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Abstract
Battery technology has gained significant attention in recent years due to the electric
vehicle revolution. Safety is an important concern for stakeholders, with several
reported incidents of thermal runaway. In this work, fault detection algorithms are
designed and evaluated for various levels of the internal short circuit in a battery
cell. A plant model of the battery cell and pack are designed for fault simulation
both in Simulink and Simscape. A comparative analysis based detection strategy
is first evaluated where estimated open circuit voltage is the metric for comparison.
Satisfactory detection is observed with this technique for various intensities of the
internal short circuit. A second method for detecting abnormal self-discharge using
a linear fit on terminal voltage measurements is also evaluated. Finally, a state of
charge and parameter estimator is developed using frequency separation and used
for estimating the short circuit resistance. Capacity of the cell is also estimated
using this methodology. The estimates obtained are observed to be close to the
actual values used in the plant model, thus enabling monitoring of the intensity of
internal short.

Keywords: Battery, logical cell, individual cell, state of charge, open circuit voltage,
internal short circuit, short circuit resistance, recursive least squares, forgetting
factor, parameter estimation
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1
Introduction

In recent years, the interest towards electric and hybrid vehicles have risen sharply
[1], with lithium-ion batteries gaining prominence as the energy source [2]. The driv-
ing factors for their widespread usage is attributed to their energy density, power
density, reliability and long life [2] which proves to be very promising. However,
safety remains a crucial issue to be addressed [3], and there have been several re-
ported accidents such as the �re in a Boeing 787-8 aircraft [4], and battery failures
in Samsung Note 7 [5]. Thus, there is an imminent need to develop fault detection
techniques that can o�er reliable indications ahead of time so a hazardous incident
is thwarted.

The most common reason behind thermal runaway in a battery has been identi�ed
as internal short circuit (ISCr) [6], although other reasons such as chemical crossover
[7] can also result in a thermal runaway. This project, however, will focus on the
modeling and detection of an ISCr in a battery cell due to its widespread nature.
There can be several possible factors that lead to the short circuit in a battery, such
as defects in manufacturing [8], overcharge [9] or overdischarge [10].

There have been several techniques proposed in literature for fault detection in a
battery pack. Some methodologies are not model based and use either additional
measuring equipment or special tests to detect abnormal self-discharge. In one such
method, a fault is both detected and isolated from electrical current measurements at
the terminals of a battery pack with multiple parallel strings [11]. Another method
proposes installing multiple sensors with di�erent response speeds and reliability
for de�nitive fault detection [12]. A third method uses the self-discharge current as
the metric and estimates it through a dedicated test [13]. In this project, however,
model based fault diagnosis schemes will be investigated as it o�ers many inherent
bene�ts such as low cost and increased �exibility [14]. Furthermore, inaccuracies in
the model can be handled with some observer-based estimation techniques [14].

In the model based detection camp, several possible approaches to fault detection
have been proposed. These can further be broadly characterized into methods that
use the internal short circuit resistance (RISCr ) as a fault metric and ones that do
not. The former set of methods is typically used under operating constraints such
as evaluating faults in a cell without information from other cells in a battery pack
or availability of only the battery pack terminal voltage without individual voltages
of cells. In techniques withoutRISCr calculation, the method observed to be most
promising in the context of this project work involves evaluating consistency of es-
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1. Introduction

timated open circuit voltage/internal resistance between di�erent series-connected
cells in a battery pack [15], which o�ers accurate detection. Another method uses
combined estimated parameters of an equivalent circuit model (ECM) and an energy
balance equation (EBE) model in order to detect a fault [16]. This technique o�ers
detection of a nascent or instantaneous ISCr, and is robust w.r.t location of the fault
in the battery cell. However, veri�cation of this algorithm was done for only one
current pro�le and it is unsure if reliable parameter variation will be obtained with
other pro�les. Some other methods involve Multiple Model Adaptive Estimation
(MMAE) algorithms that use several models simulating the healthy state and var-
ious fault conditions, and corresponding Extended Kalman Filters (EKF) for each
condition [17], [18]. The residuals from the multiple EKFs are assessed to determine
likelihoods of the battery being in one of the states. This method has the obvious
disadvantage of being computationally intensive and also, the number of fault con-
ditions considered might not be exhaustive. Electrochemical model based detection
methods have also been proposed [19], but complexity can be a crucial issue with
such techniques.

To give a brief overview of methods attempted using theRISCr as a metric, a model
is typically used in combination with various measurements for estimation. For
instance, in methods proposed in [20], [21], voltage and current measurements of in-
dividual cells are employed to estimate the Open Circuit Voltage (OCV) and State
of Charge (SOC) of the faulted cell using which theRISCr is calculated. Another
method estimates the faulty cellRISCr in a battery pack using voltage measure-
ments of the entire pack along with an equivalent circuit model of the pack with the
EKF algorithm [22], but it is observed to be less accurate. All of these methods are
observed to be prone to errors and unreliable estimation. In this project work, in
addition to methods for identifying faults without identifying RISCr , a novel method
of estimating the RISCr and the capacity of the cell using a high-pass �lter is pro-
posed, analyzed and evaluated in simulation.

The following sections describe the aim and scope of this project in context of the
material presented above.

1.1 Aim

The aim of this project is to simulate and detect faults in a battery pack. Once
a battery model is implemented for simulating faults, various algorithms for fault
detection will be designed an evaluated for performance.

1.2 Scope

ˆ In this work, a battery model will �rst be built for fault simulation. The elec-
trical faults considered here are mechanisms that occur in the cell, modeled as
abnormal self-discharge. Other possible electrical errors that can occur in the
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1. Introduction

cell are not considered.

ˆ A fault detection technique on the same lines as [15] will be developed in
MATLAB/Simulink to detect instantaneous faults, following which a second
method will be developed to monitor long term self-discharge e�ects. Both
these methods will not estimate the value ofRISCr , and would merely employ
a comparative analysis over cells of the battery pack.

ˆ A recursive parameter and state of charge estimator will then be developed
using a high pass �lter to �lter out low frequency errors in the estimation loop,
following which the capacity of the cell andRISCr can be estimated using the
SOC estimate. The estimation for theRISCr and capacity will not be recur-
sive, and will simply use data over the entire driving window to estimate those
entities. Furthermore, the tuning parameters such as the initial covariance
and forgetting factor will not be optimized formally in this work but chosen
through trial and error and other reasonable considerations.

ˆ The algorithms developed will be tested in simulation environment for driving
pro�les that are chosen appropriately to present performance. Veri�cation of
the algorithms with experimentally obtained data will not be performed.

ˆ The sustainable aspects relevant to this project will be discussed with respect
to ecological, economic and social dimensions.

ˆ A few chosen ethical aspects from the IEEE code of ethics will also be discussed
in relevance to this work.

1.3 Outline

The body of this thesis report is organized into a theory chapter, that describes
the relevant theoretical background necessary for the analyses presented in this
project work. This is followed by a method chapter, that highlights the principles of
implementation of fault simulation and detection algorithms. A chapter on results
then follows to present the outcome of the proposed detection schemes. A short
discussion then ensues to highlight uncertainties in the work and provide further
commentary on the results followed by a conclusion.
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2
Theory

In the following sections, the theoretical background relevant for this project is
presented. First, a description of the battery model employed is described followed
by a discussion of the internal short circuit simulation. Subsequently, the theoretical
background necessary for an understanding of the detection algorithms is presented.

2.1 The lithium-ion battery

In this section, an overview of the chemistry of the lithium-ion (Li-ion) battery and
relevant important de�nitions are presented. A battery is an energy storage device
(ESD), and the Li-ion battery is of the rechargeable kind that can be charged and
discharged many times. The Li-ion battery consists of a cathode, e.g. LiFePO4

(LFP), an anode, e.g. Graphite, a separator and an electrolyte which is a lithium
salt in an organic solvent [23]. The potential di�erence between the electrodes drives
current to �ow when an external load is applied across the cell terminals.

The discharge process of the Li-ion battery involves release of Lithium (Li) ions and
electrons (oxidation) at the negative electrode, and the reverse mechanism (reduc-
tion) at the positive electrode. The Li-ions are conducted through the electrolyte
from the negative to the positive electrode and the electrons �ow through an exter-
nal circuit into the positive electrode. Thus, current �ows from the cathode to the
anode of the battery during discharge. The exact opposite occurs during charging
of the battery.

It is important to mention that a typical battery pack in an electric/hybrid vehicle
consists of several individual battery cells. In this work, the term 'battery cell' or
'cell' will be used to describe the individual cell, while 'battery pack' will refer to
an arrangement of several individual cells.

Before proceeding further with the subject of this project work, it is important to
brie�y discuss the a few concepts related to batteries.

2.1.1 State of Charge ( SOC)

The state of charge is used as an indicator of the extent of 'fullness' of the battery in
terms of the ratio of the available charge (residual capacity) to the maximum possi-
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2. Theory

ble charge that can be drawn from the battery in the fully charged state (maximum
available capacity). The residual and maximum available capacity of the battery are
expressed typically inAmpere � hour (Ah) units, and the SOC can subsequently
be expressed as a percentage.

The maximum available capacity of the battery depends on temperature, aging
extent of the battery and discharge rate [24]. In this work however, these e�ects on
the capacity shall not be considered.

2.1.2 Open circuit voltage ( OCV)

The OCV of a battery cell is the di�erence between its terminals in the absence of
an electric load (no-load). TheOCV typically varies non-linearly with the SOC for
a lithium-ion battery, and laboratory experiments have been designed to quantify
this relationship [25].

It is important to note that the OCV of a battery changes with temperature and
age [26], but these e�ects shall not be considered in this study. Furthermore,OCV
hysteresis is a well documented phenomenon [27] where theOCV-SOC relationship
is slightly di�erent for charge and discharge. The average of the twoOCV pro�les
is usually considered for theSOC-OCV function/look-up table in simulations.

2.1.3 Polarization in a battery cell

When an electric current �ows through the battery, the terminal voltage of the cell
deviates from equilibrium. This is referred to as polarization and may occur at the
cathode or the anode of the cell. There are three di�erent mechanisms for polariza-
tion during electric current �ow [28].

ˆ Activation/Charge transfer polarization is associated with the charge transfer
reaction occurring at the surface of the electrodes. In order to overcome the
energy barrier of the slowest step of a reaction, an overpotential is observed
and is the activation polarization.

ˆ Concentration/Di�usion polarization is associated with the potential di�er-
ence observed as a consequence of varying ion concentration near the electrode
surface.

ˆ Resistance polarizationis the ohmic potential drop across the electrodes, elec-
trolyte, separator and the metal contact terminals of the cell.

The above mentioned e�ects can be captured in equivalent circuit models (ECMs)
through use of various components, chosen with considerations of accuracy and
complexity.
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2. Theory

2.2 The battery cell equivalent circuit

In this section, the equivalent circuit of the battery cell relevant to this project shall
be discussed. The important battery de�nitions from Section 2.1 must be kept in
hindsight for a comprehensive understanding of the modeling.

2.2.1 Healthy cell

An Equivalent Circuit Model (ECM) of the battery cell was provided at the start
of the project, and the entire battery pack consists of several cells described by the
same ECM. The ECM used is a �rst order model (Thevenin model) [29] consisting
of an open circuit voltage, internal resistance and a polarization branch as shown in
Figure 2.1.

Figure 2.1: First-order Equivalent circuit model

In Figure 2.1, OCV represents the open circuit voltage of the cell that typically
varies with it's state of charge (SOC) non-linearly, R0 represents the electrolyte
resistance in the cell andR1, C1 represent the polarization resistance and capacitance
respectively [29].V is the terminal voltage that can be measured across the cell.

2.2.1.1 Characterization and parameter identi�cation

The parameters in an equivalent circuit are not �xed quantities but vary withSOC,
temperature and other factors thus requiring characterization with respect to these
entities. In addition, there are other characteristics of a cell such as capacity and
OCV-SOC curve etc which also must be identi�ed. Several tests can be performed
on a cell towards this purpose. Some of them are the charge-discharge test, the
electrochemical impedance spectroscopy (EIS) test and the current pulse test [30].

The charge-discharge tests involve charging and discharging an electrochemical en-
ergy storage device at various current rates, using which the capacity andOCV-SOC
pro�le can be obtained. EIS tests are used to acquire the frequency dependence of
a component's impedance which can subsequently be used for ECM parameter esti-
mation. The current pulse test applies a current pulse input to the component and
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2. Theory

measures the voltage response using which parameters are identi�ed. The EIS and
current pulse tests can be applied at various temperature andSOC levels, thereby
enabling parameter estimation under various conditions.

2.2.2 Faulty cell

As mentioned before, the primary reason for thermal runaway in a battery is internal
short circuit (ISCr) [6]. This fault can simply be represented as an additional parallel
resistanceRISCr across the terminals of the ECM shown in Figure 2.1. This is
reasonable because the characteristics of an ISCr and external short circuit are
observed to be quite similar [31]. This modi�cation results in the circuit in Figure
2.2.

Figure 2.2: ECM with RISCr

Di�erent intensities of the fault Various are represented by changing the value of
RISCr . In an ideal healthy cell, RISCr is large and during occurrence of a fault,
the value is much smaller. As the intensity of the fault increases, the value of
RISCr decreases. Studies have been performed to identify critical levels ofRISCr

that represent a transition from a 'soft' short to a 'hard' short, with some research
suggesting a critical value of 10W below which a thermal runaway might occur
[16]. In this work, several values ofRISCr will be used to perform simulations and
identi�cation.

2.3 The battery cell discrete time model

In this section, the discrete time models for the healthy and faulted battery cell
presented in Section 2.2 shall be described. Before proceeding to the actual cells,
the discrete time system equation for an RC link is derived. In continuous time, the
voltage across the RC link can be expressed as

_V =
� V

R1C1
+

I
C1

: (2.1)

Discretization of (2.1) yields
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2. Theory

V(k + 1) = AV (k) + BI (k) (2.2a)

A = eGT ; B = ( A � 1)HG � 1 (2.2b)

G =
� 1

R1C1
; H =

1
C1

(2.2c)

where T is the sampling time and theA and B matrices, and subsequently theG
and H matrices for the discrete time system are expressed in terms ofR and C.

2.3.1 Healthy cell

In a healthy cell ECM shown in Figure 2.1, the terminal voltage can be expressed as
a sum of theOCV, voltage drop acrossR0 and voltage drop across the polarization
RC link (V1) as

Vt (k) = OCV(k) + I (k)R0 + V1(k) (2.3a)

V1(k) = �V 1(k � 1) + R(1 � � )I (k � 1) (2.3b)

where � is de�ned ase
� T
RC after simplifying (2.2). Also, the current I is considered

positive during charging in (2.3). In (2.3a), theOCV(k) can be obtained from
the state of chargeSOC(k), as there is a non-linear relationship between the two
in lithium-ion batteries [25]. The SOC(k) in turn can be obtained from coulomb
counting in discrete time, which is essentially counting charge entering/leaving the
battery. If the coulomb e�ciency is considered to be 100%, the SOC at a time
instant k can be written as

SOC(k) = SOC(k � 1) + I (k � 1)
T

Qnom
(2.4)

whereQnom is the nominal capacity of the battery and T is the sampling time.

2.3.2 Faulty cell

As described in section 2.2.2, a cell with an internal short (see Figure 2.2) can be
modeled as a healthy cell with an external resistanceRISCr across its terminals. As
a consequence, the current through the cellI (k) is obtained by subtracting the load
current at a certain time instant I L (k) with the short circuit current ( I SCr ) through
the RISCr . This is observed easily from Figure 2.2 and can be written as

I (k) = I L (k) �
Vt (k)
RISCr

(2.5)

In order to model a fault, (2.5) is used as an expression for the current trough the
cell in (2.3). However, usage ofVt (k) to calculate Vt (k) itself results in an algebraic
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2. Theory

loop in the model and to work around this e�ect, an earlier sampleVt (k � 1) is
chosen instead. This is a reasonable approximation as the sample time is small in
the simulations and the di�erence between successive values of the terminal voltage
are observed to be quite small.

The discrete-time model mentioned above is �rst implemented in Simulink to sim-
ulate faults and check the performance of the fault detection algorithm to gauge its
viability, and also because computational time using a Simulink model is smaller
than Simscape - which shall be described shortly. The actual battery pack to be
analyzed consists of logical cell units that have three cells in parallel, with several
such logical cells in series. Simulation of such a system is very di�cult in Simulink,
and therefore, Simscape shall be used to model this system.

2.4 Simscape modeling

Simscape is used for modeling of physical systems in the Simulink environment.
Physical models of the components in the system can be chosen either from pre-
de�ned components available in the library, or can be coded to suit custom user
demands. The various components can then be connected easily in the system, as
connections are made for physical signals and not data like in Simulink. However,
integration to Simulink blocks can also be accomplished through data conversion
blocks, thus making the modeling process convenient.

Simscape is an acausal modelling tool, which means that inputs and outputs need
not be speci�ed explicitly between components and instead, are inferred from the
solutions to the equations. Furthermore, the same model structure can be re-used
across physical simulations without making major changes. The implementation of
a battery cell will be described in the Methods section.

2.5 Least squares and robust least squares

The least squares is a non-recursive parameter estimation technique, where the
model can be formulated as

y = X � (2.6)

wherey is the measurement (or response variable) vector,X is the regressor matrix
and � is the parameter vector. The objective function to be minimized in the OLS
algorithm is the sum of squared residuals, that is written as

S(b) = ( y � X b)T (y � X b) (2.7)

for a particular parameter vectorb. The solution for the parameter vector� that
minimizes (2.7) can be obtained to be
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2. Theory

� = ( X T X )� 1X T y: (2.8)

The OLS algorithm with the sum of squared residuals objective function is sen-
sitive to outliers in data. In order to reduce the e�ect of outliers, a robust least
squares algorithm can also be used. The bisquare weights regression method, where
a weighted sum of squares is minimized is also employed in this work through stan-
dard MATLAB commands.

2.6 Recursive Least Squares

The RLS �lter is a recursive version of the least squares algorithm. It is used time
and again through this work in di�erent formulations because of its low memory
requirements and computational simplicity. The Method section will elaborate fur-
ther on speci�c formulations of the RLS �lter for various scenarios.

The RLS �lter is used to identify parameters in a linear regression model

yk =  T
k � k (2.9)

where yk is the measurement, T
k is the regression vector and� k is the parameter

vector at time instant k. The RLS with forgetting factor is highly suitable for adapt-
ing to time varying parameter vectors, and the cost function that is minimized by
the optimum parameter estimates is an exponentially weighted linear least squares
cost function

J =
kX

s=1

� k� s(ys � ŷs)2 (2.10)

where ys and ŷs are the measurement and predicted measurement at time instant
s respectively. Error in the past samples are discounted through the use of the
forgetting factor � , which is usually set between 0.95 and 1. The parameter and
covariance update equations that minimize the cost function described in (2.10) can
be evaluated to be

� k = � k � 1 + P k  k (yk �  T
k � k � 1) (2.11a)

P k =
1
�

 

P k � 1 �
P k � 1 k  T

k P k � 1

� +  T
k P k � 1 T

k

!

(2.11b)

The regressor vector is initialized to zero for negative indices, and the covariance
matrix is initialized according to the expected error in parameters. The parameter
vector can be initialized to an intelligent guess, and more detail on its choice will be
discussed for speci�c problems.
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2.7 Statistics

The arithmetic mean (simply referred to as mean) of N samples in a data set is the
sum of all numbers divided by the number of elements in the dataset, expressed as

a =
1
N

NX

k=1

ak : (2.12)

The standard deviation� of N samples in a data set is

� =

vu
u
t 1

N

NX

k=1

(ak � a)2: (2.13)

The standard deviation gives an impression of the extent of spread of data.

The z-score of a data point is the distance in terms of the number of standard
deviations a data point is away from the sample mean. It can be represented as

zk =
ak � A

�
(2.14)

and gives a measure of how far away the point lies from the expected value.

The mean error, root mean square error and in�nity norm (1 norm) are frequently
used to measure the extent of error between the actual values (yk) and an estimate
(ŷk), and are described as

emean =
1
N

NX

k=1

(ŷk � yk) (2.15a)

erms =

vu
u
t 1

N

NX

k=1

(ŷk � yk)2 (2.15b)

jjejj 1 = maxk jŷk � yk j (2.15c)

whereN is the number of measurement points.

2.8 Polynomial regression

In this work, the �rst degree polynomial f (x) = mx + b is �t to the terminal
voltage measurements to detect abnormal self-discharge. Although a MATLAB
function is used to readily perform the �t, some principles of the �tting process are
mentioned here. If the measurements are represented byyi , i being the time index,
the regression attempts to minimize the sum of residual squares
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RSS =
NX

k=1

[yk � f (xk)]2: (2.16)

The solution for m and b that minimizes the RSS of (2.16) is given by

m =
P N

k=0 (xk � �x)(yk � �y)
P N

k=0 (xk � �x)2
(2.17)

b= �y � m�x (2.18)

where �x and �y are the arithmetic mean ofx i and yi respectively.
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In this chapter, the implementation and methods used to perform simulations/esti-
mation are presented.

3.1 Internal short circuit simulation

For design and evaluation of algorithms for fault detection, a simulation environment
to mimic faults is needed. Here, various aspects involved in the implementation of
fault simulation are described. A Simulink model of a battery pack consisting of 108
logical cells in series will �rst be used for fault simulation. Subsequently, a Simscape
model of the battery pack shall be used in order to simulate faults on an individual
cell in the logical cell unit to evaluate if the detection algorithms still function as
expected.

3.1.1 Input current pro�les

Various input current pro�les will be used for evaluating fault detection algorithms.
The well-known Artemis driving cycle is considered as the base current pro�le for
algorithm testing. In Figure 3.1, one such testing current pro�le is shown, and it has
been obtained by duplicating the base Artemis cycle. Furthermore, it is important
to mention that the convention for current is positive for charging and negative for
discharging.
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Figure 3.1: Artemis cell pro�le cycle

3.1.2 Implementation of ISCr model, Simulink

The MATLAB/Simulink model used for simulating a faulty logical cell unit is pre-
sented in this section. The entire logical cell is considered as a lumped individual
cell and modeled as shown in Figure 3.2. The capacity of the logical cell is 180
Ah, and henceforth, for simplicity, the logical cell will be referred simply as a bat-
tery cell/cell in relation to the Simulink model. The implementation has been done
along the same lines as (2.3), (2.4) and (2.5), with the voltage delay adjustment for
avoiding the algebraic loop.
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Figure 3.2: Faulty cell in Simulink

The three di�erent voltage terms contributing to the terminal voltage in the �rst-
order battery model are clearly displayed in Figure 3.2. Furthermore, the e�ects of
an internal short circuit, modeled as an external resistance across the terminals of
the battery is also shown. The values ofR0, R1 and C1 are obtained from exter-
nal look-up tables and were derived from earlier characterization tests. They are
expressed as a function of cell temperature, which is calculated for each cell as as
a function of time in the overall battery pack model, andSOC. The OCV-SOC
relationship is also clearly seen as a look-up table in the model in Figure 3.2 and
further seen in Figure 3.3. The initialSOC is chosen to be 0.8 or80% or these
simulations and the sampling time for the simulations is obtained from the input
current data.
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Figure 3.3: OCV-SOC curve of the battery cell

It is to be noted that the model shown in Figure 3.2 depicts a single cell belonging
to a pack consisting of 108 cells in series. The fault can be triggered on any cell
of choice at a pre-speci�ed time in the battery pack after which the model shown
in Figure 3.2 gets activated with theRisc input to initiate short circuit. It is im-
portant to note that the pack simulation also contains a thermal model to simulate
cell temperatures that are then used in the electrical model to �nd values of var-
ious parameters. The temperature is computed using various parameters such as
speci�c heat, density, volume etc employed in heat transfer equations. A detailed
description and investigation of the thermal aspects is beyond the scope of this work.

Since the initial SOC speci�ed for all cells is the same, the terminal voltage for all
healthy cells throughout the driving cycle will be the same (albeit with small di�er-
ences on account of di�erent cell temperatures) and this is not so realistic. Thus,
reasonable uncertainty is added to the voltage measurements to mimic a realistic
scenario where voltages across cells have slight di�erences. The uncertainty is zero-
mean and the standard deviation is obtained from experimental data.

3.1.3 Voltage measurement data uncertainties

In order to get an impression of the extent of variation of voltage measurements
across the various cells (due to either/both di�erences in cell parameters or voltage
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sensor errors), a previously obtained measurement data set for a battery pack is
used. A particular time instant is chosen, and the deviation of each cell's voltage
measurement from the mean voltage measurement (interpreted as error) is obtained
and depicted in a histogram as shown in Figure 3.4.

Figure 3.4: Voltage measurement 'error' histogram

As can be seen in Figure 3.4, the maximum deviation of a measurement from the
mean value of voltage does not exceed� 10mV. It is important to note that the mean
value of the voltage measurement at the chosen time instant is 3.448 V and thus,
the di�erence in measurements across voltage sensors is not very signi�cant, with a
maximum value of around 0.3% deviation form the mean. This is because the cells
and voltage sensors behave very similarly on account of consistency in both man-
ufacturing and operating conditions. Furthermore, a number of other data points
were checked and the deviation from mean does not exceed� 10mV .

The standard deviation of the voltage measurements from this chosen data set is
evaluated and added to the voltage outputs from the simulation, under an of normal
distribution. This results in a more realistic scenario where the voltage measure-
ments used for the RLS algorithm are di�erent for di�erent cells. The standard
deviation is obtained to be 3.4 mV, and the added noise is also zero mean, which is
reasonable and can also be visually understood from Figure 3.4.
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3.1.4 Fault simulations for various RISCr

Once the model for simulating the ISCr is developed, simulations are performed for
various values ofRISCr and current pro�les. The intention is to depict the change
in the SOC and OCV for various intensities of short circuit conditions in the cell.
Furthermore, the time at which the ISCr occurs can be varied, and this shall be
utilized to observe trends in the estimatedOCV.

The values ofRISCr considered for presenting e�ects of the short circuit are 1Wand
5W. The Simulink model with the faulty battery cell shown in Figure 3.2 is �rst used
for simulation and detection of faults after which the Simscape model will be utilized.

3.2 Battery model in Simscape

In this section, the design of the battery model in Simscape will be described.

3.2.1 Component design

The battery pack model presented in Section 3.1.2 used a lumped model for the log-
ical cells, and faults were also simulated on a chosen logical cell unit. It is important
now to investigate the e�ects of a fault on an individual cell belonging to the logical
cell unit, and check if the detection algorithms work satisfactorily.

In order to construct a logical cell in Simscape with three parallel cell units (de-
scribed in Figure 2.1), the �rst step is to construct an individual cell. The compo-
nent code is written for all units of the cell such asOCV, R0, R1 and C1 and these
blocks are then assembled together. One such example for the code written for the
capacitance (C1) block is shown below, and other components follow similar design
methodology.

component C_1
% C_T
% Models a capacitor where the capacitance value (C) depends on an external
% physical signal inputs SOC and T. It is assumed that the capacitance
% value is slowly varying with time, and hence the equation i = C*dv/dt holds.

% Copyright 2012-2013 The MathWorks, Inc.

nodes
p = foundation.electrical.electrical; % +:left
n = foundation.electrical.electrical; % -:right

end

inputs
T = {293.15,'K'}; %T:left
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SOC = {1,'1'}; %SOC:left
end

parameters (Size=variable)
C_Table = {ones(5,3),'F'} % Vector of capacitance, C(SOC,T)
SOC_Table = {[0;0.1;0.5;0.9;1],'1'} % State of charge(SOC) breakpoints
Temp_Table = {[273.15 293.15 313.15],'K'} % Temperature(T) breakpoints

end

parameters
v0 = {0,'V'}; % Initial voltage across capacitor

end

variables(Access=private)
i = { 0, 'A' }; % Current
v = { 0, 'V' }; % Voltage

end

function setup

% Check parameter values
if any(any(value(C_Table,'F')<=0))

pm_error('simscape:GreaterThanZero','Capacitance values')
end
if any(value(Temp_Table,'K')<0)

pm_error('simscape:GreaterThanOrEqualToZero','% Temperature');
end

% Set the initial voltage
v = v0;

end

branches
i : p.i -> n.i;

end

equations
v == p.v - n.v;
let

% Perform the table lookup
C = tablelookup(SOC_Table,Temp_Table,C_Table,SOC,T,...

interpolation=linear,extrapolation=nearest)
in

% Electrical equation
i == C * v.der;
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end
end

end

The code above can be observed to havenodes, which describe the conserving ports
of the block, i.e the positive and negative terminals in this case.Inputs are tem-
perature (obtained from the thermal model) andSOC (obtained from the OCV
component as an output) used to interpolate and calculate capacitance.Parameters
can be speci�ed in the block by the user and thevariables are also mentioned as
current and voltage in this case. It is noted that current is the through variable
and voltage is the across variable. Finally, after a parameter validity check, the
equations relating the variables and parameters are described to mathematically
model the component. It is important to understand that the values of inputs and
parameters seen in the code above are not actual values that shall be used in the
calculations, but merely default values.

3.2.2 Battery cell in Simscape

Once all the components are designed, they can be interconnected to form a single
battery cell as shown in Figure 3.5. TheOCV, R0, R1 and C1 components are ob-
served clearly and are interconnected as in the Thevenin battery cell of Figure 2.1.
It is important to mention here that the ECM parameters that were provided from
the company are for a logical cell unit consisting of three individual cells in parallel.
Therefore, in order to obtain parameters for an individual cell, assuming the cells
are similar in nature and characteristics, theR0 and R1 parameters are scaled up
by a factor of three andC1 is scaled down by a factor of three. The capacity of the
individual cells is obtained by dividing the capacity of the logical cell (180 Ah) by
three. The power dissipation across the resistors is obtained as an output to use
for the thermal model that simulates cell temperatures, and theSOC and OCV
are also obtained as outputs to perform subsequent analyses. Simscape's physical
modeling characteristic make it highly convenient for re-usability as shall be seen
next in the creation of a parallel cell logical unit.

3.2.3 Logical cell for fault simulations

Once a cell is created in Simscape, three such units can be physically connected
in parallel to form a logical cell unit shown in Figure 3.6, which will subsequently
be used for fault simulation and testing. It can be seen that the interconnection is
quite simple and also, the fault signals for each parallel cell are observed clearly. The
purpose behind the use of a logical cell module to simulate faults is to investigate
if a fault in one of the parallel cells in the module can still be detected by consid-
ering the logical cell as a lumped zeroth-order model. Since the proposed method
involves comparative analysis, the notion ofSOC and OCV for the lumped model
can be used to evaluate if any of the logical cell modules deviates from the others
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Figure 3.5: Battery cell in Simscape

signi�cantly.

Figure 3.6: Battery logical cell in simscape

18 such logical cell units in series are considered for fault simulation and detection to
save computation time without compromising on the comparative analysis. A fault
is required to be simulated on one of the three parallel cells and then detected. How-
ever, if the same principle of simulating an internal short circuit using an external
short circuit (connecting anRISCr across the battery terminals) is followed, all cells
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will be discharged equally due to the fact that they are in parallel and indistinguish-
able. Therefore, a slight modi�cation is employed where the short circuit resistance
is connected across just theOCV branch of the faulted cell as shown in Figure 3.7
and not across the terminals. This is acceptable as the main aspect of simulating a
fault is to ensure that theSOC of the faulty cell drops faster than it would through
just the load current. This can be ensured by the secondary discharge current that
�ows through RISCr in Figure 3.7.

Figure 3.7: Faulted cell ECM used in Simscape

3.3 RLS for OCV estimation

The RLS algorithm will be used to estimate theOCV of the battery cell using the
current and terminal voltage measurements. The equivalent circuit considered for
the RLS estimation of OCV will be a Rint model, which is a zeroth-order model
with just an OCV and internal resistanceR0 as depicted in Figure 3.8.

Figure 3.8: Battery Rint model

Note that the Rint model used for estimation of theOCV is not the same as the
Thevenin model used for simulation of the fault and thus, theOCV estimation will
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have some error as it will include the voltage drop across the polarization (RC)
branch. However, as shall be seen later, the detection algorithm's performance is
not a�ected as a consequence of thi inaccuracy. Furthermore, an RLS algorithm
with a higher order model could be employed for more accurate estimation [32],
but it can prove to be computationally more intensive, especially considering that a
lower order model works satisfactorily.

The convention for current is taken as positive when charging and negative when
discharging, and the equation for the terminal voltage is then

V(k) = UOC (k) + I L (k):R0 (3.1)

where V(k) is the terminal voltage at time instant k, UOC (k) is the open circuit
voltage at time instant k and I L (k) is the current at time instant k. R0 is the inter-
nal resistance of the cell in the Rint model.

Equation 3.1 is now formulated to represent the regression vector k , parameters� k

and output yk as

yk = V(k) (3.2a)

 k =

"
1

I (k)

#

(3.2b)

� k =

"
UOC (k)

R0

#

(3.2c)

It is of importance to note that the parameterR0 can also vary with time although
it has not been explicitly mentioned in (3.1). The entities presented in (3.2) can be
expressed in the form warranted for the RLS algorithm asyk =  T

k � k .

The initial values of the parameter vector and the error covariance matrixP0 are
appropriately chosen as shall be described in the results. As far as the forgetting
factor is concerned, there have suggestions for selecting an optimum value based on
mathematical considerations [33] but in this work, a forgetting factor will be chosen
through trial and error.

3.4 Moving window linear regression method for
fault detection

In this section, the principles of using a moving window linear regression to detect
faults that operate over longer time horizons will be discussed. The previously de-
scribed method with theOCV estimation can work satisfactorily for instantaneous
faults, but slow degradation of a cell over the long term can be simply detected
with a linear regression applied to moving time windows. The regression considered
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will be a linear polynomial �t applied to a certain time horizon on all the terminal
voltage measurements in that window. The slope of the line for a particular cell is a
good indicator of the level of discharge in that cell, and consequently, if any of the
slopes of the cells in the battery pack are higher than the others and get worse with
time, abnormal self-discharge is detected.

A long driving pro�le is considered for simulating the terminal voltage in order to
verify this method. This is accomplished by repeating the Artemis cycle with inter-
mittent charging cycles to obtain a very long cycle that runs for a time of around
18 days. A small portion of this cycle (approximately 6 hours) is shown in Figure
3.9. it is important to mention that the Simulink model is used to simulate faults
for this scenario as the purpose is to investigate the terminal voltage trend and not
look at individual cell fault e�ects as dealt with in section 3.2.3.

Figure 3.9: Long current pro�le used for fault detection

For a healthy cell, the current pro�le in Figure 3.9 results in theSOC and OCV
pro�les in Figure 3.10.
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Figure 3.10: SOC and OCV of a healthy cell under the long driving cycle of
Figure 3.9

The terminal voltage of the battery cell is essentially additional voltages (due to
polarization and internal resistance for example) added to the open circuit voltage.
Thus, if the OCV of one of the cells has a decreasing trend due to abnormal self-
discharge over a long time frame, the terminal voltage also has a decreasing trend,
which can be identi�ed through a linear curve �t.

The magnitude of the RISCr considered here is much larger as compared to the
internal short simulation case, to simulate very low levels of self-discharge. A value
of 50 W and 200W will be considered to simulate di�erent levels of abnormal-self
discharge of one of the logical cells in a similar experimental set-up as in section 3.1.2.
The poly�t function in MATLAB is utilized to perform linear curve �ts on voltage
measurements for a chosen time window of 2 days. It is important to note that
other appropriate time windows can also be chosen through a more rigorous analysis
using actual experimental data. As before, the experimentally obtained uncertainty
on the voltage measurements are added to the simulated terminal voltage to mimic
an actual scenario.

3.5 SOC and parameter estimation using a high
pass �lter

The parameter estimation procedure using a high pass �lter will be described in this
section. Once theSOC of the cell is estimated using this method, it can be used to
estimate both capacity andRISCr as shall be seen in the subsequent section.

Let us begin by forming the following pre-estimate ofSOC using coulomb counting

[SOCpre(t) = [SOC0 +
h

bQnom

Z t

0
i (� )d� (3.3)

where h is the sample time, [SOC0 is the initial SOC and bQnom is the assumed
capacity. It can be seen immediately that errors in[SOCpre(t) will be in the low
frequency range, and could be a consequence of errors in[SOC0, bQnom and current
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sensor errors, the high frequencies of which are �ltered out because of the integrator.

An estimate of U0 + U1, bU01 can then be formed as

bU01(t) = U(t) � focv( [SOCpre(t)) (3.4)

whereU is the measured terminal voltage andfocv is the SOC-OCV relationship.
Further, focv( [SOCpre(t)) can be termed as\OCVpre(t).

It is reasonable to assume that the signalsU01 and U0 will be very close in magnitude
for high frequencies. This is illustrated in Figure 3.11.

Figure 3.11: U01 and U0 frequency domain spectra

The reason whyU01 and U0 behave in this manner is because the signalU1 contained
in U01 is a low frequency signal due to the RC link acting as a low pass �lter on the
input current signal. On the other hand, the signalU0 contains all the frequencies
of the input current signal as it is merely a scaled version of the same by a factor of
R0. Thus, if a high pass �lter GHF is used,R0 can be estimated from the relation

GHF
bU01(t) = R0GHF i (t) (3.5)

on which an RLS �lter can be employed to form the estimatebR0. It is important
to mention though that the high-pass �lter is not explicitly applied as depicted in
(3.5) in the implementation. The di�erence operator, which is the counterpart of
di�erentiation in the discrete time domain is instead used to amplify higher frequen-
cies. The forgetting factor and initial covariance used for the RLS �lter are chosen
by trial and error and depicted in Table 3.1.
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Table 3.1: Forgetting factor and initial covariance forR0 RLS estimator

Forgetting factor Initial covariance
0.995 2 � 10� 7

Once bR0 is obtained, bU0(t) is calculated asi (t) bR0 and an initial estimate ofU1 ( bU1pre )
can be then formed by simple subtraction as per

bU1pre (t) = U(t) � bU0(t) � \OCVpre(t) (3.6)

Again, since the errors inbU1pre are low frequency errors contained in\OCVpre, it is
reasonable to assume

GHF
bU1pre (t) � GHF U1(t) (3.7)

which is further displayed in Figure 3.12. The actual capacity of the cell is 180 Ah
and actual initial SOC is 0.80.

Figure 3.12: Frequency spectra ofU1 and \OCV
err

pre for [SOC0 = 70 % and bQnom =
190 Ah

It is seen clearly that the 0 Hz component of\OCV
err

pre is high for both cases. How-
ever,U1 dominates immediately after till about 0.6 Hz after which all signals become
very low in magnitude.

As with R0 estimation, the parametersA and B w.r.t the RC branch can be esti-
mated using the high pass �ltered signals ofbU1pre (t) and i (t) using an RLS �lter
applied to the relation
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GHF
bU1pre (t) = AGHF

bU1pre (t � h) + BGHF i (t � h) (3.8)

expressed in the standard RLS formulation ofyk =  T
k � k . The high pass �lter used

is a Butterworth �lter with a cuto� frequency of 0.005 Hz. The �lter order is chosen
as 2. The IIR nature of the �lter introduces distortions in the signals on account
of its non-linear phase response, but this will not a�ect parameter estimation as it
is applied to both the current and voltage signal as seen in (3.8). The forgetting
factor for the RLS �lter is chosen as 0.998 through trial and error. Furthermore,
the initial covariance matrix P0 for the RLS �lter is chosen as

P0 =

"
1000 0

0 0:0001

#

(3.9)

Once estimates bA and bB are formed, the estimate bU1 for all frequencies can be
obtained using

bU1(t) = bA bU1(t � h) + bBi (t � h): (3.10)

Finally, it is straightforward to obtain the �nal estimates of OCV and SOC using
the relationships

\OCV(t) = U(t) � bU0(t) � bU1(t) (3.11a)

[SOC(t) = focv� 1(\OCV(t)) (3.11b)

The entire parameter andSOC estimation procedure is summarized in the �owchart
of Figure 3.13.
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Figure 3.13: Process �ow depictingR0, A, B and SOC estimation. The two RLS
�lters are shown as blocks that minimize errore(t)

3.5.1 Problem with insu�cient excitation

In the RC branch parameter estimation step, speci�c criteria with respect to high
frequency content of the current signal must be met for update of the RLS �lter.
The condition can be described as

s
1
T

Z t

t � T
jI 2

F jd� > threshold (3.12)

where T is chosen to be 40 s and thethreshold is chosen to be 30 A on the basis
of trial and error. This update condition ensures reliable parameter estimation as
the estimates may diverge in the presence of current and voltage sensor noises. In
order to demonstrate this e�ect, a simulation only of the RC branch is considered
and band limited white noise is added to the current and voltage signals. The es-
timation of parametersA and B is subsequently accomplished using the RLS �lter
without the update criteria of (3.12).

The noisy current signal (I ), noisy voltage signal (U1) and parameter estimatesA
and B are depicted in Figure 3.14.
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Figure 3.14: A and B estimation in the presence of sensor noises

It is seen clearly in Figure 3.14 that the parameter estimates diverge when current is
constant. Therefore, an excitation condition is required to dictate the update stage
of the RLS algorithm.

3.5.2 Modi�cation of R0 estimation

In section 3.5, it was mentioned that the estimation ofR0 can be accomplished us-
ing GHF

bU01 as it is approximately GHF
bU0. However, it was observed thatbR0 had

a bias with respect to the actual valueR0 using this method. This is because of
GHF

bU1 is present as a disturbance inGHF
bU01, despite its relatively small magnitude.

In order to eliminate this disturbance, estimates bA and bB from the subsequent
estimation stage are feedbacked through a low pass �lter to theR0 estimator. GLF

bA
and GLF

bB are used to calculate an estimate of the polarization voltageeU1, which is
used to form an estimatebU0pre using the relation

bU0pre = U(t) � \OCVpre(t) � eU1(t): (3.13)

The time constant of the low pass �lter (used to ensure stability) is chosen to be the
rise time of the responses of thebA estimator, approximately 50 s. The di�erence
operator applied to bU0pre is then used to estimateR0 instead of bU01.
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3.6 Capacity Q and RISCr estimation using dSOC
estimate

The estimate of the state of charge ([SOC) formed using the method described in the
previous section is used now to estimate capacityQ and the short circuit resistance
RISCr . The equation used for the estimation is formulated as

^SOC(k) = ^SOC(0) +
h
Q

kX

n=0

I (n) �
h

Q:RISCr

kX

n=0

V(n) (3.14)

where I is the current, V is the terminal voltage andh is the sampling time. The
least squares algorithm shall be used to estimate the parameters[SOC(0), h

Q and
h

Q:R ISCr
using data over the entire driving pro�le. The measurement vector (y),

regressor matrix (X ) and parameter vector (� ) are expressed as

y =

2

6
6
6
6
4

^SOC(0)
^SOC(1)
:::

^SOC(end)

3

7
7
7
7
5

(3.15a)

X =

2

6
6
6
4

1 I (0) V(0)
1 I (0) + I (1) V(0) + V(1)
::: ::: :::
1

P end
n=0 I (n)

P end
n=0 V(n)

3

7
7
7
5

(3.15b)

� =

2

6
6
6
6
6
6
6
6
6
4

^SOC(0)

h
Q

h
Q:R ISCr

3

7
7
7
7
7
7
7
7
7
5

(3.15c)

to form the LS model y = X � . The capacity estimate bQ and the short circuit
resistance estimatebRISCr are then obtained from the estimate of parameter vector
� .

The ordinary least squares estimator is sensitive to data outliers and hence, a robust
least square estimator with a modi�ed cost function will also be used to evaluate
parameters bQ and bRISCr . The formulation of the model remains the same as that
depicted in (3.15).
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