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Abstract: Parameter identification of an electrical battery model is significant for the analysis of the performance of a
battery. In order to obtain an accurate electrical battery model, a series of cell characterization tests should be
conducted which will take a considerable amount of time. In this study, in order to identify the parameters of
the electrical battery model in a short amount of time with an acceptable accuracy, DC-IR data is used. DC-IR
test will take less time compared to the cell characterization tests. For the parameter identification, one of
the most commonly used evolutionary algorithm (EA), Genetic Algorithm (GA) is used for the curve fitting
problem and its performance is compared with the Levenberg-Marquardt algorithm.

1 INTRODUCTION the Electrochemical Impedance Spectroscopy (EIS),
but its complexity of the equipment and process are

The battery systems are having a bigger role in au- preventing the applications of EIS on to vehicles.
tomotive industry since the emergence and develop-EIS can estimate many properties of a battery; Re-
ment of Electrical Vehicles (EVs) and Hybrid Elec- Sistance (ohmic, polarization), Capacitance (double-
trical Vehicles (HEVs). The performance metrics for layer, coating), Constant-Phase Elements and Induc-
batteries become more important, as the demand fortance, with an equivalent circuit approximation. But
electrical vehicles continues and sustains a competi-this method requires relevantly high precision equip-
tion on higher efficiencies, lower consumptions in an ment and AC-stimulation of the battery (Khan et al.,
environment of stricter emission standards. 2016).

In automotive applications it is a necessity to es- In this study, in order to benefit the advantage
timate and control State of Charge (SOC), capacity, of using electrical equations, an electric equivalent
State of Health (SOH), remaining useful life, remain- circuit model is used. In literature, there are vari-
ing available power of a battery since the performance ous studies that estimates the parameters of electri-
of the vehicle is highly dependent on those battery cal equivalent circuit models (Sepasi et al., 2014),
states. Modern Battery Management Systems (BMS) (Nejad et al., 2016), and (Mesbabhi et al., 2016). In
use various methods to estimate these battery states ir{Sepasi et al., 2014), a novel approach, model adap-
order to make sure that battery is working in a safe op- tive extended Kalman filter (MAEKF), is proposed
erating region. One of the methods that helps estimat-in order to estimate the SOC of a lithium-ion bat-
ing the states of the battery and analyzing the batterytery. The SOC is not a measurable value, so it has
performance is to obtain an accurate battery model.to be estimated. An electrical battery model is used
In this study, battery model for lithium-ion batteries for this estimation and the parameters of the electri-
are considered. cal model are identified by using an optimization al-

In literature, there are methods based on equiva- gorithm in the proposed MAEKF method. The per-
lent circuit model for the battery modeling, such as; formance of the proposed approach is compared with
electrochemical and electrical models (Waag et al., the extended Kalman filter (EKF). The drawback of
2014). Electrochemical models define the chemi- the EKF method is that it relies on the electric model
cal processes in a battery and are highly accurateparameters and may not handle the aging of the cell,
models. However, they possess a high computa-accurately. The obtained results show that the pro-
tional burden (Seaman et al., 2014). One of the mostposed approach is able to handle this drawback of
widely used methods among the electrical models is the EKF method. In (Nejad et al., 2016), the most
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commonly used lumped-parameter equivalent circuit 2015), a Multi-Compartment Vehicle Routing Prob-
models used in literature for modeling lithium-ion lem with Time Windows (MCVRPTW) with profit is
batteries are examined. The model parameters andconsidered. This problem is handled via a hybrid ap-
states of the battery model are estimated by usingproach, genetic algorithm with Iterated Local Search
dual Extended Kalman Filter (dual-EKF) and its per- (ILS). The novelty of this work is that the problem
formance is verified through pulsed current test re- is formulated considering the time windows and col-
sults and the New European Drive Cycle (NEDC) lected profit. The genetic algorithm is used to obtain
driving cycle profile over a temperature range be- a minimum traveling cost and this solution is solved
tween 5-45°C. Two cell chemistries are tested, via lterated Local Search considering temporal, ca-
lithium iron phosphatel(FePQy) and lithium nickel- pacity, and profit constraints. In (Gasanova et al.,
manganese-cobalt oxid&ilNMC). The simulation 2014), text classification problem is handled. The size
studies indicate that two RC model structure is the of the text classification is reduced based on hierar-
optimum lumped-parameter equivalent circuit model chical agglomerative clustering algorithm. Then, the
for the battery energy and management applications.weights of the clusters are optimized with cooperative
In (Mesbahi et al., 2016), a 40 lithium-ion battery coevolutionary genetic algorithm.

cellis modeled by a dynamic equivalent circuit model The performance of the genetic algorithm
to be used in Electric Vehicle (EV) applications. A is compared with one of the most commonly
hybrid Particle Swarm-Nelder-Mead (PSO-NM) opti- used parameter identification method, Levenberg-
mization algorithm is used in the identification of the Marquardt. There are several applications that uses
model parameters of the battery model. The perfor- Levenberg-Marquardt method for parameter identifi-
mance of the battery model is tested with a dynamic cation (Talebitooti and Torabi, 2016), (Dkhichi et al.,
driving cycle and a constant current/constant voltage 2014), and (Khan et al., 2014). In (Talebitooti and
(CCICV) charge profile. The obtained results show Torabi, 2016), a semi-epirical tire is modeled with a
that the modeling error is below 0.5% within a differ- hybrid identification method, genetic algorithm and
ent operating conditions. Levenberg-Marquardt method. The advantage of the

This paper proposes a simplification on equivalent hybrid method is indicated with a comparison of ex-
circuit approximation by the usage of DC-IR data val- 'Sting methods in literature, Starting Values Opti-
ues. DC-IR values are internal resistance values of theMization technique (SVO), IMMa Optimization Al-
battery, which are dependent both on SOC and tem-90rithm (IOA) in terms of accuracy and convergence
perature. For the calculation of the internal resistance, fate. In (Dkhichi et al., 2014), a highly non-linear
two measured voltage and current values are neededSolar cell is modeled based on Levenberg-Marquardt
These tests can be conducted in a short amount of(LM) method with simulated annealing (SA). The ob-
time. In this work, the aim is to obtain an acceptable tained results of the proposed approach (LMSA) are
battery model in a reasonable amount of time. compgreﬁj ;fff{hthe metho%s in |lteraLULe andhlff Ir? ob-

: . served that the proposed approach has a higher ac-
ma’!ir:) rgh('; tﬁg%ﬁg{:&gﬁﬁﬁ; 2{3 dléf,eggﬁ;ttigi%?. curacy as compared to the other methods in literature.

rithm(GA) and Nonlinear Least Squares (Levenberg- In (Khan et al., 2014), the State of Charge (SOC) es-

Marquardt Algorithm) and their performances are timation of the battery is estimated online based on
com%are d 9 P parameter identification methods of the battery model

and a linear recursive Kalman filter. The parame-
Genetic Algorithm is one of the most commonly  ters of the battery model is identified through a com-
used Evolutionary Algorithms (EAs) that can be ap- pination of modified genetic algorithm and modified
plied to both constrained and unconstrained optimiza- | evenberg-Marquardt algorithm. The proposed esti-
tion problems. It can be used in a wide variety of mation framework is online and the SOC is estimated
engineering problems, such as; image analysis, opti-with an acceptable accuracy.
mization, classification, and etc. (Sopov and Ivanov, This study is organized as follows; In section 2,
2014), (Kaabi and Jabeur, 2015), and (Gasanovaetal.the electrical battery model is presented. In section
2014). In (Sopov and Ivanov, 2014), an image anal- 3, the parameter identification methods that are used
ysis problem, age recognition, is investigated. In this in this study are given. In section 4, the simulation
work, genetic algorithm is used with a novelty search. studies and results are presented. In section 5, the

The obtained results indicate that the computational pptained results are analyzed and the future work in
cost of the proposed approach is high compared tothis area is discussed.

traditional approaches. However, it can be imple-
mented to the problems that do not have a prior in-
formation about the problem. In (Kaabi and Jabeur,
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2 MODEL BASED APPROACH

A commonly used approach for battery modeling is

the model-based approach. In literature, there are ba-

sically two methods for the model-based approach;
electrical and electrochemical models.
Electrochemical models are highly non-linear and
it is hard to implement them in a real time application
(Waag et al., 2014). In this study, due to the highly
complex structure of the electrochemical models, an
electrical model is used for the battery model.

2.1 Electrical Battery Model

Electrical model of the battery has the advantage of
using the electrical equations (Waag et al., 2014). In
Fig. 1, a general representation of @p order elec-
trical model is given. Depending on the degree of
the electrical model, the accuracy is improving; how-
ever, the implementation in real-time systems will be
harder due to the increased number of parameters.

In this work, for simplicity and computational ef-
ficiency, a second-ordd®C electrical model is used
as seen in Fig. 2. In this model, the fast and slow
dynamics of the battery are given Byast, Tfast and
Rsiows Tslow, respectively.

The output of the electrical model is given as in
the following:

1)

whereupcy is the open circuit voltage (OCViohmic
presents the ohmic losses from fRenmic resistance.

It indicates the pure resistive effect at high frequen-
cies. Uiast indicates the losses due to the double-
layer effects (Butler-Volmer) between the electrode
and electrolyte of the batteryugoy represents the
mass transport (Warburg) effect in the battery cell due
to diffusion (Jossen, 2006).

Ucell = Uocv + Uonhmict+ Ufast + Uslow

Ucell = Uocv + lpack* (Rohmic+ Rrast* (1— e(ft/”as‘))

+ RSIOW* (l* e<_t/Tsluw)> > (2)
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Figure 1:n:, order electrical equivalence circuit of a battery
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Figure 2: Second order electrical equivalence circuit ef th
battery model.

3 PARAMETER
IDENTIFICATION OF AN
ELECTRICAL BATTERY
MODEL

In this work, the aim is to find the parameters of the
electrical battery model based on DC-IR data. In or-
der to obtain an accurate electrical battery model, cell
characterization tests should be realized. However,
these tests can be time consuming and they can last
for weeks. In this time frame, the battery cannot be
modeled and simulation studies, for instance, devel-
opment of Battery Management System (BMS), esti-
mation of the states of the battery, eg. State of Charge
(SOC), remaining available power, etc., cannot be re-
alized. In order to alleviate this problem, DC-IR test
results can be used for the estimation of the parame-
ters of the electrical battery model with an acceptable
accuracy.

In literature, there are various methods for the in-
ternal resistance determination, (Ratnakumar et al.,
2006) and (Ansen et al., 2013). In this study, &#H#2
lithium iron phosphatel(iFePQy) type battery cell is
studied. The DC-IR values are obtained by using the
result of a pulse test. In this pulse test, the following
C-rate charge and discharge pulses are app@&;
C/3, 1IC, and Z for 10 seconds at 2&. In order to
stabilize the chemical reactions in the battery, the rest
between two consecutive pulse is 10 minutes. The
pulses are applied from 90% SOC until 10% SOC and
SOC decreases 10%, incrementally. For each SOC
decrement, the mentionéirate pulses are applied.
From the last pulse until the pulse for SOC decrement,
the rest is for 20 minutes. From the SOC decrement
until the first pulse, the rest is for 10 minutes. The
DC-IR values are obtained by measuring the charge
and discharge voltage and current values by using the
highestC-rate, L, at 01, 1, 3, 6, and 10 time sec-
onds. In Fig. 3, the voltage response of a 10 sec-
ond ZC charge and discharge current pulse for 70%
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Figure 3: \Voltage response of a 10 seco@icharge and
discharge current pulse (at 70%SOC fof 25
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Table 1:Rinternaich(Q) values at 25C and 70% SOC. Time (Se9
, Figure 4: An example of the DC-IR data and curve fitting
PUIgel(seC) R'”tg"gg%hz(g) (For 2 charge current, for 70%SOC atZ5).
1 0.0012 .
3 0.0021 3.1 Parameter Identification of
6 0.0023 Electrical Battery Model based on
10 0.0025 Genetic Algorithm

SOC at 25C is given as an example. The charge and Genetic Algorithm (GA) is one of the Evolutionary
discharge internal resistance values for 0.1 second isAlgorithms (EAs) that can be applied to a wide range
driven as follows: of optimization problems. The fundamental ideas
of Genetic Algorithm have been developed by John
(3) Holand in late 1960s and early 1970s. Genetic Algo-
IRetch rithm is not a traditional optimization algorithm that
uses gradient or Hessians. It uses probabilistic search
method (Chong and Zak, 2001).
Genetic Algorithm is based on a biological pro-
(4) cess that uses natural selection. Every iteration, the
parents are selected randomly from the current pop-

An example of the derived internal resistance values ulation and the offsprings of these parents are pro-
for charge current at.Q, 1, 3, 6, and 10 seconds for duced. This evolving procedure continues until the
70% SOC at 2%C are given in Table 1. algorithm reaches the optimal solution.

Initially, it is considered that Ampereis given to In this work, genetic algorithm is used to find the
the electrical battery model described by Eq. 2. Thus, parameters of the electrical battery model by using
the output of the electrical battery model is the resis- DC-IR data. DC-IR data set is composed of DC inter-
tance values derived from the pulse test. In Fig. 4, nalresistance values at different time seconds depend-
the voltage response of the model is shown. As it is ing on the temperature and SOC values. The first it-
seen, the result at 0.1 second can be considered as theration starts with an initial population which is com-
ohmic resistancéRonmic of the electrical model. The  posed of randomly generated individuals. Then, in
unknown parameters of the electrical model are the the next iteration, the result of the current population
time constantSas;, Tsiow and the gain valuesast is used. This iteration continues until the stopping
and Rgiow, Of the fast and the slow dynamics of the criteria €), the change in the fitness function is below
electrical battery model, respectively. By applying a 1e-6(e <1e-6), is reached. The fitness function is the
curve fitting approach, these unknown parameters of absolute value of the difference between the desired
the electrical battery model can be estimated. The de-Voltage value (DC-IR values) and the voltage value
rived DC-IR values are used as the desired voltage of the electrical battery model. It is given as in the
values, which are used in the parameter identification following:
methods described in the subsequent subsections.

V6 — VRretfch
RInternal,Ch,O‘ls -,

VRetpch— V1
IRetDCh

R nternal,DCh,0.1s =
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ffitnessfunction= !Udesiredesec— Ufitted,Rlsec|
+ |Udesirengsec_ Ufitted,RgseC|
+ |UdesiredResec— Ufitted,Resec|

+ |UdesiredeoseC_ Ufitted,RloseC| 5)

The pseudo code of a general genetic algorithm is
given in the following (Man et al., 1996):

functionA general genetic algorithm()

% Start with counter
k=0;
% Randomly initialize the population
Initialize Population: P(t)
% Evaluate the fitness of the all
initial individuals inside the population
Evaluatef (P(t))
Get the best solution
while (not terminate) (stopping criteria)
% Increase the counter
k=k+1;
% Select parents from
the population for the offsprings
Selection Parent$ (t)
% Create a combination of selected parents
Combination:P,g,(t)
% Mutate the offspring
Mutate: Pou(t)
% Evaluate the offspring
Evaluatef (Plen(t))
% Select the best fits
Population: BestFig(t), Piew(t))

Parameter Identification of
Electrical Battery Model based on
Nonlinear Least Squares Algorithm

In literature, Levenberg-Marquardt algorithm has

been used for decades for non-linear fitting problems.
It has been first introduced by Levenberg (Leven-
berg, 1944) and improved by Marquardt (Marquardt,

1963). Levenberg-Marquardt algorithm is one of the

non-linear least squares algorithms and it is obtained
by applying Levenberg-Marquardt modification to the

Gauss-Newton method (Chong and Zak, 2001). In
this study, the aim is to minimize the following error:

€= (UdesiredRysec — Ufitted,Rysec)
UdesiredRasec — Ufitted, Rasec)
UdesiredResec — Ufitted,Resec)

+(
+(
+ (Udesiredeosec* Ufitted,Rlosec)

(6)

The objective function is given as follows:

2

1 N
fobjective= > kzl(a((X)) (7)

where

XD =X — (30T I(x) + ukl)_1

IXTrX) (©®
wherex = [Ttast, Tslows Reast, Rsiow] | » J(X) is the Jaco-
bian matrix ofe, | is the unity matrixu is the adjust-
ment factor i > 0), andk =1,...,N.

In this study, the performance of the genetic algo-

rithm is compared with Levenberg-Marquardt algo-
rithm.

4 THE SIMULATION STUDIES

Battery modeling is critical in order to analyze the
performance and to estimate the states of a battery.
In this study, DC-IR data is used to obtain the param-
eters of a second order electrical model of a LFP type
battery.

The DC-IR data set is composed of DC internal
resistance values at different time seconds depending
on the temperature and SOC values. The data is ob-
tained at 23C considering different SOC values (be-
tween 10% and 90% with 10% increment). In DC-IR
data, the pulse that corresponds to the smallest pulse
time can be selected as tRenmic Ohmic resistance
of the battery model. Thus, the number of the esti-
mated parameters are reduced to four instead of five.
These parameters are the time constants and the re-
sistance values of the fast and slow dynamics of the
electrical battery modet;fast, Tsiows Rrast, aNdRsjow,
respectively. In addition, charge and discharge state
of the battery is also taken into account for these pa-
rameters. These parameters are estimated by using
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Figure 5: The comparison of the measured cell voltage with
the simulation result via Genetic Algorithm.
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