

3.00

Open circuit voltage (V)

N
~
G

2.50 v
0.0 0.2 0.4 0.6 0.8 1.0

SOC
Figure 2. Characteristics curves on OCV and SOC.

As shown in Figure 2, under the condition of a small rate discharge, the discharge
capacity can basically reach the rated value at room temperature. The performance of
LiFePOy, batteries at low temperatures will decrease significantly. At the same time, as the
discharge rate increases, the impact of temperature on battery performance will become
more and more obvious. The curve fitting method by means of least squares is employed to
identify the non-linear functional relation between OCV and SOC.

For the sake of accurately fitting the experimental result of the lithium-ion battery, the
sixth-order polynomial could be performed by means of the function:

Voeo(SOC) = Kg - SOC® 4 K5 - SOC® + Ky - SOC* + K3 - SOC? + K3 - SOC? 4 K7 - SOC! + K, (6)

where K; (=0, 1,2, ... ) is in reference to the specific ambient temperature, it influences the
accuracy of the characteristic polynomial, which could be derived through the experimental
pulse discharge results. The derived values of K; under the various ambient temperatures
are displayed in Table 2. Based on the sixth-order polynomial, a three-dimensional map of
Temperature-SOC-OCV is illustrated in Figure 3 correspondingly.

Table 2. Coefficient values under different operating temperatures.

Coefficient —25°C —20°C —-10°C 0°C +25°C +40 °C +55 °C
Ky 2.5802 2.7285 2.9621 3.0937 3.2595 3.2159 3.2143
Ki 1.2526 0.958 0.7823 0.9278 1.0965 2.8663 3.2648
K> —0.7987 —3.2591 —7.4156 —9.5828 —14.302 —30.61 —34.814
K3 —25.623 4133 35.141 43.355 65.984 133 151.43
Ky 99.131 —9.5266 —91.694 —99.723 —141.04 —277.11 —314.99
Ks —146.39 24.44 116.65 109.91 140.22 2739 310.24
Kg 73.74 —23.711 —57.662 —46.669 —52.579 —103.23 —116.37
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Figure 3. Three-dimensional map of Temperature-SOC-OCV.

The functional relation between OCV and SOC is non-linear, and parameter identifica-
tion in the battery state space model could be achieved through the change characteristics
of the terminal voltage during the pulse discharge experiment. At the ambient condition of
25 °C, the power battery is discharged along with the current of 1 C for 5 min, the discharge
is stopped for 10 min, and then the battery is discharged for 5 min at the same current. A
single pulse is selected to perform parameter identification on the battery model, and the
dynamic curve of the battery’s terminal voltage is shown in Figure 4.

34 ey — 3 — — N
—IAV
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]
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S 3.0
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X ___
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0 600 1200 1800

Time (s)

Figure 4. Terminal voltage of battery after discharging current pulse.

As to the Thevenin model shown in Figure 1, the terminal voltage changes correspond-
ing to the discharging current pulse. Since the voltage of polarization capacitor C is not
suddenly changed while starting discharging, the ohmic internal resistance R; and the
polarization resistance R; are then identified according to the terminal voltage curve. Fur-
thermore, regarding to the transient characteristics of RC topology, the battery’s terminal
voltage increased to 86.5% AV needs twice constant I' (I' = R, x C), which is identified
with the terminal voltage curve. Consequently, the model parameters can be performed by
means of the following form:

Ry = [V (ta) =V (tp)|+[Vr (t2) = Vr (t)|

2]
Rr — \Vr(fe)—VT(fd),lc @)
2 Ihcl
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The dynamic battery parameter identification model based on temperature, voltage,
and SOC is established by employing the least squares principle to fit the polarization
effect parameters, and the established battery mathematical model could better adapt to
the lithium battery performed with rich experimental waveforms. However, it can be
seen that at different temperatures, the OCV-SOC curves are different, which indicates
that the electrode characteristics of the battery are influenced by temperature, which will
affect the SOC estimation. During the parameter identification process for the physical
model of a fixed lithium-ion battery, the model parameters are consumed to be constant,
which could affect the practicability of the presented estimation method for the sake of the
variable temperatures. In order to further improve the estimation accuracy, the ongoing
study will be towards the iterative learning-based on-line prediction approach that can
precisely identify the parameters associated with the temperature and SOC.

3. Estimation Mechanism Based on Optimized MEGM(1,1)
3.1. General Principle of GM(1,1)

The traditional GM(1,1) is an approach that employs a small amount of incomplete data
samples to establish a grey prediction model, and then describes the development trend in
a long-term predictive period. GM(1,1) approach is to take the data sequence of lithium-
ion batteries which changes with time as the original data sequence [44]. Through the
cumulative calculation of the original data, a new data sequence is obtained. Furthermore,
the relevant whitening differential equation is established with the solution derivation.
Thereby, the grey estimation model for the lithium-ion battery state can be obtained, which
could reflect the real-time features of a battery system. The derivation process of traditional
GM(1,1) for SOC estimation is briefly described as follows [45].

(1) Extraction of battery history data: xsoc, xv, x; and x7. Where xy, x; and x7 are
correlation factor series for input parameters, xgoc is target SOC sequence for output parameters.

xy = (V1, Vo, -+, Vi)

= (I, L, -, In)
xr = (Ty, Ty, -+, Ty) ®)
xsoc = (SOCq,S0C,, - -+ ,50C,)

(2) Perform 1st-order Accumulated Generating Operation (1-AGO) for the battery’s data.

W= (Ve V)

= (1) o
o= (LT T

xioc = (50C},S0C3, - -+, 50Cy)

(3) Generate the mean values of consecutive neighbor sequences.

ZV - (V1/V2/' t 1Vm)
ZI - <11112/' t /Im)

10
ZT:(TllTZIITm) ( )
Zsoc = (S0Cq,S50Cy, - -+ ,S0Cy)
(4) Construct the whitening function for GM(1,1):
xsoc(t) +adtZsoc(te —T) = byxy (b — T)F Dbyt (1)

b3xp (e — T)E Aty + byx}(t — T)E) Aty
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where the time interval Aty = t,—t;_1, v and T are the iteration coefficients. In order to
make the model as accurate as possible and to minimize the average relative error as
the optimization objective of the whitening function, the constructed function related to
parameters y and 7 is as:

flom =10y x3oc(i) — ¥soc(i)

= xsoc (i)

(12)

It could be seen this method could be easily utilized due to the advantage of rapid
prediction. However the coefficients ¢y and 7 are fixed for the conventional GM(1,1), it is
unsuitable for massive data estimation. With the extension of battery life, the parameters and
performance of the battery also change correspondingly, and there’re obvious uncertainties
in estimating the SOC value with raw data. The interference noise with external fluctuation
and various driving conditions should be regarded during practical application. Thus the
cumulative error is relatively large and cannot reflect the periodic changes in the data.

3.2. Principle of Optimized MEGM(1,1)

While the GM(1,1) model is employed for state evaluation of lithium-ion batteries,
the closer the battery data is to the original time, the more accurate the prediction will
be. Therefore, the modeling sequence should follow the change in the battery system by
removing the oldest data sequence to reflect the updated characteristics. The MEGM(1,1)
model is automatically updated and identified with each prediction, so the model has
strong adaptability. After obtaining the closest information by the estimation, the origi-
nal data sequence x(0) is removed from this sequence, and the metabolic data sequence
x(m + 1) is introduced as the original sequence to reconstruct MEGM(1,1) model [44,45,47].
Tracking the test data information as input, and using the current information to establish
the prediction model until the accurate estimation target is reached, the input sequence and
prediction sequence are updated iteratively, as shown in Figure 5.

Original Data Sequence Metabolic Data Sequence

; ]
[
¥

4

A4

4

x(k)

h 4

x(m+4) ) - - - (x(m+tn+2)

v

A4

o)

N
AN

Figure 5. Diagram of rolling optimization strategy for MEGM(1,1).

In order to increase the accuracy of the extended data, the original data sequence is
divided into g sub-sequences with different sample numbers.

Xy = {x1(0), x1(1),- -, x1(r)}
Xo = {x2(1),x2(2),- -+, x2(r)} (13)

Xg = {xq(q - 1)rxq(‘1_2)/"' ,xq(r)}

where
Xo (/3) = Xp+1 (/3) |a:l,2,-~q;ﬁ:1,2,---r (14)
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The MEGM(1,1) dynamic equivalent topology could be represented through the first-
order differential function including one single variable, which is fundamental for the grey
estimation. Define the feature data sequence in the form:

X ={x(0),x(1),- -, x(r)} (15)

The data sequence generated by the means of the first-order accumulation is:

1 (16)
x(1) — {x D(1),x1(2), - ,xa)(r)}

where sequence x(!) is defined as 1-AGO. Furthermore, sequence W) is assumed as the
information data produced through the average value of consecutive neighbors of X1,
given by:

W = 1w (2),wM@3),---,wl(n
{w {00(@),0M@E),-- 0| W)

(@)1 n1 = 3 xD(E+1) + 2D ()]
Then the fundamental form of the MEGM(1,1) estimation model is established as [45]:
x(k) +exV (k) = o (18)

The whitening differential equation for X(1) is performed as:

dx(®)

7 +e-xM =9 (19)

where ¢ is the development coefficient, ¢ is grey input. The following discretized expression

can be derived:
dxV = D (7 +1) — xD(7) (20)
dt=0+1-¢=1

Define the equation x1)(7) = %(x(l)(g + 1)+x1(2)), hence Equation (19) could be ex-
pressed as follows:

(T +1) :e(—;<x<1)(C+1)+x(1)(§)>) +0 (21)

In order to derive the solving solutions of parameters ¢ and ¢, Equation (21) can be
transformed as:

[ —%(x(l)(l) +x<l>(2)) ]
x(2) 1
) eee) L] o
00 Gy o)
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In addition, according to Equation (22), the following equations are defined as:

Y, =] x(2) x(B) --- x(r ]T
-0 +x0@) ]
o 3 (=0 @) +x0(3) -
—% (x(l)(r -1+ x(l)(r)) |
v=[11 - 1]"

Based on the least squares estimation algorithm, the parameter matrix for MEGM(1,1)
model could be performed by the form [55]:

a=1l o= ( (W v][w® V}T) _1[w(1> V]TY, (24)

Thereby, the following expression can be written to compute solutions of parameters ¢
and 9, considering Equations (23) and (24), as:

Y, =eW) 49V = [w<1> v] m (25)

Define x(1) = x(1), the solution of the whitening differential equation can be calcu-

lated as follows: o o
Al)(€+l) = |:x(l>—8:|€£€+€ (26)

In order to extend the original data sequence of the lithium-ion battery, the restore
sequence is derived by reductive generation, as:

T+ D)=z = 2V(@+1)—20()

= (1 — e_€> [x(l) _ g}e—sg (27)

According to Equation (27), the fitting calculation of 4 sub-sequences in Equation (15)
is carried out, and the result of fitting calculation }A(,»‘iil,zl...q is:

X = {#(0),21(1),--  #1(r), 21(r +1)}
X = {#(1),22(2), -, %a(r), 22(r + 1)} (28)
£, = {8y(g— 15505 —2), -+ % (0), %+ 1)

The Grey Relation Function (GRF) Y (X4, X p) is derived by calculating the original
sequence and metabolic fitting sequence, as:

(X Re) = 7 £ Yi(an() (8)
Yot (B), %a(B)) = A (29)

MIN = min|x,(B) — £4(B)]
MAX = max|x,(B) — 24(B)]
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As a result, the whitening equation with -N — 1 input parameters and one output
parameter is established as follows [47]:

ax®

L aoX(! = bix{) + b X by XY (30)

where ag, by, by, ..., by_1 are function coefficients, X{l) is the output parameter, Xél), Xél),

X 1(\21 are the input parameters. Furthermore, the parameters are with strong coupling.
Accordingly, the estimation result of the output parameter could be expressed as:

A
(1) _ (1) by (1) by 3 (1) bn-1 v (1) —agt
Xyt = (Xl (1) =X (1) = 2 X3 (t) — - = Xy (f))e ol (31)
ax{ )+ 2x{ (e + -+ Bax ()

In this research, parameters xy, x; and xt are input data sequence, xgoc is SOC
sequence for output parameters. So the expression can be transformed as:

A
XGe) = (Xse ~ Bx (0 - X0 - gxp0)ems
wXy (0 + BX 0 + B )
Define:
D=2 xW )+ x4 Bxp (33)
ag \%4 ag I ag T

Correspondingly, the SOC estimation value for lithium-ion batteries could be derived
by means of the following equation.

A
Xet) = {[X8@c) - D] = xEe(V) - i+

2D ° ﬁ} N (1 + e*ﬂoi‘)

(34)

On the basis of the original data of lithium-ion batteries, the initial mathematical model
and parameter identification are established. Furthermore, the Grey Relation Analysis
(GRA) is introduced to figure out the new data by employing the original data, and then a
new model is established instead of the original data. With the continuous use of metabolic
update-data modeling, the state estimation of lithium-ion batteries is accurately established.
Aiming at the requirements of SOC estimation and the non-linear characteristics of the
dynamic battery system, an optimized MEGM(1,1) model is proposed to expand battery
state data and introduce temperature factors into the prediction process to make SOC
estimation much more accurate.

4. Experimental Verification and Analysis

In order to verify the effectiveness and accuracy of the presented estimation algorithm,
an experimental platform for the battery system is established. The block diagram of the
battery system’s test bench includes a High-Low temperature incubator (LJGDP-20R-E, LIK
Industry Co., Ltd., Dongguan, China), a heavy-duty dual channel cycling station (AV-900,
AeroVironment Inc., Simi Valley, CA, USA), a set of the measurement tool and control
software, such as CANoe (VN1630A, Vector Co., Ltd., Stuttgart, Germany) and Labview,
and a computer, as shown in Figure 6.
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Programmable Thermal Heavy-duty dual channel
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Power S = -

Line
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\ i

Figure 6. Block diagram of battery system test bench.

Under the CLTC driving condition, there is both driving discharge and regenerative
charge, which fully considers the complexity of the road situations. For the single static
charging of Li-ion battery, the charging station usually adopts constant current for charge
and the SOC estimation is much more simplified. With regard to this research, we mainly
discuss the SOC estimation performance of CB2P0 LiFePOy lithium-ion battery cells under
CLTC driving conditions. This study focuses on characterizing the battery in dynamic
real-time operation during vehicle CLTC driving conditions to optimize EV drivelines
and accurate state estimation for EV manufacturers. In the experimental research, the
battery cell is placed in an LJGDP-20R-E High-Low temperature incubator and stands for
16 h to achieve thermal balance. The AV-900 cycling station is utilized to simulate the
demanded power sequence of CLTC working conditions, the driving cycles are performed,
and one cycle period is 1800 s with a total of 36,000 s until the discharge cutoff voltage is
achieved. In this research, the time interval of 10 Hz is employed for the battery system’s
data acquisition.

In the battery experiment system, the adopted CB2P0 cells are from the same batch
with good consistency, so that random lithium cell is selected for experimental analysis, and
the feasibility and effectiveness of the analysis principle are validated through numerical
calculation and measurement results. Verification results under the CLTC driving condition
at various temperature conditions of —10 °C, 0 °C, 15 °C, 25 °C, and 35 °C are obtained with
estimation curves of the GM(1,1) and the optimized MEGM(1,1) approach, respectively.
Furthermore, the enlarged view of discharging terminal voltage in one cycle for the time
range of 16.8 ks-18.6 ks is also displayed in the following figures.

Figure 7 is the comparison results among the experimentally measured voltage,
GM(1,1), and MEGM(1,1) estimation voltage with the enlarged view of discharging termi-
nal cell voltage in one cycle for the time range of 16.8 ks—18.6 ks at the different ambient
temperatures. On the basis of the measured big data, the battery’s electrical characteris-
tics are temperature-dependent with a three-dimensional map of Temperature-SOC-OCYV,
as the estimation of the terminal voltage performs much more accurately at 25 °C and
35 °C, compared with the performance at —10 °C, 0 °C and 10 °C under the CLTC driving
condition. This is mainly because the conductivity of the electrolyte varies at different
temperatures, and the migration speed of the lithium ions fluctuates with hysteretic charac-
teristics regarding the OCV-SOC relation, which leads to the accumulation error for the
model’s parameter estimation. It can be seen that the estimated errors of terminal voltage
are within 15 mV with rapid convergence characteristics.

Additionally, the initial SOC value would affect the convergence performance and
the estimation accuracy. In order to demonstrate the performance of the proposed SOC
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estimation approach and the characteristics of convergence, the initial SOC value is set to be
60% in the dynamic experiment. Figure 8 is the SOC comparison among the experimentally
measured data, GM(1,1) and MEGM(1,1) estimation values with the enlarged view in one
cycle for the time range of 16.8 ks-18.6 ks at the different ambient temperatures. In the
research, the quantitative analysis approaches for SOC error evaluation after convergence
are Root Mean Square Error (RMSE) and Mean Absolute Error (MAE), as are employed to
illustrate the performance of the proposed SOC prediction model shown in Table 3. As can
be displayed from the experimental results, regardless of the difference between the initial
value and the real value of SOC, as the number of iterations increases, the SOC estimation
value approximates the real value rapidly and the steady state error is within 1.00% after
convergence by the optimized MEGM(1,1).

Table 3. Estimation analysis for GM(1,1) and MEGM(1,1) after convergence under CLTC.

Temperature Model RMSE MAE
10ec GM(1,1) 0.0175 0.0142
MEGM(1,1) 0.0099 0.0079

) GM(1,1) 0.0174 0.0140
0°C MEGM(1,1) 0.0089 0.0061
. GM(1,1) 0.0163 0.0129
+15°C MEGM(1,1) 0.0072 0.0051
] GM(1,1) 0.0144 0.0115
+25°C MEGM(1,1) 0.0059 0.0046
) GM(1,1) 0.0157 0.0122
+35°C MEGM(1,1) 0.0069 0.0048

Generally, the optimized algorithm presents well robustness against initial SOC deviation
and temperature variation, and the initial SOC value only affects the time taken for the SOC
estimate to approach the real value, which does not affect the accuracy of the steady state
SOC estimation even if the initial SOC has a large deviation. The close agreement between
simulation results and experimental data on Li-ion batteries indicates that the presented
MEGM(1,1) approach is capable of real-time updating battery model parameters, restraining
system variation via self-adaption, and achieving accurate SOC prediction with less estimation
error under the critical CLTC driving condition at the various ambient temperatures.
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Figure 7. Verification results under the CLTC driving condition at the various temperatures:
(a) voltage comparison among the measured data, GM(1,1) and MEGM(1,1) estimation at —10 °C;
(b) the enlarged view of discharging terminal voltage in one cycle for the time range of 16.8 ks-18.6 ks
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at —10 °C; (c) voltage comparison at 0 °C; (d) the enlarged view at 0 °C; (e) voltage comparison at
15 °C; (f) the enlarged view at 15 °C; (g) voltage comparison at 25 °C; (h) the enlarged view at 25 °C;
(i) voltage comparison at 35 °C; (j) the enlarged view at 35 °C.
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Figure 8. Verification results under the CLTC driving condition with initial SOC errors at the various
temperatures: (a) SOC comparison among the experimental data, GM(1,1) and MEGM(1,1) estimation
at —10 °C; (b) the enlarged view of SOC in one cycle for the time range of 16.8 ks-18.6 ks at —10 °C;
(c) SOC comparison at 0 °C; (d) the enlarged view at 0 °C; (e) SOC comparison at 15 °C; (f) the
enlarged view at 15 °C; (g) SOC comparison at 25 °C; (h) the enlarged view at 25 °C; (i) SOC
comparison at 35 °C; (j) the enlarged view at 35 °C.

5. Conclusions

Through the statistical analysis of the experimental data obtained by charging and
discharging stations and temperature control boxes to carry out battery test experiments
at different temperatures, the battery capacity, ohmic resistance, and open circuit voltage
for the parameter model are calibrated. The dynamic battery parameter identification
model based on temperature, voltage, and SOC is established by employing the least
squares principle to fit the polarization effect parameters, and the established battery
mathematical model can better adapt to the lithium battery under the experiment. Aiming
at the requirements of battery SOC estimation and the non-linear characteristics of dynamic
battery systems, an optimized MEGM(1,1) model is proposed to expand battery state
data and introduce temperature factors in the estimation process to make SOC estimation
more accurate. The simulation results show that, compared with the traditional GM(1,1)
algorithm, the SOC estimation based on the MEGM(1,1) strategy converges faster and the
overall error is reduced. Therefore, the proposed optimization algorithm can make the
estimated value meet the requirements of fast convergence and small error, which presents
well robustness against initial SOC deviation and temperature variation. Experimental
results also illustrate that the SOC estimation based on the proposed strategy for power
lithium batteries at different temperatures could achieve the goal of an overall error within
1% under CLTC conditions with well robustness and accuracy.
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