N

N

L1g S PSPal. a>1S>1 . JP.1G P6
GA@APL PS1L *A_*IAh " hhl u " al. PL
h 6AhhAL:
> M M2 >2KB-L +2° EJoaB ' /B- xBxL K M2

hQ +Bi2 i?Bb p2 " bBQM,

> M M2 >2KB- L +2° E JoaB /B- xBx L K M2X Ll1g S_PSPal. a>1S>1
GA@APL PS1L *A_*IAh " hh1l_u " al. PL . h 6AhhAL:X AJ * kyRN- a

GBb#QM-SQ im; HX ? H@yk9dRe8N

> G A/, 2 H@dyk9dRe8N
?2iiTbh,ff? HXb+B2M+2f? H@yk9dRe8N
am#KBii2/ QM N 62# kyky

> G Bb KmHiB@/Bb+BTHBM v GOT24WB p2 Dmbp2 "i2 THm B/BbBIBTHBN
"+?Bp2 7Q i?72 /2TQbBi M/ /Bbb2KIBEBMBR MNQ@T™+B2® " H /BzmbBQM /2 /
2MiB}+ "2b2 "+?2 /Q+mK2Mib- r?2i?@+B2MMiB}2mM2b#/@ MBp2 m "2+?22 +?22- T
HBb?2/ Q° MQiX h?2 /IQ+mK2Mib MK VW+RK2Z2EF IQKHBbb2K2Mib /62Mb2B;M
i2 +?BM; M/ "2b2 "+? BMbiBimiBQWER BM?8 7M#M2I @b Qm (i~ M;2 b- /2b H
#Q /-Q 7 QK Tm#HB+ Q T ' Bp i2T2HRAB+B @2MT2BIpXib X


https://hal.science/hal-02471659
https://hal.archives-ouvertes.fr

A NEW PROPOSED SHEPHERD MODEL OF A LI-ION OPEN CIRCUIT BATTERY
BASED ON DATA FITTING

Hanane Hemf®, Nacer K M'Sirdi ®, Aziz Naamané®

@O)XAix Marseille University, CNRS, LIS, SASV, Marseille, France

@hanane.hemi@ugtr.c&®nacer.msirdi@lis-lab.f(®ziz.naamane @lis-lab.fr

ABSTRACT

In this paper, the effect of environment parameters on the
Lithium ion (Li-ion) battery behaviour is studied. In fact,
the experimental database collected from a Lithium-ion
battery is used to study its dynamic behaviour and then
propose a dynamic battery model who can describe
the relationship between the Open Circuit \Voltage
(OCV), the State Of ChargeSOQ and the ambient
temperature T;). The proposed Shepherd model of a
Li-ion open circuit battery voltag©CV is adjusted by
using the experimental database of the CALCE battery
group CALCE and then this model is implemented and
simulated by using MATLAB/Simulink tools.

Keywords : Data tting; Li-ion battery; LiFePO4; Open
Circuit Voltage; State Of Charge; Electrical vehicle.

1. INTRODUCTION

Energy storage with the Lithium ion (Li-ion) batteries
are nowadays more and more deployed in many appli-
cations such in e-mobility and stationary storage. The
rechargeable Li-ion in the electrical or the hybrid ve-
hicles (EV/HEV) represent 72 % of the total recharge-
able Li-ion battery cell market's value in 2022 know-
made.com (2017).

In fact, Li-ion batteries technology has a high
power/energy density, with high cell voltage. In addition,
it has a high life span, and a low self discharge rate Tian
et al. (2017) Waldmann et al. (2018).

For Example, in hybrid and electrical vehicles applica-
tion, a Li-ion battery pack is considered as a secondary
source of power, and it used to support and to reduce the
fuel consumption from the primary source of power. Dur-
ing a driving cycle, Li-ion battery can assist a primary
source of power during acceleration and can be charged
either per it or by recovering braking energy during de-
celeration. Then, it plays a signi cant role in the overall
ef ciency. It allows also to reduce the consumption of
the primary power source (as for example, the consump-
tion of a hydrogen in the case of a fuel cell vehicle, or the
consumption of the conventional fuel in the case of the
Hybrid electric-petroleum vehicles).

However, some environmental or conditions of operation

can have a negative effect on its behavior (current, volt-
ages and State of Charge) and also on its life span. The
in uence of environmental conditions like ambient and
storage system temperatures are very important factors
that can help to predict its life time decrease and to pre-
vent the probability of its damage and thermal runaway.
Therefore, a good knowledge of the system heating and
the heat transfer by the battery cell and then the battery
pack, becomes crucial.

To protect battery pack from these inconveniences. A
Battery Management System (BMS) has to be added to
the system. The BMS will indeed may avoid under-
voltage / over-voltage, short-circuit and thermal runaway
of the battery pack and the then system can operates in
safe zone Castano et al. (2015).

Modeling the behaviour of a Li-ion battery becomes then
paramount to study a battery performance, depending on
several external or internal conditions. In another hand,
a behaviour model is useful to estimate and predict the
current and future battery state variables. Its use is also
interesting to manage the control for a safe battery oper-
ation on the other.

In this part, we focus our study on the in uence of am-
bient temperature on battery performance. In particular,
the impact of temperature on battery open circuit voltage
(OCVv).

In fact, the ambient temperature has a signi cant im-
pact on battery State Of charg8@Q. Then an esti-
mation and / or a prediction of the batte®OCwill be
harder and then it will be harder too to know the optimal
charge/discharge range to control of batteries. However,
knowing thatOCV and SOCare dependent on ambient
temperature, it is important to model this dependence by
studying data from experimental battery measurement.
This paper is structured in three sections and a conclu-
sion.The section 2. describes the experimental data and
Test Analysis. The section 3. presents and describes
the Lithium lon battery standar@CV model equations.
The section 4. presents the Lithium lon battery Proposed
OCV Model. Section 5. presents the conclusions on our
results.
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2. EXPERIMENTAL DATA AND TEST ANALY-

SIS
In this paper, the A123 battery cell has been selected.
This battery is a LiFePO4 battery and its database had
been proposed by the CALCE battery group CALCE
Xing et al. (2014). This choice of this type of battery
is motivated by the fact that is typically used in HEV ap-
plications.
The objective of this section is to present a battery data.
In fact, by managing and analyzing this data, the relation-
ship between th®CV, SOCat different ambiant temper-
atures T,) can be shown. In order to ensure this, a low-
currentOCV method had been used and provided for this
test.
In fact, the Low-currenDCV test consist by using a small
current to charge and discharge the battery and then mea-
sure the battery output voltage. In this test, this output
voltage is approximately equal to tR¥CV. This test had
been performed for different ambient temperature vary-
ingfromT, = 10 CtoT, = 50 C with interval of
DT, = 10 C.
For each temperature, in the rst step, the battery had
been discharged at a constant current rat€=#0 until
the output voltage reach to the value of lower cut-off volt-
age of V. Then, in the second step, the battery had been
charge using a constant current until the out put voltage
reached the upper cut-off voltage ab3/. These char-
acteristics are given by battery manufacturer for battery
security operation. Tab.1 shows the battery characteris-
tics given by battery manufacturer A123Systems.

Table 1: Battery characteristics given by battery manu-
facturer A123Systems

Type LiFePO4
Nominal capacity 1.1 Ah
Nominal voltage 33 V
Upper cut-off voltage 36 V

Lower cut-off voltage 2 \%
Maximum continuous discharge current 30 A

Fig. 1 presents the test bench for battery tests experi-
ments He et al. (2014). Test bench detail has given by
References CALCE He et al. (2014).

Fig.2a and Fig.2b present ti@CV vs time at the dis-
charge and the charge modes. As shown, the battery takes
a long time to charge and discharge caused by the nature
of this test (the Low-currer®CV test). Also, by compar-

ing OCV curves at different ambient temperatures, the
time taken to charge or discharge a battery &cV
value depends on temperature.

Fig.3a and Fig.3b present t¥V vs the Capacity at the
discharge and the charge modes. As shown in gures
before, ambient temperature has an impact on battery be-
havior. In fact, the relation betweddCV and battery
capacity in both charge and discharge modes, is affected
by the temperature.

As shown, theOCV is different for each temperature. In
fact, att = 0s, the value ol is different according to

Arbin BT 2000

Temperature Chamber

Thermocouple

=]

Voltage,
Current,
Temperature

Test Profiles

g

Control Software and Interface
of Arbin BT 2000

Figure 1: Test bench for battery tests experiments He
et al. (2014)
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Figure 2:OCV vs time at discharge and Charge mode

temperature. In addition, the value of a coule = 2V

and battery capacity value at the lower cat-off voltage is
affected. In fact, at 50C the discharge capacity value is
higher comparing by lower temperatures. Also, for each
OCV curve measured at ambient temperature, it is shown
that is has some differences. By comparing the two tem-
perature 10 C and 50 C, the battery behavior is af-
fected and the®CYV too.

3. LITHIUM ION BATTERY STANDARD OCV
MODEL

Li-ion battery is considered as a part of the HEV system

model. Therefore, to predict a HEV behavior in real time,

a choice of a battery model is important for a real time
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Figure 3: OCV vs Capacity at discharge and Charge
mode

HEV operation, specially batte§yOCfor estimation and
prediction BMS.

The Shepherd model consider the battery cell model
composed by an internal resistand® @nd the open-
circuit voltage OCV). This model describes the math-
ematical relationship between voltagés4:(t)), current
(i(t)) for a constant current discharge. Eq.1 and Eq.2 rep-
resent this relationship Raszmann et al. (2017) Li and Ke
(2011).

Q9 im)

VBatt(t) = Vo 9 it

Ri(t) 1)

K:Q .

OCV(t) =V it

i(t) @)

whereV, is the constant voltag@/), Q is the maximum
capacity(Ah), i:t is the discharged capacipph), K is the
polarization constar(iAh) * andRis internal resistance.
Fig.4 shows the ideal battery curve during discharge
Raszmann et al. (2017). This gure shows that battery
has tree zones. The st one is the exponential zone. This
zone presents an exponential curve of battery discharge
which is described by two points: from the battery full
charge (O/fy) until the couple Qexp Vexp). The second
zone is the nominal zone. this zone began from the end
of exponential zone until the coupl®{omVhom). This
zone shows approximatively constant voltage. The latest
zone is the full discharged battery zone. This zone began
from the end of nominal zone until full battery discharge

(Qfun,0). This gure is important to nd the battery pa-
rameters to be used in battery equation Eq.1. However,
The Shepherd model equation does not include the expo-
nential zone.

Typical Discharge Characteristic

151 —Discharge curve
E [CMominal area
[CExpenential area

End of Exponential Zone: (Qexp, Vexp)

")

End of Mominal anne: (Qnom, Vnom) -

Battery Volage [W]
B

=]
w

o

Capacity [Ah]

Figure 4: Ideal battery curve during discharge Gallo et al.
(2013)

To improve a battery mathematical model to t to bat-
tery charge and discharge curves, the Shepherd model
had been modi ed by adding some terms. Eq.3 and Eq.4
show theOCV at discharge and charge modes respec-
tively Raszmann et al. (2017) Gallo et al. (2013) Li and
Ke (2011). If the current is positive, then the battery is
in discharge mode&/oc = Vocpischarge @S Showed in Eq.3.

If the current is negative, then the battery is in the charge
mode,Voc = Voccharge @S presented in Eq.4. TI®OC
estimation has been given in EQ.5.

K:Q . K:Q .
VocDischarge= Vo Q (i?:t:l 0 ?Zt:l:t @)
+ A e( Bi:t)
_ KQ . K:Q .
Voccharge=Vo 01 Q i:t'I Q i:t'l't 4)
+ Al Bi)
1%t
SOC=1 — i(t):dt (5)
Q o
A= Viul Vexp (6)
a
B= 7
Qexp ™
K=b [Vsu Vnom+A(e( B Qnom 1)]
Qrut_ Qnom ®)
Qnom
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Vo= Viu+ K+ R iic rate A (10)
whereA is the exponential voltag@/) and also presents
the amplitude of the exponential zone which is the dif-
ference between the voltage of battery fully charged and
the end of the exponentiel volta§ye., as shown in Eq.6
Raszmann et al. (2017).

B is the exponential capaciAh) 1, or also called the
time constant inverse Eq.7. This parameter is calculated
from the charge capacity at the end of the exponentiel
zone and also uses a constant vaueThea value is
usually determined to improve the t to a battery data
Raszmann et al. (2017) Ahmed (2017).

K is the polarization constarfiAh) * Raszmann et al.
(2017), or also named polarizing voltage/resistance fac-
tor (V) Ahmed (2017) given in EQ.8. This parameter uses
Viy value and also the end of nominal zone parame-
ters QnomVhom)- In Ref.Ahmed (2017), the constaint

is added to improve the tto a battery data.

V) is the constant voltage Eq.10. This parameter describe
the battery voltage when a current is equal to zero Rasz-
mann et al. (2017) Ahmed (2017).

Ris the battery internal resistanf@) Eq.9.h is the ef-
ciency of the battery andhc rate is the nominal current.

i isthe ltered curreni(A).

Generally, parameters of Eq.3 and Eq.4 are determined
from battery datasheet provided by the battery manufac-
turer, especially from the curve of discharge & tate.
However, those parameters depends on the variation of
the temperature and the battery lifetime change. There-
fore, The need to study and nd the relation between
those parameters and temperature is important.

4. LITHIUM ION BATTERY PROPOSED OCV
MODEL

4.1. OCV Model parameter identi cation

The low-current test had been usedloRePOy battery

cell to identify the relationship betweddCV - SOCand

T,. For each temperaturg, the voltage and th&€0OC

data are used to t it with the Eq.3 by using data tting,

and then nd parameters of this equation. Fig.5 presents

a OCV t and measured comparison for different tem-

peratures. In this step, for each temperature, the param-

eters of the Eq.3 are founded by tting the data to the

curve. Then, seven equations for ambient temperature

fromT, = 10 CtoT; = 50 C had been founded.

In addition, the Mean Absolute Error (MAE), the Root

Mean Squared error (RMS) and the coef cient of deter-

mination or also named R-squared?JRre used to eval-

uate the ef ciency of the tas givenin Eq.11, Eq.12 and

Eq.13. The RMS error will be more sensitive to the vari-

ation of error than MAE due the fact that the calculation

error is squared. In addition the R-squared will show how

close the data measured are to the tted regression curve.
Then, the higher the R-squared, the better the model ts
the measured voltage.

18 .
MAE = ﬁ é JVoc:measured< Voc:calculateko (11)
k=1
S
1 )
RMS= ﬁ a(Voc:measureck Voc:calculatedk) (12)
k=1
SSR
— 13
SSTot (13)
g
SSR= a (Voc:measured< Voc:fit;k)2 (14)
k=1
g T2
SSTot a (Voc;measureck Voc:measure(k) (15)

k=1

Where (Vocmeasureck  Voccalculatedk) 1S the calculation
error at timek. The model parameters and statistics
are given in Tab.2. The Sum of Squared Error (SSR) is
the quantity of how much the measurement points, vary
around the estimated regression as shown in Eq.14. The
sum of squared total (SSTot) is the quantity of how much
the measurement points, vary around their mean as given
in Eq.15.

Table 2: Model parameters and statistics for data tting

Ta MAE RMS R

10 C 0.0113 0.0093 0.9962
0C 0.0233 0.0128 0.9667
10 C 0.0339 0.0161 0.9176
20 C 0.0242 0.0140 0.9582
30 C 0.0207 0.0132 0.9717
40 C 0.0187 0.0137 0.9763
50 C 0.0190 0.01344 0.9761

The next step is to study the relationship between those
parameters and temperature. For each ambient tempera-
ture Ty, the following parameters; B; K; \p are tted.

Fig.6 presents the exponential voltage (A) vs ambient
temperature. The equation Eq.16 results from this t
have been chosen as a rational polynomials function.
This function has a numerator polynomial and a denom-
inator polynomial with a second degree. The degrees of
the numerator and the denominator polynomial have been
chosen to get the best curve tting and minimum number
of coef cients. The same approach has been used to nd
the other equations.

Eq.17 presents the exponential capacity (B) wich is cho-
sen as a constant.
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Figure 5:0CV t and measured comparison for different temperatures



Fig.7 presents the polarization constant (K) vs tempera-
ture. This relationship Eq.18 is chosen as a rational poly-
nomials function with a rst degree in numerator polyno-
mial and a denominator polynomial.

Fig.8 shows the constant voltagey) vs temperature.
This relationship Eg.19 is also chosen as a rational poly-
nomials function. The numerator and denominator are a
third and second degree polynomial respectively.

Figure 6: Exponential voltage A vs temperature

Figure 7: Polarization constant K vs temperature

pL T2+ p2 Tat 3

AT = P ] (16)
B(Ta) = p1 17)
_ PiTat p2
K(Ta)= Pt P2 (18)
3 2
VO(Ta) = pl Ta + p2 Ta + p3 Ta+ p4 (19)

Taz"' a1 Tat O

Figure 8: Constant voltagé vs temperature

Table 3: Model parameters and statistics for A, K, and

Vo
Parameters MAE RMS R
A 0.00047 0.00037 0.9997
K 0.00229 0.00165 0.9167
Vo 0.00023 0.00019 0.9996

Those parameters performance resulting from tting had
been evaluated by using MAE, RMS and & shown in
Tab.3.

The new equation o®BCV is given in Eg.20. This equa-
tion highlights the relationship between tO€V, SOG
andT,.

Voc:Discharg({i:t;t;i i Ta) = Vo(Ta) KQ(Ta)i::tQZi
KAD:Q ;. A(T,) el BiY

Q it
(20)

4.2. Validation of the proposedOCV model

The battery model shown in Fig.9 is used to simu-
late the propose®CV model. In this case, the MAT-
LAB/Simulink software and SimPowerSystems toolbox
software packages is used for validation tests. As men-
tioned in section 2., the test used in this simulation is the
Low-currentOCV test. In fact, it consist by using a small
current to charge and discharge the battery.

In this case, the current used to discharge a battery is
equal to 005 A as shown in Fig.9a. Therefore, the output
voltage measured is approximately equaMii = Voc

as presented in Fig.9b. TI@CV equation (Eg.20) is im-
plemented as shown in the Fig.9c.

Fig.10 shows theOCV vs time measured and simu-
lated comparison for different temperatures. In addition,
Fig.11 shows thé©CV vs SOCmeasured and simulated
comparison for different temperatures.

The simulation results shows a small error between sim-
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Figure 9: Battery model

ulations and measurements for ambient temperatures
10 C; 20 C; 30C; 40C; and 50 C. However

for ambient temperature @ (Fig.10b and Fig.11b) and

10 C (Fig.10c and Fig.11c), it is shown that the error

is larger at the end of the discharge mode. Fig.10h and

Fig.11h presen®DCV vs time andDCV vs SOCmeasured

and simulated comparison respectively for all the ambi-

ent temperatures.

5. CONCLUSIONS

In this paper, we have proposed and compared the stan-
dard and the proposedCV model. The rst one is a
Shepherd mathematical model modi ed and the second
one is a proposed model based on a Shepherd mathemat-

ical model modi ed with the ambient temperature effect
included to the model. The model has been tted by us-
ing the experimental database of a LiFePO4 battery pro-
vided from the CALCE battery group CALCE. Also, the
Low-currentOCYV test is used in this paper. In fact, this
test consist to use a small current to charge and discharge
the battery and then measure the battery output voltage.
Therefore, the output voltage measured is approximately
equal toVgatt = Voc-

The proposed model of a battery has been implemented
and simulated by using MATLAB/Simulink tools.

The rst step of this paper was to analyze a LiFePO4
database and nd a relationship betwe&a@V, SOCand
ambient temperatur€,. In this case, a data tting had
been usedto tadatato acurve. In addition, MAE, RMS
and R have been used to evaluate the ef ciency of the
t. In fact, the t results presents a small error between
the OCV tted and measured for the different ambient
temperatures from, = 10 CtoT, = 50 C.

The second step was to validate the propd3€y model

by simulation. Therefore, the simulation results have
allowed to indicate small error between tB€V mea-
sured and simulated for the different ambient tempera-
tures. However, for the ambient temperature®and

10 C, the error is higher mostly in the end of the dis-
charge mode.

In the next work, this model will be improved by reduc-
ing this error and also using other tests to study the com-
plete battery system including the internal components.
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