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Evaluation of capacity fade in Li-ion batteries in the ballparks of energy research has assumed
significant importance in recent times extensively owing to growing demand and need for
portable power supplies and electric vehicles. In terms of methodologies and analytics, with
the accessibility of data becoming greatly simplified and computational capabilities being
exceptionally improved, supervised intelligence has become the approach-of-choice for mod-
ern day analysts. Using supervised learning approaches, techniques generalized for clustering
and regression can be used to systematically extract relevant information from operational
data leading to effective prediction of capacity fade. Among the multiple learning tools, neu-
ral nets have garnered compelling importance in practical applications due to their flexibility
and capabilities of learning in real-time. However, there is a lack of published research on the
exercise of data mining and learning on capacity estimation. This investigation aims to study
the abilities, drawbacks and applicability of supervised learning approaches in comparison
to true capacity fade which is observed in Lithium ion batteries with extensive usage over
time. For the effective identification and observation of changes in the battery pack’s behav-
ior, the focus will be on quantitatively analyzing the changes through various parameters,
referred to as “features”, and their related conditions. The capacity estimation problem will
be primarily handled with the application of neural nets with the capabilities of real-time

learning, with the primary focus being the data generated through the daily and regular
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use of the packs. As and where imperative, there will be application of synthetically gener-
ated data by means of verified data generation techniques. The results of this endeavor will
be applied to improved handling of Lithium ion cells and packs under the supervision of a
battery management system, using experimental data for training, evaluation and synthetic

fabrication of data.

vil



TABLE OF CONTENTS

ACKNOWLEDGMENTS v

M5.1

Battery Capacity Fade Estimation| . . . . . . ... ... ... ... . 14

M52

Predictive Analytics in Energy Storage] . . . . . . ... ... ... .. 15

5.3

oynthetic Data] . . . . . . . .. ... oo 16

54

Battery Management Systems| . . . . . . . .. ... ... L. 17

CHAPTER 2 BFXPERIMBENTAL DATA 19




[4.3.2  Data processing of aneuron| . . . . . ... ... ... 57
[4.3.3 Network Topologies|. . . . . . . ... ... ... ... ... ...... 59
[4.3.4  Training of a Neural Network] . . . . . . ... ... ... ... .... 61
[4.3.5  Optimization Algorithms|. . . . . . . . .. ... ... ... ... ... 65
[4.3.6  Capacity Estimation in Three Cell Pack] . . . . ... ... ... ... 66
[4.3.7  Capacity Estimation in Automotive Grade Battery| . . . . . . .. .. 70

M4  On-Board Estimation|. . . . . . .. . ... o 75
[4.4.1  Proposed Embedded System| . . . . . . .. ... ... ... ... .. 75
[4.4.2  Algorithm Implementation| . . . . . . . ... ... ... ... ..... 76
M43 PEstimation Resultsl . . . . ... ... 00000 7
M44 Discussionl . . . . ... Lo 79
[4.4.5  Memory Considerations| . . . . . . ... .. .. ... ... ... ... 79
[4.4.6  Future Scopel . . . . . ... 80

[4.5 Summaryl . . ... 81
CHAPTER. 5 CAPACITY ESTIMATION USING DRIVE CYCLES | 82
82

84

88

[>.3  Capacity Estimation Results| . . . . . ... ... ... .. ... ... ..., . 88
[b.4  Summaryl . . ... 92
CHAPTER 6  SYNTHETIC DATA GENERATION 93
93

96

97

98

[6.3.2  Voltage Profile Generation| . . . . . . . ... ... ... ... ..... 100

6.4 Resultsl. . . . . . 101
[6.5 Summaryl . .. ... 106

X



CHAPTER 7 CONCLUSION

BIOGRAPHICAL SKETCH

CURRICULUM VITAE



LIST OF FIGURES

(1.1 Li-ion battery pack.. . . . . . . . . . .

(1.2 Microgrid structure.| . . . . . . . . . ...

(1.3 Battery management system layout.|. . . . . . . ... ... ... ...

[1.4 Capacity fade determination procedure| . . . . . . . . . . ... ... ...

(1.6 Schematic of the electrochemical process in a Li-ioncell.| . . . . ... ... ...

(1.7  Equivalent circuit representation ot a cell| . . . . . . ... ... ... ... ...

(1.8 Flowchart describing various capacity fade phenomena in Li-ion batteries. . . . .

2.1 Equpment used in testing.|. . . . . . .. ... L

2.2 @, (characterization) test.| . . . . . . . .. ... L o

[2.3 Battery pack aging timeline.| . . . . . . . ... o 000

2.4 @Q; (characterization) test.| . . . . . . . . . ... L

[2.5 Representative “drive” test I.| . . . . . .. . ... .. Lo

[2.6  Representative “drive” test IL.| . . . . . . . . . ... ... ...

[2.7  Mini-reference performance test (mRPT)| . . . ... ... ... ... ... ...

[2.8  Graphical representation of capacity variation at different temperatures.|

[2.9 Change in OCV voltage with prolonged testing at different temperatures.| . . . .

[2.10 Voltage plots from (); characterization tests at 25°C.| . . . . . . .. . ... ...

[2.11 Capacity test performed on the automotive batteries.| . . . . . . . . ... . ...
2.12 EV drive cycle (Example 1) . . . . . . ...
2.13 EV drive cycle (Example 2)l . . . . . ..o

[2.14 Voltage plots from capacity tests on the pack depicted as ‘Cell 1" in Table [2.3}| .

[2.15 Change in OCV voltage with prolonged testing at different temperatures.| . . . .

[3.1 Behavior of ATemperature.| . . . . . . ... ... . oL
[3.2 Behavior of AVoltage| . . . . . . ... ...
[3.3 Behavior of ACurrent.| . . . . . . ... ...
[3.4  Behavior of ArSoC1.| . . . . . . . ...
[3.5 Behavior of Throughput. . . . . . . . ... ... ... ... ...

x1

© N S s W NN

10
20
21
22
23
24
25
26
28
29
31
33
34
35
36
37
43

44
45
46



[3.6 Behavior of Ro.| . . . . . . . . o 46

4.1 Estimation process flows.|. . . . . . . . . . .. 51
4.2 @, (characterization) test.| . . . . . . . . ... Lo 53
4.3 Behavior of variables|. . . . . . .. ..o oo 53
4.4 Mini-reference performance test (mRPT).| . . .. ... ... ... ... .. ... 54
4.5 Behavior of variablesl. . . . . . . . ... 54
4.6  Voltage plots from capacity tests on the pack depicted as ‘Cell 1" in Table[2.3l| . 55
4.7 Capacity test performed on the automotive batteries.| . . . . . . . . .. .. ... 56
4.8 Behavior of variables|. . . . . . .. ..o Lo 56
4.9 Neuron components.| . . . . . . . . ... 58
4.10 Feed forward neural network structure) . . . . . . .. ..o o000 60
4.11 Recurrent neural network structurel . . . . . . . ... ..o 60
4.12 Comparison of experimental (“true”) and predicted SoC using full data from @); |
| tests 2,4, 7, 1O . . . . oo 68

4.13 Comparison of experimental (“true”) and predicted SoC using mRPT tests 2, 4, |

[4.14 Behavior of Voltage centroids.| . . . . . . . . . . ... ... oL 72
[4.15 Behavior of Temperature centroids.| . . . . . . . . ... ... ... ... ... .. 73
[4.16 Behavior of Internal Resistance Rg.| . . . . . . . . . . . . . ... ... .. 74
[5.1 Comparison of predicted (dashed) and experimental AV_..|. . . .. ... ... .. 88
(5.2 Comparison of predicted (dashed) and experimental AT..[. . . . ... ... ... 89
(5.3 Comparison of predicted (dashed) and experimental Rq.| . . . . . ... ... .. 90
[5.4  Comparison of predicted (dashed) and experimental SoC.|. . . . . . . .. .. .. 91
6.1 Representative “drive” test II| . . . . . .. ... ... ... ... ... ... 96
[6.2  Sample Renault Twizy drive profile..| . . . . . ... ... ... ... ... ... 97

[6.3 Comparison of true and synthetic voltage centroids during mRPT tests 1,5,7,10.] 103

[6.4 Comparison of true and synthetic Voltage centroids during mRPT 1,5,7.10.[. . . 104

[6.5 Synthetic drive cycle at different capacity values.| . . . . . ... ... ... ... 105

xii



LIST OF TABLES

2.1 Capacity variation at different ambient temperatures (drive cycle 1 used).|. . . .

2.2 Capacity variation at different ambient temperatures (drive cycle 2 used).|. . . .

[2.3 Capacity variation of 5 LG Chem batteries.| . . . . . .. .. .. ... ... ...

[2.4  Capacity variation of 5 LG Chem batteries.| . . . . ... .. ... ... .. ...

[3.2  Sensitivity analysis.|. . . . . . . ...

[4.1 Capacity estimation results using tull ¢); test data.| . . . . . . . ... ... ...

4.2  Capacity estimation results using mRPT data.|. . . . . . ... ... .. ... ..

4.3 Capacity estimation results in the SoC range 80% to 40%.| . . . . . ... .. ..

4.4  Capacity estimation results in the SoC range 60% to 20%. . . . . . . ... ...

4.5 Capacity estimation results in the SoC range 50% to 10%.| . . . . . . . . .. ..

4.6 Capacity estimation results using J); data.| . . . . . . .. ... ... ... ....

4.7 Capacity estimation results using mRPT data.|. . . . . . . ... ... ... ...

(4.8  Memory Consumption.| . . . . . . . . . . . . L

[b.2 Training data] . . . . . . . ..

[5.3 Comparison of capacity estimation results using drive data.|. . . . . . . . . . ..

6.1 mRP'l" mean square error comparison| . . . . . . . .. ... ...

6.2 Capacity estimation results in the SoC range 50% to 10%. . . . . . . . . .. ..

6.3 Capacity estimation results in the SoC range 50% to 10%. . . . . . .. . . ...

xiil

47
69
71

7
78
80



CHAPTER 1

INTRODUCTION

Over a span of four decades, Lithium ion (Li-ion) technology has undergone vast improve-
ments in terms of reliability and safety, and also in terms of cost reduction of materials
used (1)). As a result, Li-ion (Figure based batteries have become the battery of choice
from portable electronics to electric vehicles and in stationary applications such as micro-
grids (Figure [1.2)). Generally speaking, compared to other chemistries, the typical Li-ion
cell has high energy density, longer cycle and shelf life, useful open circuit voltage (OCV)
characteristics and a low capacity fade rate. Due to their dependability, extensive research
has also been conducted in order to understand and quantize the nonlinear behavior of these
cells in terms of State-of-Charge (SoC), internal resistance, open circuit voltage, thermal

characteristics and capacity fade.

Figure 1.1: Li-ion battery pack.
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Figure 1.2: Microgrid structure.

Among these broad fields of research in batteries, prediction and estimation of capacity
fade is a challenging problem due to the amount of data required over long time intervals,
and also due to the complexity of the relationship between the intrinsic characteristics of the
battery chemistry. Thus, being able to estimate, monitor, and predict capacity fade in bat-
tery packs is highly desirable for battery management systems (BMS) (Figure (2) in the
general State-of-Health (SoH) assessment. Along these lines, improving battery efficiency is
also a significant topic of research for automotive and grid power related industries. Con-
trolling cell performance and safety requires an in-depth understanding of the fundamental
cell chemistry, performance characteristics and battery failure modes. The key objectives
defining the working of a BMS are battery temperature, SoC, SoH and current and voltage
thresholds. Hence, in order for the BMS to maintain the battery pack within permissible
limits, capacity estimation during system operation assumes critical importance.

Present day BMSs provide safety and charge management for battery packs based on

variations such as changes in internal chemical processes, temperature strain, state of charge
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Figure 1.3: Battery management system layout.

variations, or high load variations, in a passive manner. Some go as far as estimating battery
life, however typical algorithms are rudimentary at best and require specific capacity tests
which can range between six to nine hours in length and also put undue strain on the battery.

Aimed at using a reduced amount of characterization data, while incorporating the impact
of various factors affecting the performance of a battery, this research looks to estimate
capacity in batteries with limited use of standard capacity tests, while the batteries or packs
are employed in their intended applications.

The approach adopted to perform this task is portrayed in Figure in which the
first step is to extract “features” from the I-V-T data collected during the operation of the
battery. The “features” are obtained by partitioning the entire data set into three periods:
charge, discharge, and rest. Following this, each event data (I-V-T) are segmented into
different events (e.g., a 10C discharge pulse is a separate event from a 20C discharge pulse).
These events are fundamentally referred to as the “features”. This is followed by model based

prediction of how these features should appear at a particular stage in life of the battery, and
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Figure 1.4: Capacity fade determination procedure

finally an optimized iterative approach to compare the extracted and characterized features
in order to effectively determine the capacity of the battery.

The key enabling factor in this endeavor of capacity fade estimation is to incorporate a
combination of supervised intelligence approaches, which conclusively facilitate the estima-
tion algorithm to learn real-time as the battery is employed and be able to track the capacity

variation with usage and time.

1.1 Problem Description

The problem investigated in this dissertation is:

“To establish a standardized, adaptable and sensible estimation principle with the help of
supervised learning techniques for the purpose of determining the variation in capacity in
individual batteries and packs by fulfilling the objectives of minimizing the memory and data
requirements along with the utilization of synthetically generated data and distributed com-

putation”.

To elaborate on the problem statement, in this research we have attempted to effectively
utilize the trends in battery behavior over time and usage to determine the change in its

capacity. First step in this process was the development of simplified neural net based



models, which were trained and tested on specific standardized capacity determination tests
with the focus being on temperature and voltage as “features”. The second step was to
utilize test data which comprised of higher dynamics than a capacity test but was simpler
than an operational cycle that is essentially the utilization behavior of a battery when the
electric vehicle is used and operated throughout the day. In order to accomplish this, along
with the neural nets a clustering approach was adopted to extract and reduce the relevant
data to “centroids” and use them as trends in the features in order to predict capacity. The
third step involves the development of the overall algorithm which is fundamentally capable
of learning from any operational data provided to it and be adept at providing an estimated
capacity index which is within definitive tolerable bounds. This was accomplished with two
additions, firstly, with a rule based structure which used multiple simplified neural nets that
are windowed based on ranges in the features and thus affording us the flexibility of “used-
only-when-needed”. Second, internal resistance was considered as an additional feature along
with temperature and voltage. The data that was used throughout these first three steps
has been generated from a non-automotive pack, which admittedly is not of the quality of
an automotive grade battery, but for the purposes of accelerated aging and generation of
data, such a battery pack has been preferred.

The penultimate step in this study is to test the robustness and applicability of the
developed algorithm on automotive grade data. With the help of The Center for Automotive
Research at The Ohio State University, we were granted access to an automotive data set,
where the principles developed in estimating capacity as highlighted in the second step
in this investigation, were applied and garnered favorable results. Such data sets, being
laborious to generate experimentally and further challenging to acquire from commercial
establishments, posed a significant hurdle to the completion of this investigation, and thus
led to the final step in this endeavor, which is using limited amounts of experimental data

along with probabilistic estimations in order to generate large amounts of synthetic data.



In turn, this synthetic data can be used by the algorithm refined in the previous steps
to effectively train upon and generate sharpened capacity fade estimation statistics. An

overview of the technologies that have been employed in this research endeavor is depicted

in Figure
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Figure 1.5: Overall work flowchart.

This dissertation is presented in the following order: In the remainder of Chapter 1, we
talk about some of the basics of Li-ion batteries such as the chemistry behind its operating
principle as well as the root causes of capacity fade in batteries. Chapter 2 talks about the
capacity fade in batteries with in-depth description of the testing that has been done in-
house to generate data. Chapter 3 depicts the analysis of features in the data that has been
generated. The development and estimation of capacity fade using non-automotive grade
data is presented in Chapter 4. In Chapter 5, we describe a similar approach to capacity
fade but with the use of more dynamic drive-cycle data sets. Chapter 6 presents the finishing
touch by characterizing the approach adopted for generating synthetic data and whereby the
generated data aids in improved capacity fade estimation. At the end, Chapter 7 provides a
culmination of all that has been achieved through this dissertation along with a few specific

pointers, which could lead to future generations of this research.



1.2 Lithium ion Chemistry

The electro-chemically active material in electrodes inside Li-ion batteries are lithium metal
oxide or a lithium metal phosphate for the positive electrode material and a lithiated graphite
for the negative electrode material (3]).

The active materials in conventional Li-ion cells operate by reversibly incorporating
lithium in an intercalation process, a topotactic reaction where lithium ions (guests) are
reversibly removed or inserted into a host without a significant structural change to the
host. The positive material in a Li-ion cell is a metal oxide, with either a layered or a
tunneled structure. The graphite carbon negative materials have a layered structure similar
to graphite. Thus the metal oxide, graphite, and other materials act as hosts, reversibly
incorporating the lithium ions to form sandwich-like structures Figure [1.6
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Figure 1.6: Schematic of the electrochemical process in a Li-ion cell.



In the field of Li-ion batteries, the work of alkali metal intercalation of graphite and
related carbons, in particular Li,Cg(0 < x < 1), is of particular interest. when a Li-ion
cell is charged active positive electrode material is oxidised and the active negative electrode
material is reduced. In this process lithium ions (Li") are deintercalated from the positive
material and intercalated into the negative material, as illustrated in Equations and
[[.3] In this scheme, LiM O, represents the metal oxide positive material , such as LiC0Os,

and C represents the carbonaceous negative material, such as graphite (4) (5). That is,

Discharge
Positive : LiMOy < Lip_2 MOy + xLi™ + xe™ (1.1)
Charge
Discharge
Negative : C +yLit +ye- S Li,C (1.2)
Charge
Discharge
Overall : LiMOy + x/yC = x/yLi,C + Li;_; MO, (1.3)
Charge

where x and y are selected based on the molar capacities of the electrode materials for
lithium.

Normally z is about 0.5 and y is about 0.16, therefore x/y about 3. The reverse occurs
on discharge. The charge-discharge process is further depicted in Figure [I.6] It is to be
noted that during discharge, due to the potential gradient between the positive and negative
electrodes, the electrons rearrange themselves to get rid of this difference (high energy state),
hence the electrons travel from the negative electrode to the positive electrode through the
external load (low energy state). During charge, electrons flow from an external power
source and the reaction happens in reverse with the positive and negative electrodes being
restored to their original states. Hence, the main factors which cause electron flow are firstly,
the requirement for the system to be at a low energy state, and second, the existence of a

concentration gradient ((6]).



1.3 Mathematical Model of a Li-ion Cell

The convention of using AC impedance as a diagnostic tool for electrochemical systems was
adopted in the 1970s and hence evolved the representation of a battery as a circuit consisting

of standard electrical components, such as resisters and capacitors as depicted in Figure

@).

Vo L l Cp
| Il
N L
® A
I, 2
Load
—W—

Figure 1.7: Equivalent circuit representation of a cell.

The behavior of the battery can be explained in terms of the values for the circuit elements
in Figure . The voltage source V; explains the open circuit voltage (OCV) of the battery,
which essentially represents the thermodynamic limitations on the cell’s performance. The
resistance R refers to the ohmic drop inside the battery that arises from current passing
through the electrolyte, contact resistances and the like. R, and Cp together represent the
charge transport through the interface, where R.; refers to the Faradaic part of the charge
transfer resistance and C'p is a pseudocapacitance term often used to depict mass transfer

limitations (7).



1.4 Mechanism of Capacity Fade

The capacity of a Li-ion battery reduces with repeated cycling over prolonged usage. This
fade is caused by several mechanisms which are due to or caused by undesirable side reactions
that occur in these batteries. A flowchart describing the various processes leading to capacity

fade is highlighted in Figure ().

| Capacity Fade |

—| Overcharge | ‘ Self Discharge | | Passivation | ‘ Phase Change |
PR
‘ Current Collectors | Electrolyte Active Material
Reduction Dissolution

Jahn-Teller

| Formation period Distortion
4| Positive Electrode |

\—| Electrolyte Oxidation |

# Negative Electrode ‘

\—| Lithium deposition |

Figure 1.8: Flowchart describing various capacity fade phenomena in Li-ion batteries.

Formation Cycles: Li-ion batteries are characterized by a sharp decay initially during the
first few cyclic operations. This is known as formation period, during which the cells get
conditioned before being operational. It is generally required for this initial capacity drop
after the formation period to be insignificant compared to total cell capacity, after which the
the charge-discharge cycles are almost 100% efficient. The reason behind this sharp initial
decay is the formation of Solid Electrolyte Interface (SEI) layer on the negative electrode,
which is caused by the electrochemical decomposition of the electrolyte (9). The reason
this layer is harmful is that it does not conduct electrons and is almost impenetrable to the

electrolyte molecules.
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Overcharge Phenomena: Li-ion batteries have poor overcharge resistance and as a result,
capacity losses have been observed in all types of Li-ion cells during overcharge conditions.

Overcharge losses can be classified into three categories:

e Overcharge of negative electrode: During overcharge, metallic lithium might get de-
posited on the coke or graphite based negative electrode surface due the primary side
reaction. This reaction is common in cells with excess cyclable lithium either due to
higher than required initial mass ratio or lower than expected lithium losses during the
formation phase. The deposit of lithium covers the active surface area of the negative
electrode causing loss of cyclable lithium and consumption of electrolyte due to the
highly reactive nature of metallic lithium (10). The primary side reaction occurring
during overcharge is,

Lit 4+ e —Li(s) (1.4)

and the intercalation-deintercalation reaction on the negative electrode is,

) Discharge ]
Co+zLit +xe- S LiCs. (1.5)
Charge

Also, formation of lithium metal is also a safety hazard owing to its extreme reactivity
with liquid solvents. Li-ion deposition is more of a concern with graphite carbon elec-
trodes than with coke electrodes because of the lower average open-circuit potential
of graphite. For this reason, mass ratios of cells using graphite electrodes are prefer-
ably kept to a smaller number than the optimum to provide a buffer against lithium

deposition (LTJ).

e Overcharge of positive electrode: Overcharging of the positive electrodes leads to a
wide array of reactions depending on the system chemistry. As was the case with
the negative electrode, the extent to which overcharging is expected at the positive

electrode depends on the system’s capacity balance. For cells with a very low mass

11



ratio, the positive electrode is stressed further during charging and hence overcharging
becomes a possibility. Overcharging the positive electrode leads to capacity loss due
to inert material formation (e.g., Co30,) or solvent oxidation due to the high positive
electrode potential. Apart from these, formation of electrochemically inactive elec-
trode decomposition products leads to a capacity imbalance between the electrodes.
Furthermore, thermal overheating of the positive electrode can lead to oxygen loss from
the metal oxide lattice and this oxygen can cause an increase in the pressure inside the

cell, thus forming a potential safety concern (12).

Overcharge/high voltage electrolyte oxidation process: In Li-ion cells, the electrolytes
are a combination of solvents and one or more lithium salts. The more popular elec-
trolytes use a mixture of linear and cyclic carbonates such as propylene carbonate,
ethylene carbonate, dimethyl carbonate, diethyl carbonate, and ethyl methyl carbon-
ate and salts such as LiPFg, LiBF,, LiAsFg, and LiClO,. High voltage positive
electrodes used in Li-ion cells create a rigorous requirement for electrolyte stability
and purity. Hence the choice of electrolyte is limited as the maximum voltage of the
cell is governed by the decomposition potential of the electrolyte. Present day elec-
trolytes decompose at a high voltages (>4.5 V) and thus form insoluble products such
as (LiyCOs, etc.), which block the pores of the electrodes and cause generation of gas.
Such effects can cause both capacity loss upon further cycling and can be a cause of

extreme safety hazard (& [13)).

Electrolyte decomposition (reduction) processes: Electrolyte reduction can be a haz-

ard to the battery capacity as well as the cycle life of the cell by decomposing the salt and

solvents, and thus compromising the safety of the system by generating gaseous products.

Minimizing electrolyte reduction and the capacity losses incurred due to the reduction pro-

cesses is a significant requirement for enhancing cycle life and high-temperature performance

of Li-ion batteries (8; [14]).

12



Self-discharge processes: Self-discharge is the phenomenon by which there is a drop in the
cell voltage under open circuit conditions that occur spontaneously while the batteries are
left standing. Li-ion cells undergo self-discharge, which although less significant than other
battery chemistries, is still relatively rapid. The degree of self discharge is dependent on
factors such as cathode and cell preparation, nature and purity of the electrolyte, temperature
and time of storage. Self-discharge is more common in oxidized LiMnsQOy, LiCoOy and
LiNiO, electrodes (15)).

Interfacial film formation: A passive film gets formed at the negative electrode/electrolyte
interface due to irreversible side reactions that occur between lithium ions and /or the solvent
and electrode surface. These side reactions ideally form a stable and protective film of the
surface of the negative electrode allowing the electrode to operate without further reaction.
The initial loss in lithium ions in forming this film causes the capacity of the balance between
the two electrodes to get altered. This sometimes results in diminished utilization and hence
a decreased specific energy for the cell (16).

Current collectors: Aluminium and copper are the most commonly used current collectors
for the positive and negative electrodes in a cell, respectively. Apart from these metals, nickel
and stainless steel also have been employed as current collectors. The main concerns with
current collectors are passive film formation, adhesion, localized corrosion such as pitting
and general corrosion. These developments increase the internal impedance of the cell during
cycling and can lead to capacity and rate capability losses (8 [17).

Positive electrode dissolution: The phenomena of positive electrode dissolution are both
electrode and electrolyte specific. The factors affecting positive electrode dissolution are
structural defects in the positive active material, high charging potentials and the carbon
content in the composite positive electrode. Oxygen defects in the LiMn,O4 and LiNiOq
structures tend to weaken the forces bonding transition metals and oxygen, resulting in Mn

and Ni metal dissolution (3; [8)).

13



Phase changes in insertion electrodes: The basic mechanism of phase changes is that
large changes in lattice parameters lead to fractures of the particles and loss of contact from
the electrode matrix. The three most popular metal oxide insertion compounds used in Li-ion
batteries are fairly robust to phase changes or lattice expansions and show high reversibility
and cycle life. However the constant development for higher capacity materials makes phase
and structural changes difficult to avoid and require in-depth studies. The phase changes
occurring in Li-ion batteries can be classified into two categories: first, in those that occur
during normal insertion-deinsertion of lithium, and others that occur when the positive
electrode is overcharged or overdischarged (for example the Jahn-Teller distortion in the

overdischarge of Li,Mn,O, above y = 1) (8).

1.5 Literature Review

This section presents a short informational review on the general field of capacity fade in
batteries, use of supervised learning in battery based systems, possibilities of using synthetic
battery operational data and the contemporary scenario of algorithms in Battery Manage-

ment Systems.

1.5.1 Battery Capacity Fade Estimation

The challenge of characterizing capacity fade has to do with varying degrees of dependency
on factors such as ambient temperature, C-rate, rest times, SoC levels, and duration of
charge and discharge pulses along with shelf life or storage time of the batteries. More and
more researchers are investigating the general SoH problem and, in particular, estimation
of capacity fade, using approaches such as equivalent circuits (I8]), (19), empirical models
(20), chemical models (2I]) and statistical evaluations (22)). But one issue associated with
such approaches is the effort required in identification of a large number of parameters, and

hence cumbersome computations involving large volumes of data. Regrettably, the cost and
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feasibility of performing purposeful aging experiments on high grade batteries limit such
experiments; as a result, only limited volumes of data may be available and accessible.
Along with internal and logistical considerations, time plays a central and pivotal agent in
the experimentation with such batteries owing to the high number of cycles required for
automotive grade batteries to show signs of deterioration in capacity. Unfortunately, there

are no simple, “default” models for immediate capacity fade calculation.

1.5.2 Predictive Analytics in Energy Storage

Predictive analytics encompasses a variety of statistical techniques from predictive model-
ing, supervised and unsupervised intelligence, and data mining in the domain of battery
technology.

Supervised learning as a data-driven approach to capacity fade estimation has been gain-
ing interest in recent times and a number of techniques have been explored. Support Vector
Machines which are characterized by flexible planes for dividing data sets have been ex-
plored in (23) and (24). Clustering has further been examined with principal component
analysis in (25)), and neural networks in (26) and (27). Other approaches in conjunction
with learning techniques have also been explored, such as gray system theory in (28)) and in-
cremental capacity analysis with support vectors in (29)). Rather disappointingly, two issues
stick out. First, a major portion of the work that has appeared on capacity fade estimation
is dependent on running characterization tests which discharge the battery from 100% to
0% SOC with C-rates ranging from 1C to to 0.3C. Under controlled laboratory conditions,
to determine the capacities of automotive grade battery packs, tests such as C/3 CC-CV,
C/3 CC or 1C CC-CV tests are employed. Thus, challenges are the amount of testing time
required and the amount of data to be generated, given that such tests can consume several
hours each. Moreover, under normal operating conditions in vehicle operation, expecting

an electric vehicle to remain stationary and inoperable for several hours at a time is not
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only undesirable but also energy intensive. For such a test the entire charge available in
the battery would need to be drained, followed by a full recharge. Another concern is the
effect of temperature on capacity fade, the measurement of which is tedious; such studies
have received very little attention in the literature. Keeping these drawbacks in mind, a
data-driven approach which can extract relevant information from a limited data supply is

the direction adopted in this research.

1.5.3 Synthetic Data

Among all the complexities of capacity fade in batteries, the most significant is undeniably
the time and effort involved in acquiring data.

The variation in capacity of batteries that consists of multiple factors have been discussed
comprehensively in (30), (31)), (32). Among all the complexities of capacity fade in batteries,
the most significant factor evidently turns out to be the time and effort required in effectively
aging the batteries with the help of controlled experimentation such that the batteries not
only lose their capacity retention capability, but also have a gradual decline in order to
address the reliability concerns and to enable higher levels of efficiency in the energy storage
systems. Also, by segregating and effectively incorporating all the features that display a
change with the capacity fade, BMSs can be operated under flexible operation schedules
to accommodate the variability introduced from the power requirements of modern EVs
and stationary loads. However, these analyses are based on historical data collections from
batteries tested at various facilities and hence only databases with a limited number of
measurements are available. The novel idea of using a limited experimental data set to
generate iterative synthetic drive cycles and study the technical performance of BMSs has
been explored in (33)). The concept of using synthetic data has been explored for used
renewable energy systems (34) and health-care systems (35), quality data being vital to
both fields.
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In the domain of energy systems, synthetic data has found applications in modeling
as well as large scale and domestic power consumption simulations. In (36]) physics based
modeling of batteries was presented, where computational challenges are tackled with particle
Markov chain Monte Carlo methods, with an implementation specifically designed for the
non-Markovian setting. In large scale power systems (37), synthetic PV and load demands
are used to validate the control algorithms. In (38]), a prototype demand-side load controller
is validated using synthetically generated load data. It is evident in these examples that use
of synthetic data as a validation tool is a well established practice in the research community.

Keeping the need for validation of our estimations systems on a diverse set of test data,
and based of trends in the literature, generating synthetic battery data using Markov chains

(31)) based on actual experimental data is the method adopted for this work.

1.5.4 Battery Management Systems

The determination of control actions in a BMS is entirely based on how accurate the estima-
tion capabilities are. Principally, a battery is an electrochemical unit, which is made up of
two electrodes immersed in an ionically-conductive electrolyte. The electrolyte acts as a non
conductor for electrons between the electrodes. With the introduction of an external circuit,
the electrons are allowed to flow through the external circuit from the negative electrode to
the positive electrode facilitating the oxidation-reduction reactions. Paradoxically, in this
uncomplicated procedure, many complicated reactions and processes determine the battery’s
macroscopic behavior (specifically the current to voltage response). These processes include
diffusion, charge transfer reaction, double layer capacitance and so on. Some of these pro-
cesses are structurally distributed and thus require coupled partial differential equations to
describe accurately (3]). Despite partial differential equations accurately capturing the true
nature of reactions going on inside the battery, they are not conducive to solving on-board

or cloud-connected estimation problems owing to their computational complexities.

17



Traditionally, the estimation problems in a BMS encompassing SoC, terminal voltage
and SoH has been looked at from an equivalent circuit point-of-view. Under small current
assumption, the equivalent circuit approach can approximate the battery’s input-output be-
havior. While equivalent circuits using only ideal resistors and capacitors can be used to
approximate the battery behavior in a limited frequency range, these models are usually
local to the operating conditions (temperature, SoC, and input current). For compensating
for this drawback, attempts have been made to represent the circuit parameter as functions
of operating conditions to arrive at better estimations (39). Given the identified parameter
values in the differential equations represented by the equivalent circuits, a number of dif-
ferent methods have been shown to give good results, particularly Extended Kalman Filters
(40) and Linear Parameter Varying methods (41). Two drawbacks with these methods are
that they require substantial volumes of specific tests to be performed for identification and
computational complexity. An approach gaining relevance in recent times has been the use
of machine learning. While a number of publications have shown promise with the use of
Fuzzy Logic (42) and Neural Networks (27), there is a lack of published results on using
lesser volumes of data and extraction of parameters while the battery or battery pack is
used in its intended application. This is an area where supervised learning may be able to

provide an improvement.
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CHAPTER 2

EXPERIMENTAL DATA[

When it comes to estimation of metrics related to batteries, the primary limiting factor has
been the availability of accurate data with suitable variations in a wide range of parameters.
This is a multi-faceted problem where, generation of effective data is a tedious process as the
time and effort required in generating changes in parameters in batteries is substantial. On
the other hand, accessing generated reliable test data from third parties can be a logistical
ordeal. On this note, researchers in the domain of energy storage are left with a limited
number of choices as to how to solve this dilemma. The path that was adopted by our
research group was firstly, to perform in-house data generation by operating cyclic testing
on batteries which were similar in chemistry to automotive grade batteries but where proven
to show performance variations at a much accelerated pace. Second, keep the testing on-
going in batches while the initially generated batches of data are used to develop preliminary
models to serve as a base-line and use the results of these models as a convincing factor in
order to obtain automotive grade data from specialized testing facilities. Finally, a crucial
step is to validate the previous models on the newly obtained data.

In order to accomplish the in-house generation of data, customized and sophisticated
laboratory equipment were utilized and the number of representative cyclic profiles were
used to run the tests on the batteries at multiple temperature points. The details of these

two broad points are elaborated upon in the following sections.

2.0.1 Equipment Utilized

The primary equipment employed in the data generation endeavors were a thermal chamber

and a custom designed cycling station, as shown in Figure

1©2017 IEEE. Portions Adopted, with permission, from M. Pyne, B. J. Yurkovich, S. Yurkovich, “Capac-
ity Fade Estimation Using Supervised Learning,” ITEEE Conference on Control Technology and Applications
(CCTA), August 2017.
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(a) Cycling station. (b) Thermal chamber.

Figure 2.1: Equipment used in testing.

The cycling station is managed by an HP server running a Red Hat Linux operating
system that is used to run special purpose software for control and data acquisition. The
station consists of two TDK Lambda GENS8-400 power supplies capable of a maximum
voltage of 16 volts and 400 amps for charging; a Kepco EL 3k-25-400DG programmable load
with rated power of 3000 watts, rated voltage of 25 volts and rated maximum current of 400
amps, for discharging; a T-type thermocouple for temperature sensing; and a NI USB-6008
data acquisition device that is used in sampling voltage, current and temperature. The cycler
software evaluates the data and plots the real time sampling result. The thermal chamber
is a Cincinnati Sub-Zero (CSZ), MicroClimate Benchtop Test Chamber, which is used to

maintain isothermal ambient temperature conditions for modules and packs under testing

(39).

2.0.2 Data Generation

The design of commercially available battery packs are such that they are able to withstand

prolonged stress levels in terms of high C-rates. Moreover, Li-ion batteries are characterized
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by high cycle-life which enables them to maintain capacity for prolonged periods of time.
In order to observe degradation of capacity of such batteries, a very large number of test
cycles is needed. For this study, experimental work was carried out in the Energy Storage
Systems Laboratory, UT Dallas (30), utilizing the special purpose software and high accu-
racy instrumentation for battery data generation along with a thermal chamber for control
over ambient temperatures. Custom profiles enable automated and rapid charge-discharge
cycles on a pack, and also provide characterization tests after regular intervals of time. Man-
ufactured by Turnigy Power Systems, the battery pack considered in this preliminary study

consists of three Li-ion cells in series and is rated at 11.4 V/2200 mAh (Figure [2.2)).

Figure 2.2: @Q); (characterization) test.

For battery pack cycling and data gathering, three test profiles have been developed:
(i) a characterization test, (ii) a representative charge-discharge profile “drive” test, and
(iii) a mini-reference performance test (henceforth, mRPT). Collection of data consists of
recording relevant current, voltage and temperature signals for these test profiles at different

temperatures.
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Figure 2.3: Battery pack aging timeline.

The time-line followed for the cycling and subsequent aging of the aforementioned battery
is shown in Figure [2.3] The first step in the testing sequence is to characterize the battery
pack as well as determine its Beginning-of-life (B-o-L) capacity (Q; test) along with an
mRPT. This is followed by five drive cycle sets. After these drive cycle sets, a ); and an
mRPT are held at this point in order to record the change in capacity as the battery is used.
This cycle of five drive cycle sets followed by a @); and mRPT are repeated until the battery

loses about 30 to 35% of its B-o-L capacity.

Test Profiles

For a typical cycle in this work, the “characterization” test is executed first, followed by ten
cycles of the drive test, and finally followed by the mRPT. This sequence is repeated until the
capacity of the battery is close to 60% of the rated capacity. The typical characterization test
for capacity is referred to herein as the @); test for an initial @y (fresh pack) and subsequent

capacity characterizations (i = 1,2,...) as the pack ages. The @; test has two parts: first,
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a discharge from 100% to 0% SOC at 1C in CCCV mode, and second is a charge of 0% to

100% at 1C in CCCV mode.
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Figure 2.4: @Q; (characterization) test.

The capacity of the battery is obtained by summing the total charge removed during the
complete discharge pulse. The @); test is a standardized true test to determine the actual
capacity of a battery at any phase in its lifetime; Figure illustrates a typical ); test. The
capacity obtained from this test acts as the benchmark for true capacity for results in the
sequel.

The main cyclic aging is caused by the implementation of the drive test. In our data
generation endeavors, we have used two drive cycles; the first is a fairly simple one shown in
Figure [2.5] The discharge portion of this test consists of three pulses, two at 10C and one

at 20C. For the charge portion, there are again three pulses, two at 1C and one at 5C.
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Figure 2.5: Representative “drive” test I.

A representation of the second drive cycle is highlighted in Figure 2.6 which consists of
multiple pulses with C-rates varying between 0.2C and 15C at twenty different SoC points
in the complete range of 0 to 100% SoC.

In the initial evaluations that were carried out, the ();, the mRPT and the first drive
profile has been utilized in order to perform estimation of changes in the capacity of the pack.
The reasoning for the use of the first drive cycle is due to simpler dynamics as compared to
the second drive cycle.

The experimentation with the second, significantly more complicated, drive cycle, was a
result of studying and finding key insights with the implementation of the first drive cycle
as well as an in-depth look at common driving patterns EVs face in the real world. Some of

the major considerations in designing the second drive cycle were:

1. The majority of the discharge pulses that battery packs in EVs experience are in the

lower C-rate ranges.
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Figure 2.6: Representative “drive” test II.

2. High C-rate pulses can be relatively low in occurrence, but if present, they can be

prolonged once, and cause higher degradation rates.

3. The repeated occurrence of high C-rate discharge pulses at particular SoC ranges can

cause accelerated capacity fade.

4. Because EV battery packs face constant discharge pulses, whereas charge pulses usually
occur with charging stations using a single charge pulse, which charges the battery, our

focus has been towards studying the variations in discharge pulses.

5. The rest time after each pulse affects the behavior of the batteries during the next

pulse, hence a variable range of rest times needs consideration.

Thus, keeping the above stated observations in mind, these drive cycle tests consist of

multiple discharge pulses and a fixed as well as variable rest time between each pulse, and
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were designed to mimic what a battery pack in an EV would experience under normal
operation on the road (recognizing, of course, that the pack we are using is not automotive-

grade in quality).
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Figure 2.7: Mini-reference performance test (mRPT).

Our third test, the mRPT, was developed to provide data at intervals between the @;
tests; such tests require less data and time, and in addition require 50% less depth of discharge
than a typical Q); characterization test. The mRPT consists of five 10C pulses which discharge
the battery from 100% to 50% with a rest period of thirty minutes after each pulse. After
the final rest period (fifth pulse), the charge pulse is initiated and charges the battery pack

up to 100% in one pulse. A typical mRPT profile is shown in Figure [2.7]

Observations

1. Packs Tested using Drive Cycle 1
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Due to the repeated charging and discharging cycles being applied to the pack, aging
occurs in an accelerated rate which results in a gradual decrease in the battery capacity.
For our purposes, the threshold for end of life is considered to be approximately 60% of the
pack’s beginning of life capacity (as determined from the Qg test).

The capacity fade patterns of a couple of battery packs that have been tested at ambient
temperatures 50°C and 25°C, respectively, are summarized in Table 2.1} These two packs

have been subjected to drive cycle 1.

Table 2.1: Capacity variation at different ambient temperatures (drive cycle 1 used).

Test No. | 50°C | 25°C
1 2.015 | 1.954
2 1.838 | 2.004
3 1.816 | 2.008
4 1.810 | 1.998
5 1.782 | 2.001
6 1.718 | 1.970
7 1.472 | 1.963
8 1.258 | 1.971
9 1.022 | 1.839
10 0.912 | 1.540
11 0.755 | 0.788

The graphical representation of the change in capacity over time for the two packs is
highlighted in Figure [2.8] where it is evident that the capacity of the pack tested at 25°C
loses its capacity rapidly only after (g, whereas the pack tested at 50°C starts losing its
capacity rapidly after (Jg. This brings to our focus a couple of aspects, first, the well accepted
fact that at a higher ambient temperature, the capacity fade patterns of a Li-ion battery
shows an accelerated nature, and second, in the estimation of any parameter, temperature
plays a significant role.

Outcome of such capacity fade patterns are also observed in the OCV behavior of the

packs as depicted in Figure in which, for both, the pack tested at 25°C and at 50°C, the
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Figure 2.8: Graphical representation of capacity variation at different temperatures.

1C single pulse discharge from 100% to 0% SoC during the Q); tests starts taking progressively
lesser time than 3600 seconds.

These initial data sets have been used for preliminary development of algorithms. The
details will be highlighted in subsequent chapters, but to be specific the data generated
using the ); and mRPT tests have been used in developing a feature based capacity fade
estimation algorithm which uses voltage and temperature data in order to predict trends in
the loss of capacity of the pack. The data generated from the implementation of drive cycle
1 has been used to develop a “feature generator”, which predicts the feature behavior of
mRPT tests after the battery has been trained on the drive cycle data. After the successful
implementation of these algorithms, the subsequent drive cycle 2 was designed in order to
address the short comings and also for further algorithmic development.

2. Pack Tested using Drive Cycle 2
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(b) OCV from Q; tests performed for the battery pack tested at 50°C.

Figure 2.9: Change in OCV voltage with prolonged testing at different temperatures.
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Similar to the previous testing, another three cell pack has been subjected to cyclic
charge-discharge testing in an environmental chamber at 25°C, with the difference being the
use of a drive cycle 2 in place of drive Cycle 1. The test procedure consisted of exactly the
same approach where three profiles were used, (i) a characterization profile (Q;, ¢ indicating
the number of the test) intended for determining the true capacity of the pack, (ii) a mini-
reference performance test (mRPT), which is a scaled version of a stand RPT or HPPC test,
and (iii) a representative operational drive profile consisting of multiple discharge profiles
intended to replicate the discharge patterns that an EV experiences while in real-world
operation. The details of the first two tests have been discussed comprehensively in the
previous sections. The drive profile, as pointed out earlier, is different. First, this profile
includes only discharge pulses ranging from 0.2 C to 15 C in the complete 100 to 0% SoC
range, and second, a large number of discharge pulses of varying magnitude and duration
have been used. The characteristics of the drive test can be seen in Figure [2.6]

The capacity fade pattern of the pack at 25°C is summarized in Table and in Fig-
ure 2100

Table 2.2: Capacity variation at different ambient temperatures (drive cycle 2 used).

Test No. | Capacity (Ah)
1.976
1.953
1.943
2.057
1.938
1.906
1.913
1.895
1.857
1.754
1.576

—_

O 00 1 O O i W N

—_ =
— O

Based on the capacity fade patterns shown in Table 2.1} it can be observed that there is

no noticeable loss in capacity until the 9" capacity test. Based on this observation, the data
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Figure 2.10: Voltage plots from @); characterization tests at 25°C.

generated with the implementation of drive cycle 2 up to the 9" characterization test has
been used for the development (Chapter 6) of a synthetic battery data generations scheme
which incorporates Markov chains that have developed using automotive grade battery data.
3. Electric Vehicle Data (Automotive Grade Batteries)

Two automotive data sets were obtained from a couple of different sources, first from Cen-
ter for Automotive Research (CAR) at the Ohio State University and second from Renault
Groupe, France.

The data set obtained from CAR is one that has been generated with repeated cyclic
testing on automotive grade Li-ion batteries manufactured by LG Chem. This data set con-
sisted of testing data generated from a of a total of 15 batteries, and the capacity behavior
of 5 batteries from this data set, which showed maximum variation in capacity, shown in

Table 2.3 In this table the test numbers correspond to capacity tests that have been per-
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formed periodically over time to capture the fade in capacity, which has been brought about
by a number of drive cycles that have been implemented on the batteries between consec-
utive capacity tests. In the following table, Table [2.4] the change in capacity is shown in
percentages between Beginning-of-Life (BoL) and End-of-Life (EoL) as compared to a rated

capacity of 15 Ahr.

Table 2.3: Capacity variation of 5 LG Chem batteries.

Test No. | Cell1 | Cell 2 | Cell 3 | Cell 4 | Cell 5
1 14.227 | 14.375 | 14.597 | 14.629 | 14.331
14.133 | 14.225 | 14.428 | 14.505 | 14.255
13.782 | 13.953 | 14.118 | 14.339 | 13.865
13.645 | 13.761 | 13.894 | 14.112 | 13.974
13.503 | 13.803 | 13.667 | 13.958 | 13.384
13.251 | 13.517 | 13.429 | 13.873 | 12.9
13.16 | 13.389 | 13.452 | 13.772 | 13.07

N O Ol W

Table 2.4: Capacity variation of 5 LG Chem batteries.

Celll | Cell2 | Cell 3 | Cell4 | Cell 5
BoL 95.18% | 95.83% | 97.31% | 97.53% | 95.54%
EoL 87.73% | 89.26% | 89.68% | 91.81% | 87.13%

% Change | 7.45% | 6.57% 7.6% 5.71% | 8.41%

The behavior of the capacity tests is shown in Figure 2.11] which consists of first, a
complete discharge from 100% to 0% SoC using a single pulse, followed by a rest phase and
then a complete 0% to 100% charge with a single pulse. The discharge pulse is used for
calculating the capacity of the battery. Second, after the complete charge and discharge
pulses, a complete HPPC profile is executed, which consists of a total of 10 pulses at 1C
each, each pulse discharging the battery 10% SoC and then followed by a rest phase.

Examples of drive cycles which have been implemented on the LG Chem batteries in-
between consecutive capacity tests is depicted in Figure and Figure These drive

cycles have been developed in order to create stresses at specific SoC ranges such that the the
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Figure 2.11: Capacity test performed on the automotive batteries.

battery performance can not not only be observed in terms of the overall capacity but also
observed as to how they hold up to specific C-rates at particular SoC ranges. The variation
in the tests can be observed in the SoC plots, in Figure [2.12] multiple pulses are occurring in
the range of 50% to 30% SoC, whereas in Figure [2.13] the pulses are covering a large range
between 95% and 20% SoC. While the access to the drive cycle data is restricted, as a a
general rule, between each capacity test, the batteries have been subjected to roughly 3000
hours of testing with drive cycles.

Similar to such drive cycles, a number of other drive cycles have been used in order to
bring about an accelerated aging. The ones shown here are the ones that have been used

the most repeated number of times.
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Figure 2.12: EV drive cycle (Example 1)

The voltage patterns during the single pulse complete discharge occurring in the capacity
tests for Cell 1 is shown in Figure If compared to Figure the difference in how
well the batteries hold their OCV characteristics can be observed. While both batteries
have principally similar chemistry, the capability of withstanding prolonged stresses is much
higher when it comes to the automotive grade batteries. This also goes on the back the
standard life expectancy of such batteries, which is 10 years of approximately 150,000 miles
of use. In this figure, @); indicates the number of the capacity test.

The second automotive data set used for our studies is obtained from the battery pack
in a Renault Twizy consisting of 96 cells, from Groupe Renault, France. The main reason
for our interest in this data set is primarily for the the fact that this data has been recorded
from an EV which has been driven on public roads, hence this can be used as true drive
cycle data. These data sets are is characterized by number of drive cycle data sets which

contain multiple discharge pulses in chunks of a few hours. The limitation of this data set
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Figure 2.13: EV drive cycle (Example 2)

is that the capacity of the battery pack under observation has changed very little over the
period under consideration (automotive grade packs typically exhibit long life). As a result,
capacity fade analyses cannot be carried out on this data set. A representative visualization
of this data set is presented in Figure [2.15

In part (a) of Figure , the voltage and SoC response of the overall pack during one
such drive cycle is highlighted. In this particular drive cycle, the pack has a max/min voltage
of 398/348.5 V and discharges to an SoC of 60.44% from being fully charged.

Another view of a different drive cycle contained in this data set is provided in part (b)
of Figure where the voltage behavior of a single cell, which varies between 3.97 V and
3.75 V, is shown along with the SoC pattern of the pack from 65.84% to 49.52%.

All the data sets that have been presented in this section have been used in capacity
fade evaluations is some manner except for the last one, which is the Renault Twizy data

set. This set has been used in the generation of Transition Probability matrices for synthetic
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Figure 2.14: Voltage plots from capacity tests on the pack depicted as ‘Cell 1’ in Table

data generation using Markov Chains. The specifics of how each data set has been used in

estimation processes will be elaborated upon in step-wise detail in the following chapters.

36



400

Voltage (V)

1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000 4500

Time(sec.)
100
90 4
% 80
70 q
60 . ‘ . ‘ . .
0 500 1000 1500 2000 2500 3000 3500 4000 4500

Time(sec.)

(a) EV drive cycle (Example 1).

Voltage (V)

I I I I I I I
o 200 400 600 800 1000 1200 1400 1600 1800
Time(sec.)

68

48 1 1 1 1 1 1 1

0 200 400 600 800 1000 1200 1400 1600 1800
Time(sec.)

(b) EV drive cycle (Example 2).

Figure 2.15: Change in OCV voltage with prolonged testing at different temperatures.
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CHAPTER 3

FEATURE ENGINEERING

Simply stated, Machine Leaning (ML) is the selection of a learning algorithm with training

on an instance or modeled data. The two main challenges of such an approach are the use

of a poor data set and incorrect algorithm for the problem at hand, discussed next (43)).

In terms of data, a few examples of factors which can affect its effectiveness are:

1. Insufficient quantity of data: Even for simple problems, ML algorithms need thousands

of data samples to effectively capture the particular traits. For more complex problems,

examples can range in the millions of high and low dimensional data.

. Non-representative training set: In order for the model to generalize well, it is crucial
for the training data to be representative of the of the new cases or instances that need
to be generalized. This is true for instance-based as well as model-based learning. This
problem can get easily get complicated, that is, if the sample size is small, there can
be sampling noise (non-representative data as a result of chance), or with large sample

sets can have non-representation due to skewed sampling (sampling bias).

. Poor quality: If the data set is full of errors, outliers and noise, it will be arduous for
the system to detect the underlying patterns, hence reducing the likeliness for it to

perform well.

. Features: A critical part of any ML undertaking is coming up with a good set of

features to train on. This process is called feature engineering, which involves:

e Feature selection: selecting the most useful features to train among existing fea-

tures.

1©2017 IEEE. Portions Adopted, with permission, from M. Pyne, B. J. Yurkovich, S. Yurkovich, “Capac-
ity Fade Estimation Using Supervised Learning,” ITEEE Conference on Control Technology and Applications
(CCTA), August 2017.
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e Feature Extraction: Combining existing features to produce useful ones (Principal
Component Analysis and dimensionality reduction are examples of methods used

for feature extraction).

5. Over-fitting: Complex models such as deep neural networks can detect subtle patterns
in the data but if there is noise present, or the data set is too small, the model is likely
to detect patterns in the noise itself. This can lead to faulty generalizing, known as
over-fitting. To get around these, the models used need simplification, gathering of

more training data or reduction of training data noise.

6. Under-fitting: This is the opposite of over-fitting, where the model is too simplified to

understand the underlying structure of the data.

While a detailed discussion of the data gathering procedure and the data sets that have
been employed was presented in the previous chapter, and the specifics of the algorithmic
approach will be described in the coming chapters, in this chapter we focus on extracting
and and engineering of “features” from the data sets in order to fulfil our larger objectives
in this research.

Several research endeavors have utilized data-driven techniques. Chief among them,
artificial neural network (ANN) based techniques are used to estimate the SoC and capacity
fade in a battery. A common criticism concerns the amount of data required for training
before the ANN can provide a desired performance.

Along these lines, our research endeavors to use established machine learning techniques
in order to estimate the issue of capacity fade estimation. While trying this approach, our
intention has always been on some of the inherent problems associated with data-driven
approaches, primarily the limitation of memory available for computation and data storage,
while having enough generalization in the data in order to accommodate effective learning

by the models.
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In battery research today, data can be obtained through different tests such as pulse or a
constant current (dis)charge tests, various driving cycles, battery capacity measurement, and
so on. With the rapid development of cloud based storage and computation services from
the likes of Amazon and Google, application of data-driven algorithms are more manageable
than ever. The only factor that governs the use of such cloud-based services is the cost
associated with them. Hence, extraction of effective information from data, and storing only
the useful bits, and thus paying for only what is necessary becomes a practical issue in need
of resolving. In our research, extracting useful data from these data sets and reducing the
computational stress has been given its due importance.

To be specific, in order to address this issue, we have broken up the unfiltered I-V-T data
that is collected from the batteries into sections and features, followed by employing the
K-means clustering approach, which reduces large pre-selected portions of the data down to
multiple centroids, while still preserving the intrinsic trends in the raw data. In the following

sections a discussion is presented on the features and K-means clustering.

3.1 K-Means Clustering

Clustering is the task of dividing the population or data points into a number of groups such
that data points in the same groups are more similar to other data points in the same group
and dissimilar to the data points in other groups. It is basically a collection of objects on
the basis of similarity and dissimilarity between them. In our research, we have employed
K-means clustering as a methodology to partition different sections of the test data followed
by representing them by “centroids”.

The K-means algorithm is a method to automatically cluster similar data examples to-
gether. Given a training set {z("), ..., 2™}, where () € R, the concept is to group the data
into a few cohesive “clusters”. The intuition behind K-means is an iterative procedure that

starts by guessing the initial centroids, and then refines this guess by repeatedly assigning
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examples to their closest centroids and then recomputing the centroids based on the assign-
ments. The inner-loop of the algorithm repeatedly carries out two steps: (i) assigning each
training example 2 to its closest centroid, and (ii) recomputing the mean of each centroid
using the points assigned to it. The K-means algorithm will always converge to some final
set of means for the centroids. Note that the converged solution may not always be ideal and
depends on the initial setting of the centroids. Therefore, in practice the K-means algorithm
is usually run a few times with different random initializations (44)).

In the “cluster assignment” phase of the K-means algorithm, the algorithm assigns ev-
ery training example z(® to its closest centroid, given the current positions of centroids.

Specifically, for every example 7 we set
C® :=j that minimizes || 2 —n; |?, (3.1)

where ¢ is the index of the centroid that is closest to (¥ and n; is the position (value) of
the 5% centroid.

Given assignments of every point to a centroid, the second phase of the algorithm recom-
putes, for each centroid, the mean of the points that were assigned to it. Specifically, for

every centroid k we set
1 .
._ E (4)

where (Y, is the set of examples assigned to centroid k. When it comes to K-means clustering,

there are a few potential drawbacks, namely,

e K-means assume the variance of the distribution of each attribute (variable) is spheri-

cal.
e all variables have the same variance.

e the prior probability for all K clusters are the same, i.e. each cluster has roughly equal

number of observations.
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If any one of these three assumptions are violated, then K-means will provide erroneous
results.

In our research endeavor, the major problem with K-means has been the uneven dis-
tribution points in a cluster. In case the clusters are unequally distributed, the algorithm
tends to let the small clusters end up far away from any center, while it uses those centers to
“split up a much larger cluster. In order to work around this drawback, the pre-processing
approach in the algorithms used in this research, attempts to keep an equal distribution
of data points, and this is easily accomplished while the battery does not lose substantial

percentages capacity between two consecutive iterations of capacity tests.

3.2 Features Set

In our setup, we start by breaking up the mRPT and drive profiles into three sections: Dis-
charge, Charge and Rest. In each of these sections we extract the features into individual
components; these features are highlighted in Table where rSoC1 is the SoC calculation
based on Coulomb counting, rSoC2 is SoC calculated based on OCV-SoC look-up, Ry is
ohmic resistance and A represents the change in a parameter during a particular event such

as a single discharge pulse or rest phase.

Table 3.1: Feature extraction.

Period Features
Discharge/Charge | ATemperature, AVoltage, ACurrent, Throughput, ArSoC1, Ry
Rest Duration, ATemperature, ArSoC2, AVoltage

The behavior and subsequent extraction and clustering of these features is highlighted
in Figures For the depiction of these features, a similar approach of segregating
the data sets, then clustering, followed by a representation of how they display trends over

multiple test data sets is adopted.
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Figure (a) illustrates data representing the change in surface temperature (as measured
with a low-cost thermocouple device mounted on the pack surface) during the discharge

pulses of the first mRPT on the battery pack (held at 25°C ambient); coinciding with the

mRPT of Figure [2.7] there are five curves. In this figure the five green data-tips represent
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the centroids produced from the clustering algorithm.
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(a) Surface temperature during first mRPT. (b) Surface temperature centroids for all eleven
mRPTs.
Figure 3.1: Behavior of ATemperature.

Notice that with mRPTs 1 through 9 the trends are grouped fairly closely (Figure[3.1|(b)),

whereas the 10" mRPT follows the trend but is further from the grouping. The mRPT result

from test 11 deviates from the pattern, which coincides with the capacity values represented

in Table [2.1] where we can observe that the pack begins to noticeably lose capacity after the

9" capacity test.
Similarly, the voltage variations during the five discharge pulses in the first mRPT along
with the respective centroids are represented in Figure (a) for the pack held at ambient

temperature 25°C. Similar to the pack surface temperature plots, clustering was applied to

voltages corresponding to the five discharge pulses in all of the mRPTs, and the centroid
Similar to the temperature behavior, we can

trend results are shown in Figure [3.2{(b)
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observe that the pattern of voltage centroids is grouped closely until the battery begins to

lose capacity. Upon reaching the 9" test, the centroids start deviating from the trend.
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Figure 3.2: Behavior of AVoltage.

Along comparable lines, the behavior of ACurrent is shown in Figure Notice that
the current centroids stay grouped together until the battery pack starts to lose significant
capacity retention ability and thus the current centroids start falling steeply as they start

transitioning from CC to CV mode.
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(a) Current pulse behavior during first mRPT. (b) Current centroids for all eleven mRPTs.

Figure 3.3: Behavior of ACurrent.

44



For ArSoCl1, a very strong grouping is observed in the centroids in Figure [3.4] until
the capacity starts falling and the battery has no charge remaining in the lower SoC levels,
resulting in upwards movement of the centroids. It needs to be mentioned here that with the
rSoC1 based on Coulomb counting, as the battery loses capacity, the SoC changes relative
to the capacity. But, in this analysis, the capacity term in the Coulomb counting equation
has been kept constant at the initial capacity that was observed from the very first capacity

test.

100, 100
S o]
ol < ol
» 85t
80
|
. 751
TOR
TOF
wl n 65
|
50} » 558¢
50
40> 45 v
0 20 40 80 L 100 120 140 160 180 20 40 80 80 100 120 140 160 180 200
(a) rSoC1 behavior during first mRPT. (b) rSoC1 centroids for all eleven mRPTs.

Figure 3.4: Behavior of ArSoCl.

The trends in Throughput is shown in Figure [3.5] which is very similar in nature to
ACurrent. Throughput is defined as as the change in energy level of the storage bank,
measured after charging losses and before discharging losses.

Finally, the behavior of internal resistance (Ry) is depicted in Figure where it is
evident that the internal resistance rises exponentially with fade in battery capacity.

These sets of centroids belonging to each mRPT can be accurately fitted with polyno-
mials. Based on the requirement, those curve-fits are subsequently utilized as inputs to
multiple deep neural net models for the purposes of estimating various parameters such as

OCYV characteristics and SoC behavior with data from readily-available data sets generated
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(a) Ro behavior during first mRPT. (b) Ry centroids for all eleven mRPTs.

Figure 3.6: Behavior of R.

from different batteries and packs. Those results can then be used in turn to estimate the
capacity; details of this process follow in the next chapters.

Once the features were selected and had been extracted, we looked into executing a
sensitivity analysis on the features with regard to the change in capacity as the battery
pack ages. This enabled us to predict the behavior of a feature if a feature turned out to be

different compared to the key prediction(s). The sensitivity relation employed in our analysis
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is defined as

oV
S =26 (3.3)

where V represents the features that have been extracted and C is the capacity of the
battery. It is to be noted here that high sensitivity means a close correlation between the
two variables.

The sensitivity analysis is shown in Table |3.2] where the sensitivity coefficients for the
five discharge pulses in the mRPT are shown separately for each of the features during the
discharge phase. The comparison is made between the first mRPT features and ninth mRPT
features.

Table 3.2: Sensitivity analysis.

Pulse 1 | Pulse 2 | Pulse 3 | Pulse 4 | Pulse 5
AVoltage 3.571 3.584 3.530 3.821 4.065
ATemperature | 0.669 1.651 0.176 0.558 1.394
ACurrent 0.284 0.332 0.437 0.270 0.159
Throughput 0.002 0.003 0.004 0.002 0.001
ArSoC1 0.113 0.263 0.488 0.667 0.803
Ry 0.025 0.133 0.144 0.142 0.135

From Table [3.2] we can see that the highest correlation is with voltage, whereas tem-
perature is the second highest correlated feature. Also, comparing the pulses, it can be
observed that Ry has the smallest change in correlation, whereas maximum change happens

with temperature.

3.3 Feature Characterization

It is challenging to derive methodology that solves problems under highly non-linear condi-
tions in a cluttered scene, such as recognizing a multi-dimensional object. Even with a good
process defined, the resulting code might be extremely complicated. From a machine learn-

ing point-of-view, instead of writing a program for each specific task, a collection of examples
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that specify the correct output for a given input can be used to generate a program which
does the modeling of the complex relations between variables very effectively. The program
produced by the learning algorithm may look very different from a standard hand-written
program. But, if done effectively, the program works for new cases as well as the ones upon
which it was trained. Also, such a process would afford the ability for the program itself to
adjust with changing data by training on the new data. This flexibility of using data-driven
learning based approaches has led us to use recurrent neural networks for the purposes of
predicting the behavior of the internal resistance with changing C-rates as well as SoC.

In our application, we have used a closed-loop (recurrent) neural network with three
layers, the input, hidden and output layers. For the purposes of training, the network uses
a back propagation algorithm, which has n inputs x; where ¢ = 1,...,n. We have m outputs,
s = 1,...,m with [ neurons in the hidden layer. The outputs of the neurons in the hidden
layer are z;, where j = 1,...,1. The activation functions of the neurons in the hidden layer
are fjh : R — R and the activation for the neurons in the output layer are f? : R — R, where
j=1,...,l and s = 1,...,m. The weights from the inputs to the hidden layer are wg‘i and
those from the hidden to the output layer are wg;. The output from the s neuron of the

output layer is
!
ys = f? ( Z w;’jzj> . (3.4)
j=1

Therefore the relation between the inputs z;,7 = 1, ...,n and the s output y, is given by

l n
Ys = f;’(Zw;’J(Zwﬁxl)) = Fy(z1, ..., xp). (3.5)

The network we have implemented consists of three layers: input, hidden and output, with
the hidden layer having 10 neurons. The inputs that have been considered are true capacity,

current and SoC, whereas the output is internal resistance.
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3.4 Summary

In this chapter an overall picture of the available features from the battery data sets have
been presented along with their quantification. These features will be used in the subsequent
chapters to perform the desired estimations. In most of the estimations a total of two or
three features have been used to varying degrees of success but a large scope for exploring

these features still remains such as,

1. Exploring features which capture the internal functioning of the cell reactions in further

detail.

2. Evaluating what is the minimum number of features that are relevant to a given esti-

mation approach.

3. Exploring the feasibility and applicability of combined or inter-dependent features with

methods such as Principal Component Analysis and Classification.

In this research, the approach has been to find a starting point into the use of supervised
learning for capacity estimation, with a small subset of features. In the chapters that follow,
these features are used extensively to predict the trends in capacity fade with using different

data sets generated from the automotive as well as non-automotive battery packs.

49



CHAPTER 4

CAPACITY ESTIMATION USING STRUCTURED TESTS [1
4.1 Introduction

As was described in detail in Chapter 1 of this dissertation, the issue of estimating the fade
in capacity in batteries is a one of the more convoluted problems in battery research and
it is inherent with a number of fundamental drawbacks. Nevertheless, the estimation issue
plays a vital role in any system level BMS application and/or real-world implementation of
an energy storage system. With this in mind, the drawbacks that were highlighted have
been addressed in a systematic manner where we have made progress in steps of increasing
complexity in order to fulfil the objective of first, using less data for purposes of estimation
and second, using drive cycle data, which is more accessible than capacity test data for the
purposes of estimation. Here, the first step in Figure is described and validated where
we estimate capacity based on @;(characterization tests) and mRPT data sets.

Aimed at using a reduced amount of characterization data, while incorporating the impact
of temperature, this chapter describes the results obtained from the initial steps taken in
the investigation that addresses some of the issues in estimation of capacity fade, while
giving attention to computational complexity. Although our ultimate goal is to transfer
the methods developed here to automotive-grade batteries, the particular battery pack used
in this preliminary work is not of such high quality; this facilitates general modeling and
development of learning methodologies for capacity fade in a much shorter time frame. A
clustering approach is presented to predict the characterization curve from a charge-discharge
cycle. From this, along with inclusion of temperature effect, a recurrent neural network model

is utilized to predict the capacity.

1©2017 IEEE. Portions Adopted, with permission, from M. Pyne, B. J. Yurkovich, S. Yurkovich, “Capac-
ity Fade Estimation Using Supervised Learning,” ITEEE Conference on Control Technology and Applications
(CCTA), August 2017.
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In the coming sections a brief overview of the particular data sets that have used are
highlighted followed by a discussion of the working and structure of a neural network. The
estimation is done in two parts with separate test profiles: the first part uses a the time
series data from the @); tests, where the temperature and voltage behaviors are used as input
and the SoC behavior is used as the target during the 1C discharge pulse in the @); test for
training and testing a neural network. Second, the mRPT test profiles are used in much
the same manner as the ); based modeling, but with the added step of segregating the
voltage and temperature behaviors during the discharge pulses and clustering them for data
reduction purposes. After clustering the obtained centroids are curve fitted with a 4" order
polynomial, forming the input. For the targets, the SoC behavior of the discharge pulse of
the @; test is used. The steps adopted for the estimation based on both types of testing
profiles is highlighted in Figure

[ Aging tests (Qy, mRPT) ’

[ Aging tests (Q)) ’ 1
1 Feature extraction (discharge- 1
voltage and temperature)
( Feature extraction (discharge- ’
voltage and temperature) 1

[ Clustering of features ’

NN based prediction of SoC with ’
Capacity Fade 1

( NN based prediction of SoC with ’
Capacity Fade

(a) Flowchart for steps involved in @; based esti- (b) Flowchart for steps involved in mRPT based
mation. estimation.

Figure 4.1: Estimation process flows.
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4.2 Data Sets Under Consideration

In this chapter, the estimation of capacity is done on two different data sets, first is from
a three cell Li-ion non-automotive pack, and the second is from a automotive grade Li-ion

battery.

4.2.1 Three Cell Pack

In the first estimation process, only the @); test profiles generated from testing the Turnigy
battery pack rated at 11.4 V /2200 mAh at 25°C are used. The details of the testing procedure
undertaken and data generation achieved has been elaborated upon in Chapter 2.

To maintain clarity, the typical capacity or characterization test is referred to as @);
where the initial test is named @)y (Beginning-of-Life) and any capacity test that follows in
the systematic testing approach is numbered ¢« = 1,2,.. until the pack demonstrates a capacity
below 70% of its initial rated value. In the testing of the battery pack under consideration,
there were a total of eleven capacity tests. The behavior of a typical capacity test is shown
in Figure and the voltage and temperature behavior of the 1C 100% to 0% discharge
pulse across all eleven of these tests are depicted in Figure [4.3]

For the second estimation approach, the data generated from running the mRPT profile
has been used. It is to be mentioned here that in our testing procedure, an mRPT test is
implemented directly after a (); test and there is no drive cycle run between these tests.
Similar to the @); based estimation, there are eleven mRPTs that have been used in this
approach.

As was briefly mentioned earlier, the voltage and temperature behaviors during the five
discharge pulses are isolated and then K-means clustering is used to reduce these data sections
to centroids. These centroids are then fitted with a fourth order polynomial and then used

as inputs to the neural net used for estimation. The nature of an mRPT profile is depicted
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Figure 4.3: Behavior of variables.

in Figure [4.4 and the trends observed in all eleven mRPT voltage and temperature centroids

during discharge are shown in Figure
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Figure 4.5: Behavior of variables.

4.2.2 Automotive Cell

For the estimation based on the automotive batteries, the data generated from a single Li-ion

cell rated at 4.2v/ 15Ah at 30°C was used. The testing procedure was very similar to the

one implemented on the three cell pack and the estimation approach was also along similar

lines.

o4



The behavior of the cell at seven distinct capacity tests is shown in Figure where
we observe a capacity change of 7.45% over the seven cycles of testing that had been im-
plemented. It is to be noted that between each capacity test, there has been roughly 1400

hours of drive cycles that have been implemented on these cells.
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Figure 4.6: Voltage plots from capacity tests on the pack depicted as ‘Cell 1’ in Table [2.3]

The estimation approach that has been applied of this data set is along similar lines to
what has been applied to the three cell pack, hence the test similar to an mRPT test, the
HPPC test (Figure , is used for feature extraction and and subsequent neural network
training and estimation. The behavior of the centroids after clustering the discharge behavior
of temperature and voltage are shown in Figure [4.8

The main difference from the three cell packs in the feature behaviors are firstly, there are
nine discharge pulses in the HPPC tests in comparison to the mRPT tests and the clustering
has been applied to all nine. Second, the capacity fade patterns are significantly lesser in
this battery and hence the estimation is done in different ranges of SoC (will be elaborated

upon later).
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Figure 4.7: Capacity test performed on the automotive batteries.
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Figure 4.8: Behavior of variables.

4.3 Neural Networks

In the final stage of both estimation approaches (1: using @Q;, 2: using mRPT data), we use
a neural network for training and predicting the desired parameters in order to effectively

obtain accurate capacity numbers.
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Neural networks in principle are not new and have been around in concept for over
50 years now (1940s). The study of neural networks are motivated by the comparability
they share in operation to biological nervous systems, which are complex systems, but are
characterized by a large number of nerve cells working in parallel as well as the ability to

learn (45)), (46]).

4.3.1 Definition of a Neural Network

By definition, a neural network is a sorted triple (N, V,w) with two sets IV, V' and a function
w, where N is the set of neurons and V a set {(¢,7)]i,j € N} whose elements are called
connections between neuron ¢ and neuron j. The function w : V' — R defines the weights,
where w; ;, the weight of the connection between neuron ¢ and neuron j, is shortened to w; ;
. Depending on the point of view it is either undefined or 0 for connections that do not exist

in the network.

4.3.2 Data processing of a neuron

Data gets transferred between neurons through connections with the connecting weights
being inhibitory or excitatory. Looking at a particular neuron j, it will usually have a lot
of neurons with a connection to j, i.e., they transfer their output to j. For a neuron j
(Figure , the propagation function receives the outputs o1, 09, ..., 0, from other neurons
11,19, ..., i, which are connected to 7, and transforms them in by multiplying them with the
weights w; ; and is further processed by the activation function. Thus the network input is

the result of the propagation function. Hence the net input is:

net; = Z € I(o;.w; ;). (4.1)

Based on the nature of the model, the reaction of the neuron to the inputs depends on the

activation function and the activation state indicates the extent of the neuron’s activation.
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Figure 4.9: Neuron components.

This activation occurs near a threshold value, where the neuron is particularly sensitive.

Some common activation functions that have been used in this research are:

Linear function:
flz)=a (4.2)
Sigmoid function: The main reason for the popularity of this function is because it
exists between 0 and 1, hence well suited for probabilistic applications. It is differentiable

and monotonic, hence allowing the slope to be calculated. A more generalized version of the

sigmoid function is the softmax function.

1
Sigmoid : f(x) = = (4.3)
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The sigmoid function suffers from “vanishing gradient” as it flattens out at both ends,
resulting in very small canges in the weights during back propagation. This can make neural
nets very slow in learning or even refuse to learn. A more generalized version of the sigmoid
function is the softmaz function.

Rectified Linear Unit (ReLU): The ReLU is the most used activation function in the
literature, and is used in almost all the convolutional neural networks or deep learning. The

function and its derivative both are monotonic:
ReLU : f(z) = max(o,x), f(x)is zerowhen x < 0. (4.4)

An issue is that all the negative values become zero immediately which decreases the
ability of the model to fit or train from some types of data. That means any negative input
given to the ReLLU activation function turns the value into zero immediately in the graph,
which in turns affects the resulting graph by not mapping the negative values appropriately.

Finally the output function of a neuron j calculates the values which are transferred to

the other neurons connected to j.

4.3.3 Network Topologies

In this investigation into estimating capacity fade in Li-ion batteries, the initial steps are
comprised of studying the behavior of the capacity in terms of uni- and multi-variable linear
regression in order to understand and gain a general understanding the scale of complexity.
Upon initial attempts at modeling, the transition to exploring more advanced data science
approaches were explored for this research: feed forward and recurrent neural networks.
Feed Forward: The neuron layers of a feed forward network (Figure are clearly
separated: One input layer, one output layer and one or more processing layers which are
invisible from the outside (also called hidden layers). Connections are only permitted to

neurons of the following layer.

29



Input layer Hidden layer Output layer

Output

Figure 4.10: Feed forward neural network structure.

Recurrent: Recurrence is defined as the process of a neuron influencing itself by any
means or by any connection. Recurrent networks do not always have explicitly defined input
or output neurons and can have connections from one layer to any previous layer neuron

(Figure [4.11)).

Input layer Hidden layer Output layer

Figure 4.11: Recurrent neural network structure.
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4.3.4 Training of a Neural Network

As was discussed earlier, even though artificial neural networks (ANNs) are complicated
structures, in essence, the building blocks of such networks are relatively simple. They
process records one at a time, and “learn” by comparing their classification of the record
(which, at the outset, is largely arbitrary) with the known actual classification of the record.
The errors from the initial classification of the first record are fed back into the network,
and used to modify the networks algorithm the second time around, and so on for many

iterations. Roughly speaking, a neuron in an artificial neural network is,
1. A set of input values (z;) and associated weights w; ;.
2. A function g that sums the weights and maps the results to an output y.

The input layer is composed not of full neurons, but rather consists simply of the values
in a data record, that constitute inputs to the next layer of neurons. The next layer is called
a hidden layer; there may be several hidden layers. The final layer is the output layer, where
there is one node for each class. A single sweep forward through the network results in the
assignment of a value to each output node, and the record is assigned to whichever class’s
node had the highest value.

In the training phase, the correct class for each record is known (this is termed as super-
vised training), and the output nodes can therefore be assigned correct values for the node
corresponding to the correct class. It is thus possible to compare the network’s calculated
values for the output nodes to these “correct” values, and calculate an error term for each
output (the “Delta’ rule”). These error terms are then used to adjust the weights in the hid-
den layers (back propagation, described later on in the chapter) so that in the next iteration,
the output values will be closer to the “correct” values. This is one of the main benefits of

neural nets where the network can self adjust the weights and biases.
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The Iterative Learning Process:

A key feature of neural networks is an iterative learning process in which data cases
(rows) are presented to the network one at a time, and the weights associated with the input
values are adjusted each time (through various optimization algorithms such as Gradient
Descent, Bayesian regularization, ADAM Optimizer). After all cases are presented, the
process often starts over again. During this learning phase, the network learns by adjusting
the weights so as to be able to predict the correct class label of input samples. Neural
network learning is also referred to as “connectionist learning”, due to connections between
the units. Advantages of neural networks include their high tolerance to noisy data, as well
as their ability to classify patterns on which they have not been trained. The most popular
neural network algorithm is back-propagation algorithm proposed in the 1980’s.

Once a network has been structured for a particular application, that network is ready to
be trained. To start this process, the initial weights are chosen randomly. Then the training,
or learning, begins.

The network processes the records in the training data one at a time, using the weights
and functions in the hidden layers, then compares the resulting outputs against the desired
outputs. Errors are then propagated back through the system, causing the system to adjust
the weights for application to the next record to be processed. This process occurs over and
over as the weights are continually refined. During the training of a network the same set of
data is processed many times as the connection weights are continually refined.

Note that some networks never learn. This could be because the input data do not
contain the specific information from which the desired output is derived. Networks also do
not converge if there is insufficient data to enable complete learning. Ideally, there should
be enough data so that part of the data can be held back as a validation set.
Feed-forward, Back-Propagation:

The feedforward, back-propagation architecture was developed in the early 1970’s. This

independent co-development was the result of a proliferation of articles and talks at various
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conferences which stimulated the entire industry. Currently, this synergistically developed
back-propagation architecture is the most popular, effective, and easy-to-learn model for
complex, multi-layered networks. Its greatest strength is in non-linear solutions to ill-defined
problems. The typical back-propagation network has an input layer, an output layer, and at
least one hidden layer. There is no theoretical limit on the number of hidden layers but in
this research, there are just one or two at most. Some work has been done which indicates
that a maximum of five layers (one input layer, three hidden layers and an output layer) are
required to solve problems of any complexity. Each layer is fully connected to the succeeding
layer.

As noted above, the training process normally uses some variant of the Delta Rule, which
starts with the calculated difference between the actual outputs and the desired outputs. Us-
ing this error, connection weights are increased in proportion to the error times a scaling
factor for global accuracy. Doing this for an individual node means that the inputs, the
output, and the desired output all have to be present at the same processing element. The
complex part of this learning mechanism is for the system to determine which input con-
tributed the most to an incorrect output and how that element is changed to correct the
error. An inactive node would not contribute to the error and would have no need to change
its weights. To solve this problem, training inputs are applied to the input layer of the net-
work, and desired outputs are compared at the output layer. During the learning process,
a forward sweep is made through the network, and the output of each element is computed
layer by layer. The difference between the output of the final layer and the desired output is
back-propagated to the previous layer(s), usually modified by the derivative of the transfer
function, and the connection weights are normally adjusted using an optimization algorithm.
This process proceeds for the previous layer(s) until the input layer is reached.

If J(0) is the cost function associated with the network and 6 represents the vector

of parameters associated with each node, then we must try to find the parameters which
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minimize J(#). In order to use gradient descent or any of the advanced optimizers, we need
an algorithm which can take inputs as the parameters # and compute J(6) and the partial
derivatives — 9?% J(8).

Suppose we are given one training example (z,y) for a four layer network. The first step

is to implement forward propagation:

aV) = ¢ (4.5)

L) — (1), (4.6)
a® = g(2?) (add a{?) (4.7)
L(3) — g2, (4.8)
a® = g(2¥) (add a(()g)) (4.9)
2 = 93O (4.10)
a® = hy(z) = g(z¥). (4.11)

First we compute aV), the activation of the first layer or the input layer of the network,
which is set to z. Then we compute 2 and a®, which is the sigmoid activation function
applied to z(?. This gives us the activation values for the second layer. Similarly, we apply
two more steps of this forward propagation to compute a® and a®, which is also the output
of the overall net hy(z).

Next, back propagation is applied, where the intuition is that for each node, we are going
to compute the error (5J(.l)) of node j in layer [. So building upon the previous example of a

network with four layers,

s = al —y, (4.12)

First, we compute the output of layer four with (51(.4), which is equal to the activation of that

(4)

unit a; minus the actual output that was given in the training example y;. Following this,
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the 0 terms for the following layers are computed based on the equations,
63 = (0BNT§W % ¢ (2®), (4.13)

5@ = (6@)T5®) % ¢/ (2). (4.14)

Notice that there is no 6(") term as first layer corresponds to the input layer.

4.3.5 Optimization Algorithms

The optimization algorithms that were used in this research are Gradient Descent and the
ADAM optimizer. A brief background is discussed in this chapter.
Gradient Descent: Minimizing any function means finding the deepest valley in that
function. The cost function is used to monitor the error in predictions of an ML model.
So minimizing basically means getting to the lowest error value possible or increasing the
accuracy of the model. The most common cost function is the mean square error:

. 1 ¢ i i

J(0) = EZ(he(ﬂv“) —yW)2 (4.15)

=1

The derivative of this equation with respect to any weight is the gradient computation.
The drawback of gradient descent however, arises with the learning rate. The update
expression for each weight is

Jd .

Here, « is the learning rate. The computation of 0.J/06; (the gradient of weight ;) is done
iteratively with a step size of a in that direction, Hence, moving in the direction of the
gradient. If « is to large, the minimum might be overshot or if « is too small, the number
of iterations might be large.

ADAM Optimizer: Adaptive Moment Estimation (ADAM), is a method that computes

adaptive learning rates for each parameter. In addition to storing an exponentially decaying
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average of past squared gradients, ADAM also keeps an exponentially decaying average of
past gradients. We compute the decaying averages of past and past squared gradients my

and v; respectively as follows:

my = Bimy_1 + (1 — B1)gy, (4.17)

vy = Bovp—1 + (1 — 52)9152- (4.18)

Here, m; and v, are estimates of the first moment (the mean) and the second moment (the
uncentered variance) of the gradients respectively, hence the name of the method. As m;
and v; are initialized as vectors of 0’s, they are biased towards zero, especially during the
initial time steps, and especially when the decay rates are small (i.e. (51 and (5 are close

to 1). These biases are counteracted by computing bias-corrected first and second moment

estimates:
My = — (4.19)
1 =751
. Uy
0 . (4.20)
15
These are then used to update the parameters yielding the ADAM update rule:
0t+1 - Qt - ALmt (421)
Vo + €

4.3.6 Capacity Estimation in Three Cell Pack

In this section we elaborate on how the voltage and surface temperature centroids are used
to estimate the OCV curve, using a neural network, and how the estimated OCV can then
be used for capacity estimation. ANNs consist of inputs and outputs and are made of
interconnected neurons. The weights between the nodes are determined during the training

phase, and their values determine how the neural network will respond to a particular time
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series of inputs (30)). In our approach, we have used a closed-loop (recurrent) neural network.

The output is given by

yit) = fe(t = 1), ...zt —d),y(t —1),...,y(t — d)), (4.22)

where f(-) represents the behavior of the system under consideration, z(¢) indicates the input
time series that consists of temperature and voltage data, y(t) is the predicted SoC (output),
and d is a positive integer. From past experience we can know that recurrent networks are
sufficiently capable of effectively handling many complex non-linearities. The weights in
adaptive ANNs continuously adapt, in real time, to changes that occur after training, while
non-adaptive ANNs have fixed weights that are determined in the training phase.

The development of the neural network model consists of first using the I-V-T' (current,
voltage, temperature) data from a @Q; test for developing a straight-forward model to predict
capacity. Following this the smaller set of centroid data generated from mRPTs is used
to facilitate the prediction of capacity without the need for additional @); tests beyond the

initial Q.

Using ); Test Data

In this subsection we discuss how the (); test data is used with a neural network trained on
I-V-T data as input and the SoC curve from @); tests as the target output. An SoC curve

was generated using Coulomb counting in the manner

SoC(t) = SoC(t — 1) + %At. (4.23)

After the generation of these two curves, a mean square error reduction step was used to
adjust the capacity value @ in the SoC calculation using Coulomb counting. This step was
repeated until the error difference between the two curves was less than 0.05. The capacity

value corresponding to the last iteration is the estimated capacity of the battery pack.
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The first iteration using this network was carried out using data collected from the tests
conducted at ambient temperature 25°C. For training this network, we used the beginning of
life characterization test (from @)y), that is, the discharge portion of the first characterization
test. After training this network, the voltage and temperature data were fed to the network
from the second, fourth, sixth and tenth (); tests to produce the SoC curves. The results of

this SoC prediction process are shown in Figure £.12]
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Figure 4.12: Comparison of experimental (“true”) and predicted SoC using full data from
Q; tests 2, 4, 7, 10.

To generate the second SoC curve we use the equation

27 Loaer (t)dt
SOC(tl) — SOC(t2)7

C=Cpyy = (4.24)

where C refers to the capacity of the pack and the interval t; — ¢, is the sampling interval in
our data acquisition for a frequency of 1 Hz. Once again, to obtain the capacity value, the

following mean square error calculation is used iteratively on the two curves until the 0.05
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threshold is passed,

n

LS (S0Cn(i) — SoCecl), (4.25)

ij=1
where SoCyy is the SoC curve predicted by the neural network and SoCq¢ is the SoC
curve obtained using Coulomb counting. The resulting capacities obtained in this process

are summarized in Table 3.2

Table 4.1: Capacity estimation results using full ); test data.

Test No. | Estimated Capacity | True Capacity
2 1.984 2.004
4 1.996 1.998
7 1.963 1.970
10 1.520 1.540

Using mRPT Data

The results of the previous subsection required full data from @); tests for training, SoC
prediction and capacity prediction. As explained previously, our motivation lies in typical
run scenarios for electric propulsion systems, because of the relative ease in obtaining short
duration charge or discharge pulses of current from the data recorded in normal use on a
day-to-day basis. Thus, the process developed above has brought us to the point whereby
in this subsection we use data from the initial ()y test to generate an SoC output target for
training only, and data generated from the clustered mRPTs for training and prediction.
To do this, functional values from the fourth-order polynomial fit on the cluster centroids
of surface temperature and voltage are used as inputs to the neural network to predict SoC
curves, using the SoC curve from () test as a target output.

The calculations from this process are shown in Figure [4.13] where we see a comparison
of the experimental results (SoC plots obtained from the Q; tests) and SoC plots that have

been predicted by the neural network from the clustered temperature and voltage mRPT
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Figure 4.13: Comparison of experimental (“true”) and predicted SoC using mRPT tests 2,
4,7, 10.
data. It is worth mentioning here that as long as the pack holds its capacity within 70%
of its initial value, we obtain reasonably accurate capacity predictions. Once the capacity
drops below 70%, the trends in the voltage and temperature clusters start deviating and as
a result the neural network predictions produce larger errors.

Finally the capacities obtained using the mean square error criteria mentioned earlier are
presented in Table[£.2l A comparison with the results using the full Q; tests for training, SoC
prediction and capacity prediction (see Table reveal that the methodology comprised in

the supervised learning with data clustering for the mRPT data performs reasonably well.

4.3.7 Capacity Estimation in Automotive Grade Battery

As is evident from Figure the capacity fade patterns are much more pronounced in the

lower SoC ranges. Hence, keeping in view the aim of reducing the volume of data utilized
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Table 4.2: Capacity estimation results using mRPT data.

Test No. | Estimated Capacity | True Capacity
2 2.011 2.004
4 1.981 1.998
7 1.949 1.970
10 1.522 1.540

in estimation of capacity fade, the same procedure outlined for the three cell pack utilizing
the mRPT data is applied to this automotive data set with the only difference being that
the algorithm was applied to different ranges of SoC rather than to only one range of 100%
to 50% SoC. The ranges that have been considered are 80% to 40%, 60% to 20% and 50%
to 10%.

From the observations that were made on the three cell pack, it was evident that more
features needed to be incorporated into the estimation approach so as to pick up on the
minute changes in capacity fade trends. Hence three features were considered, voltage,
temperature and internal resistance (Ry). The behavior of these features in the different
ranges in highlighted in Figures [4.14] and [.16] In the case of the voltage centroids,
in any SoC range, it is evident that the centroids show expected variations with the drop in
capacity, i.e., the lower SoC ranges show a higher drop with the same current pulses. The
temperature centroids have a consistent behavior throughout. Temperature rises slightly in
the lower SoC ranges, but does not show large variations with capacity. In Ry, in the highest
SoC range, there is no visible change in Ry, but with mid range and lower range of SoC,
we start seeing significant changes in Ry. This observation helped in making the decision to
include Ry as a feature for the estimation using the automotive data set.

In the estimation approach using the neural net, similar to what was done in the case
of the three cell pack, the net was trained in the beginning of life data with the centroids
being curve fitted with a fourth order polynomial with the voltage and temperature centroids
along with Ry are the inputs in this case and the SoC curve corresponding to the @); test,

implemented directly before the HPPC test are used as the targets.
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(a) Voltage centroids in the range of 80%- (b) Voltage centroids in the range of 60%-
40%. 20%.

L

(c) Voltage centroids in the range of 50%-
10%.

Figure 4.14: Behavior of Voltage centroids.

As a final step, the capacities obtained using the mean square error criteria using the
three cell pack are used for the automotive cell as well and comparison of results of capacity
estimation at different SoC ranges is shown in Tables [4.3] [4.4] and [4.5] This is followed by a

brief discussion on how these SoC ranges can be used for estimation in different stages.

Table 4.3: Capacity estimation results in the SoC range 80% to 40%.

Test No. | Estimated Capacity | True Capacity | % Error
2 14.201 14.133 0.48
4 14.024 13.645 2,77
7 13.587 13.16 3.24
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(a) Temperature centroids in the range of (b) Temperature centroids in the range of
80%-40%. 60%-20%.

(¢) Temperature centroids in the range of
50%-10%.

Figure 4.15: Behavior of Temperature centroids.

Table 4.4: Capacity estimation results in the SoC range 60% to 20%.

Test No. | Estimated Capacity | True Capacity | % Error
2 14.191 14.133 0.41
4 13.919 13.645 2.08
7 13.42 13.16 2.01

From the Tables [4.3] [£.4) and [£.5] the main observations are:

1. In the highest SoC range the initial prediction is acceptable but as the battery loses

capacity the error margin increases.

2. In the second SoC range, the error margins are similar throughout.
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(a) Ry in the range of 80%-40%. (b) Ry centroids in the range of 60%-20%.

(¢) Ry centroids in the range of 50%-10%.

Figure 4.16: Behavior of Internal Resistance R,.

Table 4.5: Capacity estimation results in the SoC range 50% to 10%.

Test No. | Estimated Capacity | True Capacity | % Error
2 14.185 14.133 0.367
4 13.896 13.645 1.84
7 12.851 13.16 2.34

3. In the lowest range, accuracy is good but as the battery loses capacity, we have one
pulse in the HPPC test which goes into CV mode hence deviating from the trend and

hence the error increases.

4. This comparison shows that the use of data from different SoC ranges can give good

prediction accuracy depending upon which stage the battery is in its life-cycle.
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5. The clarity and accuracy in the data plays a factor as is evident from the accurate

estimation using the automotive data compared to the non-automotive data.

4.4 On-Board Estimation

Attributed to the growing interest in using real-time estimation of capacity fade (48} [49),
as a next step in the evolution of using supervised estimation using (); and mRPT data
sets, in this section we investigate implementation of our estimation concepts on an embed-
ded microcontroller. The focus of this step is to take the approaches to the next level by
demonstrating feasibility of implementation on a readily-available single-board computing
environment (Raspberry Pi). The data sets used are the ); and mRPT sets generated on
the non-automotive Turnigy pack at 25°C. This development provides the next step in the
evolution toward the ultimate goal of using cloud based monitoring and computing for effec-
tive real-time capacity estimation in EVs while fulfilling the requirement of reduced memory

and data loads (50]).

4.4.1 Proposed Embedded System

Because the microcontroller chosen will ultimately be required to coexist within a vehicular
system to estimate capacity using data-driven models, it must possess a few vital character-
istics. For example, it must interface easily with the vehicle communication network, and
it must consume the least amount of power as possible. What’s more, it must be able to
run supervised learning algorithms adequately. The Raspberry Pi addresses all these char-
acteristics as well as being cost effective and readily available, and even supports machine
learning frameworks and libraries such as TensorFlow and Keras, making it the one of the
most favorable for the intended application. Important specifications of Raspberry Pi 3

Model B relevant to this purpose are: quad core 1.2GHz 64-bit processor; 1GB RAM; on
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board Wireless LAN and Ethernet; multithreading support; and, Micro SD port for data
storage.

This single-board computing system also runs the Raspbian Operating System (OS),
which is a debian based OS that is optimized specifically for the Raspberry Pi. The system

supports a wide range of packages that provides easy interfacing with additional hardware.

4.4.2 Algorithm Implementation

Implementation on the single-board microcontroller for this work requires a streamlined ver-
sion of algorithms described in the previous sections of this chapter, with reconfiguration
using TensorFlow and Keras. This approach basically takes simple and uncomplicated meth-
ods from the domain of supervised learning and uses them to extract relevant information
from characterization and reference performance tests in order to reduce the computational
and memory stresses, all the while maintaining prediction standards. The features focused
upon here are the voltage and temperature centroids during discharge.

Estimating capacity through characterization (@;) and mRPT data sets, deep neural
networks were developed on Keras with TensorFlow back-end. These networks were provided
with two inputs consisting of the curve fitted clustered voltage and temperature data, whereas
targets were the 100% to 0% SoC data corresponding to the specific Q; test.

The algorithmic steps adopted here are identical to the steps outlined previously, with
adjustments for real-time implementation. Two estimations are carried out in the proof-
of-concept implementation: the first was done on the ); data set with the application of
the neural nets, then the second was done on the mRPT data set with data pre-processing
through K-means clustering, followed by neural net based regression for prediction.

The specifics and details pertaining to the networks used as implemented on the single-

board computer for this application are described in the following subsections.

76



4.4.3 Estimation Results

Using ); Test Data: Nominally, for use with the full set of ); test data, the feedforward
network implemented consists of two hidden layers of 10 and 4 neurons, respectively, followed
by an output layer of a single neuron. For the training of the network, only the initial Q); test
data is utilized, providing the “beginning-of-life” capacity of the pack. Thus, only the initial
set is used in training whereas estimation for capacity following that initial test is carried out
with a stream of input data from the second @); test through to test 11. To mimic real-time
implementation, as for example will be done on the targeted electric vehicle for this project,
data is input to the network in a continuous fashion using a set sample time.

After training, real-time data flows into the network and the outputs consisting of a
predicted stream of continuous values are curve fitted for the SoC values to range between
[0,100]. Because the SoC curve corresponds to the 1C discharge rate, the total time taken
for discharge is used to calculate the battery capacity. In other words, the capacity of the
battery pack is estimated by summing the currents from the entire discharge cycle.

The estimated capacity numbers and the total time taken for the discharge are given in

Table [4.6] The % Error is computed between estimated (C.) and true capacity (C;) values.

Table 4.6: Capacity estimation results using (); data.

Test | Discharge | Estimated | Discharge True
No. | time for | Capacity | time for | Capacity | % Error
Ce(s) | (Ce) (Ahr) | Gy (s) | (Ch) (Abr)

2 3328 2.033 3250 1.986 2.39
3 3290 2.010 3310 2.022 0.60
4 3300 2.016 3323 2.030 0.69
5 3176 1.940 3275 2.001 3.02
6 3213 1.963 3281 2.005 2.07
7 3214 1.964 3332 2.036 3.54

Using mRPT Data: To perform the SoC estimation with reduced data (mRPT), a two

step process is followed: (i) The reduced set of data points are reduced further to centroids
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using standard K-means clustering technique, and (ii) the centroids are then used with a
curve fitting approach to form an input to the network to estimate the SoC values.

After clustering, the neural network is employed to predict SoC values from the reduced
mRPT data represented by centroid curves. In contrast to the network used for prediction
using the (); data, a deeper and wider neural network is utilized for the clustered data by
adding an additional layer and more neurons at each layer, resulting in better extraction
of features from the reduced data fed to the network for training. The network has three
hidden dense layers with 10, 60 and 10 neurons, respectively, followed by a single neuron
output layer.

Data obtained from fitting the fourth order polynomial on voltage and temperature cen-
troids are fed as input to the neural network and SoC curves obtained from corresponding
(); tests are set as targets.

As with the full set of data, for training only data from the initial test cycle is used.
That is, in this case the centroids generated from the first mRPT are taken in training,
whereas prediction after that the centroids generated from the subsequent mRPTs are used.
The output values generated by the network are curve fitted to range between [0, 100] to
generate the predicted SoC curve. The results are summarized in Table [4.7] representing the
estimated and true SoC curves, while the corresponding percentage errors are calculated in
a fashion similar to Table [4.6]

Table 4.7: Capacity estimation results using mRPT data.

Test | Discharge | Estimated | Discharge True
No. | time for | Capacity | time for | Capacity | % Error
C.(s) | (C)(am) | G (9) | (C) (A
2 3175 1.940 3250 1.986 2.30
3 3376 2.063 3310 2.022 1.99
4 3373 2.061 3323 2.030 1.50
5 3293 2.012 3275 2.001 0.54
6 3240 1.980 3281 2.005 1.24
7 3205 1.958 3332 2.036 3.81
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4.4.4 Discussion

In the evolution of this capacity fade prediction research of the authors, this subsection
focuses on a streamlined implementation intended ultimately for on-board real-time appli-

cation of algorithms and approaches established earlier. Thus, a few points of comparison

should be highlighted:

1. Actual computing times on the Raspberry Pi for prediction of the battery pack ca-
pacity on ); and mRPT data sets are approximately 0.22 seconds and 0.38 seconds,

respectively.

2. It can be observed that the percentage error in capacity estimation remains reason-
ably good until the 6th test cycle. Note that after this point, the SoC prediction
curves begin to drift from the true SoC, coinciding with increased errors in capacity
estimation. Nonetheless, an argument can be made that this on-board application pro-
vides favorable results within permissible limits that would be experienced in normal

operation.

4.4.5 Memory Considerations

An important factor to be considered in designing of neural nets for embedded platforms
is their limited memory availability. Raspberry Pi model B has a maximum of 927 MB of
memory available for user processes (out of 1 GB total). Keeping this in mind, the neural
nets developed for capacity estimation using (); and mRPT tests were designed to have a
lower memory footprint. The memory consumption patterns are summarized in Table in
which the second column gives the percentage of the total available memory occupied by the
untrained network, whereas the third column gives the percentage memory occupation after
training is completed. Finally, the fourth column gives the percentage change in memory

consumption prior to training and after training.
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Table 4.8: Memory Consumption.

Test Memory Memory Change (%)
Before Training (%) | After Training (%)
Qi 12.72 21.35 67.79
mRPT 12.72 21.57 69.49

4.4.6 Future Scope

With the satisfactory on-board application of the data-driven capacity estimation approach,
a number of possibilities are facilitated for the next steps in the evolution of the work. The
real time capability of the prediction algorithm and the ability of a single-board computing
system as simple as the Raspberry Pi to implement complicated training and prediction
algorithms points to the next step: receive data from a vehicle Controller Area Network
(CAN) through the Serial Peripheral Interface (SPI). Therefore, this platform is well-suited
for deployment inside an electric vehicle for capacity estimation. With this capability in
hand, the next step for the group at UT Dallas is to utilize this platform in an actual on-
board application for a Polaris GEM e4 electric vehicle. The effective battery management
capabilities of this work will contribute to the broader goals of the ongoing GEM e4 vehicle
project, which include autonomy and sensor fusion.

Another element in the future scope of this work is the introduction of on-board cloud
connectivity. Training the neural networks nominally requires approximately 650 seconds and
940 seconds for Qi and mRPT test data, respectively. Therefore, by leveraging the Raspberry
Pis Wireless Fidelity (WiFi) (BCM43438 WiFi/Bluetooth up to 72.2 Mbps net throughput)
capability, real time data obtained from the vehicles CAN may be transmitted to the cloud
wherein data may be stored, and with cloud computing the network models may be tuned
and even trained. Fine-tuned models can then be exported back to the on-board computing
system, facilitating further computation in the cloud for improved prediction based on live

incoming battery data. Because most microcontrollers rely on external data storage such as
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SD cards, such a distributed process would reduce the burden on the microcontroller both

in terms of computation as well as memory requirements.

4.5 Summary

Prediction and estimation of capacity fade in batteries and battery packs is a challenging
problem due to the complexity of the relationship between many characteristics and features
present in the battery pack system. Moreover, the amount of aging data required over long
time intervals complicates the problem further, particularly because of the expensive and
reliable testing environments required. The first step of this research reported in this chapter
has shown very promising results for a methodology whereby simple ideas from machine
learning are used to not only reduce the amount of data required in prediction of capacity
fade, but also to shift reliance to more accessible data in typical battery pack operation
scenarios. Such methodologies readily facilitate the incorporation of pack temperature data,
a factor not seen in typical studies of this nature.

The research following this work is focused on several important off-shoots where the
ultimate goal in capacity fade estimation, and prediction of general state of health for battery
packs, is to be able to use typical drive cycle data for learning and prediction.

Therefore, with this goal in mind, we focus on the use of data types gleaned from typical
drive cycles or data which can be easily generated during operation of a battery pack in a
normal day of use and charging. To do this, we feel that further training data with relevant
information will be needed along with larger or more complicated networks incorporated into
the machine learning environment. Of course, our primary application for these ideas lies in
vehicle propulsion systems, so the aim throughout will be to evolve this effort to investigate
data from automotive-quality batteries and packs in terms of drive cycles. Hence in the next
chapter, a discussion is presented upon the efforts that were made into using drive cycle data

for capacity estimation, and ultimately to explore the idea of synthetic data generation.
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CHAPTER 5

CAPACITY ESTIMATION USING DRIVE CYCLES [
5.1 Introduction

From a model based estimation point-of-view, as highlighted earlier, the chemical reactions
are numerous in number, which in turn makes simulating them computationally cumber-
some and convoluted. Model based techniques such as equivalent circuits as well as other
analytical techniques have been explored extensively in the literature (19)-(20). A discussion
of these approaches has been presented in Chapter 4, upon which this work evolved. Along
with having restrictions of accuracy during varied current pulses and over emphasis on the
OCV measurements, a troublesome drawback of such approaches is the trade-off between
model accuracy versus computational complexity. Data-driven estimation approaches such
as neural networks have gained popularity in recent times (26)), (52)), (53)), (54) and have
been able to make progress on the issue of having to consider many factors to effectively
provide estimation in a timely fashion. The most significant drawback with supervised learn-
ing approaches is the variety and volume of data required for training, in turn leading to
a cascading issue of requiring round the clock testing for generating reliable data. As was
highlighted previously, the expenditures in terms of equipment, man-hours and time serve
as the major deterrents to advancement in such estimation approaches.

As a logical next-step in this investigation into using supervised learning approaches in
determining capacity fade in battery packs, this chapter addresses the issue of the quantity
and characterization of data needed for capacity fade estimation. In the approach adopted
for estimating capacity fade in the last chapter, features are reduced to centroids and trends

among these centroids are used to estimate capacity. With the capability of reducing features

1©2018 IEEE. Portions Adopted, with permission, from M. Pyne, B. J. Yurkovich, S. Yurkovich, “Toward
the Use of Operational Cycle Data for Capacity Estimation,” IEEE Conference on Control Technology and
Applications (CCTA), August 2018.
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to individual points, the ability of analyzing large volumes of data without the need for large
volumes of computational memory has become a reality. This has moved the analysis toward
using operational data for training of “feature generators”, thereby reducing the quantity
of experimental data used and moving toward the goal of eliminating the requirement for
additional characteristic capacity determination tests in the process.

In what follows, we first discuss the test data used, followed by a brief summary of the
process for generating features (voltage, temperature and Ry) for a reference performance test
using a simple rule-based machine learning methodology for constructing feature generators.
This is followed by results of capacity fade estimation using a neural net based SoC curve
estimation, following in the evolution of the prediction philosophy presented in (51)).

For the study presented in Chapter 4, emphasis was placed on extracting useful and
effective information in terms of features from operational data as well as specific reference
performance tests, with a focus on reducing the total amount of data required and com-
putational stress. This was achieved through K-means clustering of the data, whereas two
features were considered, namely, voltage and temperature change during discharge.

While providing promising results, Chapter 4 relied on feature extraction from the mRPT
tests. These mRPT tests consisted of more dynamics than a capacity test, although shorter
in duration, and resembled a formal structured HPPC test. In this chapter we shift our
attention to the use of data from typical operational cycles, with no particular conformity
to standardized tests, while using the same methodology. That is, the data used will repre-
sent a variety of current pulses and responses over typical operational envelopes. A machine
learning model is proposed which utilizes a rule-based selection structure to segment the
training data for training of several neural networks (feature generators). The motivation
for segmenting the data and moving to multiple nets is to avoid over-fitting and to make
predictions within bounds by restricting the regions of the training set. While such a seg-

mentation allows better resolution in the modeling for different regions in the operational
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range of the battery, some added complexity results with simple rules and multiple neural
nets. However, the feature generators (multiple nets) are smaller in size than an overall net
for the entire region, where each net is focused on a training set from specific regions in
the operational data. Added benefits are that memory requirements can be segregated, and

over-fitting sometimes seen in the use of deep neural networks is avoided as much as possible.

5.1.1 Feature Generation

The process for generating features consists of two components cascaded together. The first
part employs a rule base whereas the second employs machine learning through a set of

multiple neural nets.

Rule-Based Selector

In implementing a rule-based strategy, fuzzy logic provides the ability to methodologically
express and exercise heuristic knowledge of how a system responds to perturbation. The
fuzzy rule-based selector strategy here uses two inputs: (i) the capacity of the battery when
training data is collected, and (ii) the state of charge (SoC) at which each of the pulses in
the training set begins. To accomplish this, we have segmented the capacity of the battery
pack into three ranges: 0.5 to 1.6 Ah, 1.6 to 1.8 Ah and 1.8-2.2 Ah. Also, the complete
SoC range of 0 to 100% has been divided into four equal ranges of 25%. With combinations
of inputs over these ranges through rules such as “If capacity is low (0.5 to 1.6 Ah range)
and SoC is low (in 0-25%), then select net M,” a total of twelve artificial neural networks
are created, which are trained (based on the inputs to the rule-based selector) on different
segments of the training data.

The membership functions used for both inputs are Gaussian and the ones used for the

output are triangular. That is, a typical Gaussian membership function Mg is expressed by

1 (zfc)Q

Mg(z;c,¢) =e 2057, (5.1)
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where ¢ represents the center and ¢ the width of the membership function, respectively. A

typical triangular output membership function My can be implemented with

My(z;a,b,c) = max(mz’n(i : Z, Z:i),()) (5.2)

where a < b < ¢ determine the x-coordinates of the three corners of the underlying member-

ship functions.

Feature Generators

It is challenging to derive methodology that solves problems under highly non-linear condi-
tions in a cluttered scene, such as recognizing a multi-dimensional object (55). Even with a
good process defined, the resulting code might be extremely complicated. From a machine
learning point-of-view, instead of writing a program for each specific task, a collection of ex-
amples that specify the correct output for a given input can be used to generate a program
which can effectively model complex relations between variables. The program produced
by the learning algorithm may look very different from a standard hand-written program.
But, if done effectively, the program applies to new cases as well as the ones upon which it
was trained. Also, such a process would afford the ability for the program itself to adjust
with changing data by training on new data. This flexibility of using data-driven learning
based approaches has led us to using recurrent neural networks for the purposes of predicting
behavior through features with changing C-rates such as the internal resistance and SoC.
In this study we propose the use of twelve closed-loop (recurrent) neural networks as
feature generators, each with three layers (input, hidden and output layers). For the purposes
of training, the network uses the Bayesian regularization back-propagation algorithm, which
has n inputs z;, ¢ = 1,...,n, m outputs, s = 1, ..., m, and [ neurons in the hidden layer. The
outputs of the neurons in the hidden layer are z;, j = 1, ...,[. The activation functions of the

neurons in the hidden layer are f]h : R — R and the activation for the neurons in the output
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layer are f¢ : R — R, where j = 1,...;l and s = 1,...,m. The weights from the inputs to
the hidden layer are w;‘i and those from the hidden to the output layer are wg;. The output

from the s neuron of the output layer is

I
Ys = fSO(ngjz]> : (5.3)
j=1

Therefore the relationship between the inputs z;,7 = 1,...,n, and the s** output vy, is given

by l
s :f;(Zw;’J(ZwaZ)) = Fy(x1, ..., mp) . (5.4)
j=1 i=1

The networks implemented consist of three layers: input, hidden and output, with the hidden
layer having 10 neurons. The inputs and targets of the complete model are summarized in
Table 5.1l

Table 5.1: Features

Input | SoC starting point of each discharge pulse
C-rate of discharge pulse
Target | Voltage and Temperature centroids, and R

The overall training set for the model is the complete set of all the drive cycles that were
implemented during the complete life the battery pack, where the concept is to emulate
continuous training during normal operation. The number of drive cycles in each of the

capacity ranges (input 1) are shown in Table [5.2]

Table 5.2: Training data

0.5 to 1.6 Ah | 20 drive cycles
1.6 to 1.8 Ah | 10 drive cycles
1.8 to 2.2 Ah | 80 drive cycles

In order to reduce the data load further, we have used the voltage (AV.) and temperature

(AT,) centroids and the calculated internal resistance (Rp); these represent outputs of the
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feature generators. The centroids are calculated using K-means clustering as described in
Chapter 4. This clustering algorithm separates data into the best suited groups based on
the information available. Data is separated in different clusters, which are usually chosen to
be far enough apart from each other spatially, in Euclidean distance, to be able to produce
effective data mining results. Each cluster has a center, called the centroid, and a data point
is clustered into a certain cluster based on how close the features are to the centroid.

The objective function for the K-means clustering algorithm is

k n
7= e wl)? =1 (55)
i=1 j=1
where ||z; — v;|| is the Euclidean distance between a point z; and a centroid v;, iterated over
all k points in the " cluster, for all n clusters.

For calculating the internal resistance Ry we employ the widely-used Randles first order
model (56). It consists of an ideal voltage source represented by open circuit voltage (Vocov ),
ohmic internal resistance (Ry) (57) which is in series with a parallel resistor-capacitor (R —
() branch. The single resistor (Ry) models an instantaneous response (instant voltage drop)
while the parallel R-C branch (R;, C}) accounts for the transient response (an exponential
voltage decay). For calculating the Ry values, we considered the range between the beginning
of the pulse and four data points after the pulse started.

The terminal voltage is given by
V(t) = Vocv (t) — Rol(t) — Ve = Ry(1 — /1) (5.6)

For validation of the feature generators, we will use a selected set of mRPT tests at
different stages of the life cycle of the battery pack. The details of this training-testing are

discussed in the next sections.
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5.2 Validation

In order to predict the behavior of AV,, AT, and Ry, we trained the feature generators using
a training data set of 110 drive cycles with capacity, current C-rate and SoC as the inputs,
and AV,, AT, and Ry as the target outputs. For validation, we picked four out of the five
discharge pulses from the mRPT tests performed after the 2nd, 4th, 7th and the 10th Q;

tests, thus giving us a good range of capacity degradation. The comparison between the

predicted and experimental targets are shown in Figures 5.1 [5.2] and
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1.5 2 25
Observation Number

5.3 Capacity Estimation Results

For estimating the capacity of the battery pack we employ here the methodology introduced
in Chapter 4. We have used AV, and AT, along with R to estimate the SoC curve of the

Q; test as the target. In the previous work we had used AV, and AT, and suggested the
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Figure 5.2: Comparison of predicted (dashed) and experimental AT..

possibility of exploring other features. In this regard, for this chapter we introduce Ry as an
additional feature along with SoC starting points and C-rates.

To determine the capacity, another RNN is trained using as inputs the functional values
of a third-order polynomial fit on the centroids predicted by the feature generators. The
target (model output) is the SoC curve of the @; test, which was the first capacity test done
in order to determine beginningof-life capacity. We generate a second SoC curve by using

the Coulomb counting equation for a current pulse of 1C 100 to 0% SoC single discharge,
1(t)
SoC(t) = SoC(t — 1) + UAt , (5.7)

and iteratively change the capacity term in the equation until the mean square error between

the two curves,

S (SoCnn(i) — SoCec(i)) | (5.8)

ij=1
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Figure 5.3: Comparison of predicted (dashed) and experimental Ry.

is below a threshold of 0.05, where SoC'y is the SoC curve predicted by the neural network
and SoC¢¢ is the SoC curve obtained using Coulomb counting.

To estimate capacity with this model (additional RNN trained in the fashion described
above), outputs of the feature generators corresponding to the mRPTs 2, 4, 7, 10 are used
as inputs. The predicted SoC curve from this exercise is compared with the SoC curve from
the Coulomb counting method as in to obtain a capacity value.

The results from this process are shown in Figure |5.4, where we see a comparison of the
experimental results (SoC plots obtained from the @Q; tests) and SoC plots that have been
predicted by the neural network from the clustered AV,, AT, and Ry data. The supervised
machine learning procedure relies heavily on the accuracy of data. Hence, pre-processing
the data and ensuring the inputs to the models are free of noise and outliers is an important
step. To eliminate such issues, a fixed initial upper voltage level of 12.48V is used, which is

taken to be 100% SOC.
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Results and comparison for the capacity estimation approaches of this work and that
of Chapter 4 are tabulated in Table [5.3] In the table, three figures are presented, the true
capacity obtained from the @); tests, the estimated capacity obtained from the mRPT feature

based estimation, and the estimated capacity obtained using the drive cycles.

Table 5.3: Comparison of capacity estimation results using drive data.

Test No. | True Capacity | Est. Capacity | Est. Capacity
(@) (mRPT) (Drive cycle)

2 2.004 2.011 2.036

4 1.998 1.981 1.967

7 1.970 1.949 1.961

10 1.540 1.522 1.667

As seen in the table, results of this approach compare favorably to the true capacity
results as well as to the results of Chapter 4. Once a significant degradation has occurred

(for example, when the battery enters a state of failure), estimation of capacity is challenging
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because features tend to become unruly and deviate in unpredictable ways from typical
trends. Because our goal was to investigate the concept of limited amounts of data from
profiles that resemble typical drive cycles, we conclude from these results that the approach

is effective.

5.4 Summary

In this chapter we presented the next step in the study of capacity estimation in Li-ion battery
packs. Our focus in this evolution has been on managing the amount of data required to
predict capacity fade. Relying on experimental data from a commercially available, low power
battery pack, we have employed machine learning techniques with the intent of continuously
learning battery characteristics through available features and typical measurements. For
this study, we were able to achieve proof of concept for an estimation and modeling approach
that essentially uses operational data (“drive cycles” for our experimental pack). The trade-
off in complexity to achieve this was to segment the data through a rule-based control scheme,
for training of multiple neural nets, although the size of the individual nets in each case was
maintained to be reasonably small. Results obtained compared favorably to our previous
results using data from specially designed reference performance test profiles.

In the next chapter, a description is presented of how we handle the issue of shortage of

data with the help of synthetic methods of data generation.
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CHAPTER 6

SYNTHETIC DATA GENERATION
6.1 Introduction

In the dissertation to this point we have have made the case that monitoring the state of
health for modern battery pack systems, particularly for Electric Vehicles (EV), presents
several unique challenges. Foremost among these is that, the sheer volume of data required
for accurate prediction of capacity fade in a pack is daunting, and the types of tests required
for data generation can be time and labor intensive. Ideally, a battery management system
(BMS) would be able to utilize strictly operational data for health monitoring and control,
in lieu of expensive data sets. However, it is obvious that one cannot avoid the need for rich
data sets based on actual battery pack measurements. The focus of this chapter is on the
feasibility of ideas addressing these challenges.

The fact remains that, out of all the components in an EV which are prone to failure,
the battery pack is the most significant and hence the Li-ion batteries that are the main
building blocks of such packs need to be robust more than ever. Similar is the case with
stationary energy storage as well as smaller portable electronics.

The primary issue concerned with the effective use of Li-ion batteries is the nature of
capacity fade and the nature in which capacity degrades in normal operational use. As topics
for ongoing research, battery pack life expectancy and failure modes have received significant
interest from investigators (58)). When it comes to consumer electronics such as smartphones
and laptops, a life cycle lasting about three years is generally accepted, but when it comes
to an EV battery pack, the standardized range of 150,000 to 300,000 km life, which roughly
equals about eight years worth of normal usage, appears acceptable. Nonetheless, for an
average consumer who owns an EV for a period of more than eight years (59)), the prospect

of having to replace a battery pack is undesirable.
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We have seen that extensive testing and deep discharge cycling of Li-ion batteries can
be effective in estimating capacity fade. Along with cycling, subjecting such batteries to
high C-rates and large variations in ambient temperature have other effects such as mechan-
ical abrasion of the electrodes, electrolyte oxidation and Lithium-plating on the surface of
the anode. All these effects are cumulatively observed as loss in capacity of the battery.
Nonetheless, from a modeling perspective, having access to effective aging data, in which the
battery gradually loses capacity while being subjected to a multitude of charge and discharge
pulses with varying C-rates is highly desirable. One promising approach at this requirement
is the creation of data-driven synthetic data for these studies.

Typical analyses for state-of-health in battery pack systems are based on historical data
collections and testing done at various facilities, often under proprietary restrictions; as a
result, only a limited number of measurement databases are available to investigators. The
novel idea of using a limited experimental data set to generate iterative synthetic drive cycles
and study the technical performance of a BMS has been explored in (33)). Moreover, the
concept of utilizing synthetic data has been used extensively in renewable energy studies (34))
and health-care systems (35), where in both cases the quality of data is vital. In the domain
of energy systems, synthetic data has found applications in modeling as well as large scale and
domestic power consumption simulations. In (36), physics based modeling of batteries was
presented, where computational challenges are tackled with particle Markov Chain Monte
Carlo methods, with an implementation specifically designed for the non-Markovian setting.
In large scale power systems (37)), synthetic PV and load demands are used to validate control
algorithms. In (38)), a prototype demand-side load controller is validated using synthetically
generated load data. It is evident in these examples that use of synthetic data as a validation
tool is a well established practice in the research community.

In light of the need for validation of estimation schemes on diverse test data, and based

on trends in the literature, we investigate the idea of generation of synthetic battery data
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using Markov chains while exploiting actual experimental data. The primary motivation
for this work is multifaceted, focused on using limited experimental data to synthetically
generate data to fill gaps in data records based on trends in the actual data. In so doing, it
becomes possible to predict battery pack characteristics such as open circuit voltage (OCV)
relationships and even capacity and capacity fade. Moreover, having such mechanisms would
easily allow one to statistically perturb the total data set in ways otherwise impractical
(perhaps impossible) with the actual system in experimentation. As new experimental data
becomes available through normal operation and through evolution of a machine learning
process, portions of synthetic data could be judiciously dropped in favor of actual data.

In the evolution of capacity fade estimation studies using supervised learning algorithms
for Li-ion packs in this dissertation, this chapter takes the next step in exploring avenues of
extrapolating and generating “feature” based data from pre-existing data sets for facilitating
improved learning and subsequent prediction of capacity by learning based algorithms. In
previous chapters, sections of voltage, current and temperature data are reduced to centroids
and how these centroids behave over time are used to determine capacity. In this chapter
we provide a methodology to generate these centroids synthetically by combining multiple
drive cycle or operational data.

Our previous analysis of features used for capacity estimation has indicated that by
comparing an expected and experimental behavior of features, a reasonably accurate deter-
mination of battery pack capacity can be obtained. This not only plays a vital role from a
BMS application point-of-view but also gives us the ability to eliminate the necessity for spe-
cific capacity determination tests, which themselves are detrimental to the batteries. Hence,
armed with necessary tools for effectively analyzing large volumes of data, in this chapter a
novel approach is presented of how multiple pulses can be managed in a probabilistic man-
ner, such that the data generated is true in nature to the experimental data upon which it is
based, while incorporating an increased number of pulses or features. We provide validation

by highlighting a case study for prediction using synthetic data.
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In the following sections, first an overview of the test data used is presented, followed by
a concise description of the process for synthetic data generation using Markov Chains. This
is followed by results of generating synthetic data using data from two battery packs, leading
to a case study using simple machine learning, with the goal of providing data streams for

the prediction philosophy presented thus far in this dissertation.

6.2 Data Sets Under Consideration

In this chapter, the generation of synthetic data is carried out with the generation of current
and voltage profiles separately. For voltage generation, the data set generated on testing the

three cell pack at 25°C using Drive Cycle 2 is used (Figure .
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Figure 6.1: Representative “drive” test II.

For the current profile generation, multiple profiles obtained from the second automotive

data set available for our studies is utilized. This was obtained from the battery pack in a

96



Renault Twizy consisting of 96 cells, from Groupe Renault, France. A representative drive

profile is shown in Figure [6.2
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Figure 6.2: Sample Renault Twizy drive profile..

6.3 Synthetic Data Generation Methodology

The generation of synthetic data basically involves two primary steps:

1. Use the EV data set to generate transition probability matrices, based on which new

current profiles can be generated using the concept of Markov chain propagation.

2. Use the generated current profile in the first step, along with a specified capacity
profile, as inputs to a neural net structure which is trained on the three-cell pack data.
The output of this model gives the voltage behavior of the synthetic data in terms of

centroids of clusters.
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6.3.1 Current Profile Generation

Because obtaining continuous drive data for a battery in order to show capacity fade presents
a difficult challenge from a time and resource perspective, we employ stochastic models to
generate useful data based on realistic scenarios and actual testing. Among methods based
on stochastic models, of the most recognized are those using Markov chains. Markov chain
based stochastic models afford the ability to generate time series drive data time possessing
identical statistical parameters, with the added flexibility of different dimensions for the
transition matrix (47).

Markov chains are useful for cases where current states are dictated by previous states.
EV drive cycle data could be considered as a stochastic process in the sense that as the cur-
rent drawn from the battery pack is a continuous process, the current drawn at the present
state depends on the previous state. Based on a set of experimental drive data, a transition

probability matrix of current transition can be set up in the following manner:

a1,1 1,2 a1,5-1 (W]
as 1 a2 2 a2 -1 Az
, (6.1)
A;—11 Q;—12 Ai—1,5—-1 Qi—1,5
a1 (7% Q51 Q; 4

where a; ; represents the number of times the current changes from state 7 to state j in the

experimental data.

In the EV data set, the maximum discharge current is 193.4 A, the minimum is 0.2 A

and the average discharge current is 3.25 A. Based on these observations a total of 50 states

have been chosen between 0 and 200 A.
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The summation of each row in (6.1)) represents the total number of times that previous
current states are associated with state i. Elements of a related matrix can be obtained
using

where b; ; represents the transition probability from state i to state j.
A uniformly distributed random number R between 0 and 1 can then be used to generate
current time series data based on (6.2). To facilitate this, a new probability matrix C' can

be obtained with elements

;
cij=Y bir (6.3)
k=1
where ¢; ; represents the summation of transition probabilities from state 1 to state j in row
1 of .

Once the matrix C' is generated using experimental data, the random number R is used
to generate the synthetic data. Comparing R with the elements in ¢;; (j =1,2,3,...,n), if
R is smaller than ¢; ;, the next current pulse belongs to state j. In this manner a current
profile with unlimited length could be generated from an experimental data set.

Apart from generating the transition probability matrix, a few other considerations have

been taken into account while generating the synthetic current profiles, namely:

1. Duration of each discharge pulse and the rest time after each pulse has been set to

vary randomly between 1 and 5 minutes.

2. There are conditions encountered while running the generation process where the same
state transition is repeated several times. In order to eliminate the effect of this, if a
state transition gets repeated more than three times in a sequence, these three steps

are eliminated and the matrix is re-initiated.

3. If the battery pack reaches 0% SoC, the process is terminated.
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The above are essentially user-specific criteria and can easily be modified based on re-

quirements or limitations of the estimation algorithm or data set.

6.3.2 Voltage Profile Generation

Because reducing data loads is one of the pivotal objectives of this work, we have used
voltage clusters as the intended targets for the neural net structure employed. Also, our
experience has shown that employing “features,” rather than raw data directly, as training
and testing inputs for the neural nets improves the level of accuracy. Although for a different
application here, the clustering approach presented earlier and the neural network structure

used in (60), have been utilized with slight modifications.

Clustering

A K-means clustering approach takes a set of observations (z1, zs, ..., ), and partitions the
n-observations into k < n sets S = {5 — 1,55, ..., 5k} so that the variance is minimized.
Formally, the objective is,

k k
arg min x — 1;||” = arg min S;|Vars; 6.4
min 323 e =l = argymin 3 ) (6.9

i=1 z€S;

where p; is the mean of the points in .5;.

For clustering in our case, the voltage profile during the discharge pulses in the three-
cell pack data set have been clustered with k set to 20, where the data was generated by
discharging from 100% SoC to 0% SoC in twenty pulses, each causing a 5% decrements in
SoC. After this, multiple drive cycles with 20 clusters each have been used as a part of the

training set.

Neural Net Structure

As a final step, a deep neural net structure consisting of three layers has been employed to

generate the voltage behavior in terms of clusters. In Chapters 4 and 5, the neural nets used
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were simplified because an objective was to minimize the computational complexity toward
possible on-board computations. In this case of synthetic generation, where all calculations
can be considered off-line, larger networks are acceptable. The network developed has three
hidden layers with 10, 100 and 10 neurons individually, and has been trained for 1000 epochs
with a learning rate of 0.001. The optimizer used is the ADAM optimizer (61)).

From the three-cell pack data set, the drive cycle profiles have been used for training the
network. Once again, three inputs are used: current value at the beginning of each pulse, the
SoC value at the beginning of the pulse, and corresponding capacity values obtained from the
characterization test implemented directly prior to the drive profiles. Cluster points from
clustering the voltage behavior during the discharge pulses were used as network targets.
Ninety percent of the complete drive data was used for training, whereas ten percent was
used for validation and testing.

For network input, an SoC profile corresponding to the synthetically generated current

profile results from a Coulomb counting process,

I(t)

SoC(t) = SoC(t — 1) + —L At (6.5)

where [ is the current value, () represents capacity and At is the time step. Along with a
desired capacity value profile, the current and SoC profiles make up inputs to the network.
The output from this network gives the voltage behavior corresponding to the synthetic

current profile.

6.4 Results

Using the methodologies of the previous section, one can generate synthetic data sets with
a wide degree of flexibility for desired operational scenarios. However, an inherent challenge
with using synthetic data generation is in validating the process. There are several ideas

to get at this challenge; here we utilize the mRPT test data generated from experimenting
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on the three-cell pack for this purpose. The underlying reason for this lies in the fact that
even though the drive cycle data set possesses current rates similar to that of the five pulses
in the mRPT test, they occur at different SoC values, thus providing a basis to compare
experimental and synthetic data at different capacity values.

Hence, in what follows we first describe a synthetic data profile where the same current
profile has been applied at different capacity points. Then we present a novel validation idea

where we compare against the actual mRPT data.

Synthetic Data

The result of the proposed methodology is highlighted in Figure [6.3] For generating both
the voltage responses, the same current profile is input to the neural net at different capacity
points, with states limited to 50 A. The first voltage response is generated at the capacity
value of 1.976 Ah and the second response is generated at 1.857 Ah. The profile consists of
18 current pulses and clearly highlights a variation in voltage centroids as the capacity fades.
Although there are other means to illustrate the synthetic data, we remind the reader that
voltage centroids are of interest because they would be used in the subsequent prediction
phase of this work, such as when lengthy and complete data streams are used.

We note in Figure that even though some of the voltage centroids are higher than
a preceding value, this does not indicate presence of charge pulses. The nature of cluster-
ing of centroids, as well as the recovery phase in batteries, can lead to this phenomenon
where a particular voltage value resulting from a current pulse of smaller magnitude may be

marginally above the voltage centroid for a current pulse of a higher magnitude.

mRPT Based Validation

Validation of these ideas can be approached from a case study viewpoint, and many realistic

scenarios can be considered. We illustrate the idea behind this validation approach with one
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Figure 6.3: Comparison of true and synthetic voltage centroids during mRPT tests 1,5,7,10.

such case. Inputs to the network are the current values of each pulse and the corresponding
SoC starting point from the mRPT profile at specific capacity values. In Figure a
comparison is shown between experimental (true) and synthetically generated voltage cluster
points corresponding to mRPTs 1,5,7 and 10.

In Table the mean square error is shown between the true mRPT voltage cluster
values and the synthetically generated cluster values. As has been the case with estimation
results in our investigation into predicting capacity fade, as the capacity of the battery fades,
estimation errors tend to increase (as seen in the case of test 10). Although this typically
happens when the battery is entering a failure mode, and not during typical operation ranges,

these error margins are deemed tolerable.
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Figure 6.4: Comparison of true and synthetic Voltage centroids during mRPT 1,5,7,10.

Table 6.1: mRPT mean square error comparison

Test 1 5 7 10
MSE(%) | 1.924 | 1.210 | 2.489 | 3.987

Capacity Estimation Using Synthetic Data

The next step in using the synthetically generated data is an attempt to the methodology
outlined in Chapter 5, where a drive cycle data is given as input to a network which predict
features in line with what an mRPT test would depict. Following this, the predicted features
are fed to a network which is trained and on the mRPT features and SoC behavior of the
B-o-L data. This chain of approach will give us a method to go from a drive cycle to a
predicted capacity number.

As is shown in Figure[6.5] the behavior of voltage centroids of one drive cycle is generated

at three capacity points using a randomized current profile generated using the Markov
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process. The current profile is such that each pulse can discharge the battery by 3 to 5%
SoC with some pulses having no discharge at all. The nature of the three plots depicts that
when there is marginal capacity change (1.976 Ahr to 1.938 Ahr), the plots do not show
much variation. But with a large drop (1.938 Ahr to 1.754 Ahr), there are some drastic
changes observed, especially in the lower ranges of SoC, where the plot tends to diverge from
expected patterns (such as at pulse number 15).

e 4= Synihetic Data at 1976 Ahr

== Synthetic Data at 1.938 Ahr
12.4 Synthetic Data at 1.754 Ahr|-|

122 -

1.8 -

11.6 -

11.4 -
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10.8 |-

2 4 6 8 10 12 14
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Figure 6.5: Synthetic drive cycle at different capacity values.

The three profiles which are generated are then fed to the feature generator which gener-
ated the voltage centroids for an mRPT data structure. The output of this network is fed to
a second network and capacity predictions are obtained. The numbers obtained are shown
in Table [6.2]

The predictions related to the 10" test shows a large error of 6.21% but this prediction

is in a range where where the battery pack has lost around 22% of its rated capacity. In
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Table 6.2: Capacity estimation results in the SoC range 50% to 10%.

Test No. | Estimated Capacity | True Capacity | % Error
1 1.981 1.976 0.25
5 1.967 1.938 1.49
10 1.645 1.754 6.21

order to reduce this error margin, the next step was to try and remove the large variations
in the data observed from the 15" pulse on wards and observe the estimation numbers. The

results of this step are shown in Table [6.3]

Table 6.3: Capacity estimation results in the SoC range 50% to 10%.

Test No. | Estimated Capacity | True Capacity | % Error
1 1.951 1.976 1.26
5 1.947 1.938 0.46
10 1.832 1.754 4.46

Reducing the data range did show some reduction in error margins for the 10 test

without much effect on the 1% and 5t*.

6.5 Summary

In this chapter a novel approach has been presented aimed at the challenges presented by
data requirements in monitoring, predicting and controlling the state of health of modern
battery pack systems. By using a limited experimentally derived data set, an approach is
presented which provides essentially unlimited user-specified streams of synthetic data, based
on capacity variations and varying scenarios. While challenges in this research still remain,
this chapter has provided proof of concept and a basis for further study. In particular, a
variety of scenarios may be tested in validating the approach, and ultimately the synthetic
data approach can be used for capacity estimation and prediction trials for comparative

studies in further experimentation.
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While the approach presented in this chapter is early in its development, these techniques
have great potential in providing realistic and verifiable baseline sets of training data for
applications requiring large amounts of data, especially those that exhibit conditions that
are known to be possible, but are too difficult to achieve in experimentation. The next
steps to this work include applying broader heuristic verification and boundary analysis to
the output of the Markov Chains to provide deeper confidence in the generated training
data. With this analysis, the resulting trained predictions can be better anticipated and

understood in real applications.
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CHAPTER 7

CONCLUSION

From the initiation of this research there was a multitude of assumptions and uncertainties
pertaining to both generation/availability of data to the use of largely black box approaches
to modeling and estimation.

Testing and generating of data was the first hurdle where capturing gradual capacity fade
was the primary focus. Through our initial testing, it was observed that, if the aim was to
deplete the battery completely of its ability to get recharged, it was fairly easy to accomplish
accurate estimation through deep discharge pulses and over-charging. On the other hand,
making sure the capacity decays gradually even when the battery has reached a stage, where
it loses around 8-10% of capacity with each cycling, was a tricky and delicate endeavor.

With the application of machine learning approaches, with every test type (Q;, mRPT
and drive cycle), the models had a tendency to generalize well on training but diverged on
testing and simply increasing the network size was not a solution. More complicated solutions
of regularization, scaling of inputs and use of advanced optimization algorithms needed
careful implementation as the training time of these networks and the memory requirements
had an exponential scale. With the generation of data synthetically, validating the quality
of the generated data was of primary concern and it proved to be a difficult issue. Some
of the challenges faced in each step of this research are discussed in detail in the following

sections.

7.1 Data Generation and Testing

As mentioned above, the aim of generating data was to capture the gradual decay in capacity
fade in batteries as the ultimate objective. In order to do this a number of test profiles

were studied, as well as examples of industry standardized testing. After the creation and
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implementation of a few drive cycles, the upper and lower thresholds were tweaked because
these limits had a bearing on how low or high the pack could be discharged or charged,
respectively. This along with the study of a few drive cycles which were implemented on
automotive grade cells created for testing the behavior of such batteries in different climate
zones led us to create both drive cycles that have been used in this dissertation. As our
focus shifted from profiles containing discharge/charge pulses to only discharge pulses, we
observed an even slower and more gradual loss in capacity.

At the end of this refining approach, we were able to effectively generate data sets with
gradual capacity loss at different temperatures without any situation where the packs lost

capacity abruptly.

7.2 Characterization and mRPT Based Estimation

With neural nets, or in general any ML approaches, the two big factors which affect their
ability to generalize are the quality of the data and the selection of the correct model. While
using ); (characterization) tests, the main objective was to use beginning-of-life data in
order to estimate capacity. The thought behind this was to facilitate a algorithm which did
not require significant testing for a new battery and yet was able to capture the fade trends
at later stages of the battery life. This training approach with a simple recurrent network
gave good estimation numbers as the data used here was well defined and clearly showed
trends with capacity fade.

When the estimation was attempted using mRPT data, a second objective of reducing

the raw data volume was also incorporated. There were two issues encountered:

1. K-means clustering has a circular decision boundary, which means the number of cluster
points in each cluster has to be of equal number. This was an issue with decreasing

capacity as there were multiple CV modes occurring with the lower threshold being

109



reached and, as a result, data pre-processing with extrapolation we used to get around

this issue.

2. FFNNs were unable to generalize well and increase in network size led to overfitting.
At this stage, changing over to RNNs with their element of internal memory, and where
their ability to remember important information related to the inputs they receive (e.g.,

the present state depends on the previous state in terms of SoC).

3. RNNs suffer from vanishing gradient and as a result, with higher capacity fade when
the battery pack was approaching its end-of-life conditions, the estimation error kept
rising. But, the network performed well in in the capacity ranges which would be

considered a standard and safe operating range for such batteries.

The approach developed and refined using mRPTs were extended to them them being
applied on a microcontroller (Raspberry Pi) to test their feasibility for on-board and BMS
implementation. With this implementation, the memory considerations were rigorously stud-
ied and they showed favourable numbers. But, the major issue that was observed was the
requirement of large volumes of effective test data for the prediction of capacity fade. Making
the best use of available data and the still maintaining low on-board memory consumption
was achieved with intuitive use of clustering and within ranges of our interest, capacity fade

predictions were obtained with very minimal training and testing time.

7.3 Drive Cycle Based Estimation

In the estimation using drive cycle data, due to the lack of a structured profile, where there
are discharge/charge pulses at regular intervals with constant rest phases between them,
using [-V-T data directly as an input and target for NNs was counter productive as the
network size grew (500 to 1000 nodes in 5 to 6 layers), thus leading to significant increases

in training time (in the range of 8 to 9 hours). To combat this, a feature generator structure
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was used to predict features which are similar to the features extracted from mRPTs. These
features where fed to a second RNN, which was used to predict the SoC behavior and
subsequent capacity prediction. The feature generator approach used multiple neural nets
versus a single large net and used a fuzzy based selection technique to select which network
was trained in the particular range of data. That network, which was of a combination of
networks, was used to predict the behavior of the features.

Also, using B-o-L data was insufficient while using drive cycles and the entire range of
drive cycles were used to train the feature generator structure. This was a step away from
what was implemented in the ); and mRPT based estimation, but in order to overcome the
limited information available in the drive cycles, this was a necessary step.

Finally, with the increase in complexity in data and data pre-processing, estimation
error showed an upward and gradually increasing trend. Once again, however such results

produced errors that were below permissible limits in the capacity range of interest.

7.4 Synthetic Generation

As a method to address to issue of quality data availability, probabilistic and synthetic data
generation is a concept with a lot of promise. For this purpose, by the use of Markov chains, a
concept has been demonstrated, which though in its infancy, can be used to combine multiple

data sets in order to gain larger data sets which are beneficial to any ML implementation.

7.5 Final Comments

Prediction and estimation of capacity fade in batteries and battery packs is a challenging
problem due to the complexity of the relationships between many characteristics and features
present in the battery pack system. In this study a conscious effort has been made to use

some features which enable us to make effective predictions. But there is a vast scope
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of exploration that is waiting to be looked into with larger number of features as well as
combination of features.

The data requirements as has been elaborated upon, over long time intervals complicates
the problem further, particularly because of the expensive and reliable testing environments
required.

In the end, the research reported in this dissertation shows very promising results for a
group of methodologies whereby simple ideas from machine learning are used to not only
reduce the amount of data required in prediction of capacity fade, but also to shift reliance
to more accessible data.

The research following this work is focused on several important off-shoots where packs
can be looked at for fault detection and isolation, observation and estimation of other fade
parameters such as impedance, exploration of simpler microcontrollers than a Raspberry Pi,
incorporating cloud connectivity, and so on. The ultimate goal in capacity fade estimation,
and prediction of general state of health for battery packs, is to be able to use typical drive

cycle data for learning and prediction in automotive grade packs on-board a BMS in an EV.
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