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Abstract

This dissertation combines electrochemistry-based battery models and optimal control

theory to study power management in energy storage/conversion systems. This topic

is motivated by the need to enhance the performance and longevity of battery electric

systems. In particular, the rapid progress in battery material science and energy

conversion presents a highly relevant opportunity to bridge the knowledge gap between

electrochemistry and control. Ultimately, this dissertation elucidates the key physical

phenomena in battery-powered systems which enable opportunities to improve battery

performance and health through control. We address this topic in three phases.

First we provide an overview of battery fundamentals and relevant degradation

mechanisms. Then we develop mathematical models for the electrochemical battery

phenomena, plug-in hybrid vehicle drivetrain dynamics, and stochastic drive cycle

dynamics. A battery-in-the-loop experimental test system is fabricated to identify the

electrochemical battery model.

Second, we investigate the battery-health conscious power management problem

for plug-in hybrid electric vehicles (PHEVs). This effort designs controllers to split

engine and battery power to minimize both fuel/electricity consumption costs and

battery state-of-health degradation. Mathematically, this problem is formulated as a

stochastic dynamic program. The degradation phenomena considered include anode-

side solid electrolyte interphase film growth and the “Ah-processed” model. This work

is the first to utilize fundamental electrochemical battery models to optimize power

management.

The final phase proposes a novel battery pack management strategy which investi-

gates the potential health advantages of allowing unequal yet controlled charge levels

across batteries connected in parallel. Mathematically, this problem is formulated as a

deterministic dynamic program. The optimal solutions reveal that capacity fade can

be mitigated through controlled charge unequalization if concavity properties exist in

the health degradation dynamics. The sensitivity of these results are analyzed across

various degradation models derived from existing literature and experimental data.
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In total, this dissertation utilizes physics-based battery models to optimize power

management in energy storage systems. The unique overarching contribution is a

systematic optimal control approach for elucidating the physical electrochemical prop-

erties one can exploit through control to enhance battery performance and life. The

second and third phases described above demonstrate how this approach can be very

useful for PHEV and battery pack management applications
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Chapter 1

Introduction

This dissertation combines electrochemical physics and optimal supervisory control

to study the tradeoffs between performance and health in battery-powered systems.

The proposed health-conscious control algorithms have the potential to increase the

performance characteristics and long-term energy capacity of battery packs. This

is critically important for large scale battery energy storage systems - ranging from

electrified transportation to stationary grid-scale storage - where replacement cost,

bulk, and cycle life are inhibiting factors associated with the uncertainty in maintaining

safe operation. Moreover, the framework presented here fuses electrochemical physics

and control techniques to increase our intellectual understanding of how to manage

their interaction.

In order to design battery-health conscious power management algorithms via

electrochemical principles, this dissertation introduces novel techniques for modeling,

control problem formulation, and analysis. These techniques may be applied to any

situation which involves complex physical models, multiple energy storage/conversion

devices, stochastic dynamics, multiple objectives, and state/control constraints. This

dissertation applies these techniques to plug-in hybrid electric vehicles (PHEVs) and

lithium-ion battery packs. Nonetheless, the approaches are fundamental and extend

beyond batteries and PHEVs.

Ultimately, the results of this dissertation highlight which physical/mathematical

properties in battery health degradation dynamics enable the use of innovative control

techniques to enhance performance and health attributes. These specific properties

include slope and convexity of health degradation metrics with respect to state-of-

charge and current. This question has been generally unexplored in the literature. Yet

it results from the innovative combination of electrochemical physics and supervisory

control explored here.

The remainder of this introduction is structured as follows. First, we motivate the

above research question through its broader impacts on the energy and transportation
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Figure 1.1 Potential future energy infrastructure, in which battery energy storage miti-
gates the intermittency of renewable energy generation. Photos sources: Tidal power photo
from Pelamis Agucadoura wave farm project in Portugal, pumped hydroelectric storage
photo from [2], flywheel diagram courtesy of Beacon Power Corporation.

infrastructure. Second, we succinctly summarize the technical challenges associated

with optimal power management of battery-powered systems via electrochemical

modeling. Third, we review the existing literature which sets the foundation for this

work. Finally, we summarize the contributions of this dissertation and outline their

development in the subsequent chapters.

1.1 Research Objective and Motivation

The objective of this dissertation is to develop battery health conscious algorithms

which manage power flow in energy systems. The relevancy of this topic is highlighted

by the 27.2 billion USD federal government investment in energy efficiency and renew-

able energy research, including advanced batteries and electrified transportation, under

the American Recovery and Reinvestment Act (ARRA) of 2009 [11]. Techniques for

battery-health conscious power management are further motivated by a vision for the

future energy infrastructure, depicted in Fig. 1.1. Potentially, renewable energy will

represent a significant portion of the energy generation mix. In the near term, ARRA
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Table 1.1 Renewable Portfolio Standards for Select States [1]

State Renewable Energy as
Percentage of Total Sales

Year Full Requirements
Take Effect

California 33% 2030

Colorado 20% 2020

Hawaii 20% 2020

Illinois 25% 2025

Massachusetts 15% 2020

Maryland 20% 2022

Maine 40% 2017

Michigan 10% 2015

New Jersey 22.5% 2021

Nevada 20% 2015

New York 24% 2013

Oregon 25% 2025

Pennsylvania 8% 2020

Utah 20% 2025

Virginia 12% 2022

Washington 15% 2020

seeks to double nation-wide renewable energy capacity within two years [11]. In the

long term, individual states are implementing renewable portfolio standards (RPS) to

increase renewable energy production. The current RPS programs for several select

states are included in Table 1.1 [1]. Yet most renewables such as wind, solar, and tidal

power are fundamentally intermittent sources which do not temporally match energy

demand. Overcoming this mismatch to enable significant penetration of renewable

energy requires large scale energy storage. This is where electrified transportation

can provide an enabling role. That is, large energy capacity battery packs on grid-

connected vehicles can potentially provide the necessary energy storage to enable

significant penetration of renewable energy. This “vehicle-to-grid” infrastructure thus

couples the electric grid and transportation to form a large scale distributed energy

generation, storage, and consumption system [12, 13, 14].

The critical enabling technology to realize this future energy infrastructure is,

arguably, the battery energy storage system. In this dissertation we focus on modeling,

systems, and control to study optimal power management algorithms for these battery

systems. To narrow the focus further we study battery health-conscious optimal power
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management in plug-in hybrid electric vehicle systems. Such health-conscious battery

pack management has the potential to increase the useful life and reduce the long-term

replacement costs of expensive high-capacity battery packs. This is important for

ensuring the financial feasibility of battery energy storage in systems such as electric

vehicles and smart grids, especially if such systems are able to share energy through,

e.g., vehicle-to-grid (V2G) integration [15].

1.2 Literature Review

Two general categories of research provide the foundation for optimal power manage-

ment of battery-powered systems. These include fundamental battery research and

optimal supervisory control (see Fig. 1.2). One of this dissertation’s main goals is to

connect these two previously separate bodies of literature.

Fundamental 

Battery Research

Optimal

Supervisory Control

Theoretic electrochemical 
SOC dynamics

Empirical 
capacity fade 

models

Experimental 
examinations of aging

Electrode/electrolyte 
material science

In situ and ex situ 
analyses of capacity fade

Phenomenological 
equivalent circuit models

Equivalent consumption 
minimization strategy

Model predictive control

Deterministic and stochastic 
dynamic programming

Combined design 
and control

Control parameter 
optimization

Iterative optimal control

Region of 

opportunity for 

electrochemistry-

based optimal 

supervisory 

control Approximate dynamic 
programming

Figure 1.2 This dissertation seeks to contribute knowledge at the intersection of funda-
mental battery research and optimal supervisory control.

1.2.1 Fundamental Battery Research

The first body of literature involves fundamental battery research. This research

considers the theoretical and experimental design and analysis of batteries through

mechanical, material, and chemical science techniques. Much of the fundamental
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operating principles are unified in excellent textbooks on electrochemical systems [16]

and advanced batteries [17, 18].

In the area of Li-ion batteries, one of the first significant breakthroughs was the

utilization of LiCoO2 as the metal oxide cathode material. This battery design was

eventually commercialized by Sony in 1991 [19]. More recently, LiFePO4 cathodes with

olivine structures were introduced as low-cost, safe alternatives to lithium cobalt oxide,

though they sacrifice some energy density [20]. During the development of Li-ion

batteries, lithium polymer battery technology was born. The key difference in lithium

polymer batteries is that the electrolyte is contained within a solid polymer as opposed

to an aqueous organic solvent [21]. The key advantages of such a design include lower

manufacturing cost and flexible packaging. An excellent overview (ca. 1991) of lithium

battery technology, its promises, and challenges is provided by Tarascon and Armand

[22].

A crucial development in lithium battery technology was the discovery of interca-

lation compounds [22]. Intercalation, by definition, is the inclusion of one molecule

between two other molecules. In the case of lithium batteries, the electrodes are made

of intercalation compounds which effectively store and release lithium. Intercalation

continues to be an extremely active area of research. Interested readers should refer

to the historical perspective and research trends summarized in the survey paper by

Broussley (ca. 1999) [23]. Example studies over the past fifteen years include the

intercalation of carbon fiber micro-electrodes [24], the impact of carbonate solvents

[25], and mechanical/thermal stress due to intercalation [26, 27]. The impact of

structural design has also been considered with respect to optimal porosity [28] and

conductivity in olivine [29].

A subset of this literature considers modeling degradation in lithium-ion batter-

ies, including phenomena such as solid electrolyte interphase (SEI) layers, dendrite

formation, carbon dissolution, electrolyte degradation, and electrode structural distor-

tion. Excellent reviews by Aurbach [30], Arora [31], and Kanevskii [32] survey these

various mechanisms in depth. In this dissertation we leverage a model particularly

well-suited for model reduction and control applications that accounts for lithium

diffusion dynamics, intercalation kinetics, and electrochemical potentials developed

by Doyle, Fuller, and Newman [33, 34]. Ramadass et al. [7] added a degradation

component to this model by including an irreversible solvent reduction reaction at the

anode-side solid/electrolyte interface that generates a resistive film which consumes

cyclable lithium. This mechanism has been identified as one of the chief contributors

to capacity and power fade, whose effect is also representative of other mechanisms.

5



A more detailed overview of battery damage processes is provided in Section 2.1.1.

1.2.2 Optimal Supervisory Control

The second relevant body of research considers optimal supervisory control. Specifi-

cally, we focus our attention to the power management problem in hybrid vehicles.

An excellent overview of this research area ca. 2007 is provided by Sciarretta and

Guzzella [35].

Deterministic dynamic programming generates provably optimal performance, yet

requires exact knowledge of the input signal, i.e. drive cycle [36, 37, 38, 39]. In many

cases, it is impossible to know the exact input a priori. However, it is often possible to

identify and optimize with respect to the statistics of the input signal by modeling it

as a random process. This idea motivates the use of stochastic dynamic programming,

which generates a supervisory controller that is optimal with respect to the expected

input behavior [37, 40, 41, 42].

Dynamic programming approaches are generally computed off-line and are optimal

only with respect to a model - our mathematical idealization of the actual plant. In

contrast, model predictive control methods are generally computed on-line. Namely,

they determine optimal state and control trajectories over a receding time horizon

using a predictive model and implement only the subsequent step. Real-time opti-

mization necessities the use of relatively simple models, however the initial state can

be recalibrated using measurement signals at each time step [43, 44]. Yet another

concept, called Equivalent Consumption Minimization Strategy (ECMS), applies an

instantaneous optimization procedure which minimizes the energetic equivalent fuel

consumption of both engine fuel and electric battery energy [45, 46]. Recently several

researchers have shown that this formulation is in fact a physical interpretation to

instantaneous optimization using Pontryagin’s minimum principle [47, 48, 49].

This body of research has considered various hybrid vehicle configurations, such

as engine/battery [50], fuel cell/battery [37], fuel cell/ultracapacitor [46], ultracapaci-

tor/battery [51], and engine/hydraulics [52]. These strategies are typically optimized

for objectives such as fuel consumption [37, 52, 45, 46, 43, 38, 39, 51, 41, 50], emissions

[53], drivabilitiy [54], and/or combined fuel/electricity consumption [55, 42]. For

PHEVs, several studies (e.g. [38]) have identified that the optimal strategy rations

battery charge such that it reaches the minimum value exactly when the trip ter-

minates. However, exact a priori knowledge of drive cycle behavior and length is

typically not available. Moreover, there has been no work performed on optimizing
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vehicle power management for battery health. In this dissertation, we shall consider

battery health as an objective and directly encode trip length distribution information

into the problem formulation.

1.2.3 Estimation Techniques for Li-ion Batteries

Although there have been few publications on controlling battery health degradation,

the concept of modeling battery degradation in terms of charge capacity fade and

increased internal resistance spawned a body of research known as state-of-health

(SOH) estimation. Although this dissertation does not explicitly make contributions

to SOH estimation, this body of literature is closely related and worth mentioning

vis-à-vis the work presented here.

Research on SOH estimation generally uses empirical equivalent circuit battery

cell models to estimate charge capacity and internal resistance. Various algorithms

have been investigated, including batch data reconciliation, moving-horizon parame-

ter estimation [56], recursive least squares [57], subspace parameter estimation [58],

slide-mode observers [59], impedance-based Kalman filters [60], and extended Kalman

filtering [61, 62, 63]. The key advantage of these equivalent circuit model-based

methods lie in their relatively low complexity. However, the state and parameter

values correspond to phenomenological effects as opposed to the true physical values.

Moreover, validation of these estimation algorithms is very difficult using in-situ

methods [64].

More recently electrochemical models have been utilized in estimation algorithms.

For example Smith et al. [65], Di Domenico et al. [66], and Klein et al. [67] respectively

used linear Kalman filters, extended Kalman filters, and PDE observers to estimate

the internal spatial-temporal states (i.e. Li-ion concentrations) of reduced order

electrochemical models derived from [33, 34]. These investigations do not estimate

SOH-related parameters. Combining state estimation with SOH-related parameter

estimation is a difficult task for two reasons. First, the electrochemical models have

10’s of parameters which relate directly to capacity and power fade. Secondly, these

parameters vary at significantly slower rates than the concentration dynamics. One

recently reported approach uses an Unscented Kalman filter (UKF) in combination

with least squares parameter identification [68]. Specifically, the UKF estimates the

concentration states and least squares is employed every five cycles to identify the

cathode porosity and electrolyte conductivity.

Tangent to model-based battery estimation is prognostics. These studies focus on
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predicting when a battery reaches its end-of-life, rather than identifying the exact SOH

parameter values. Some of the techniques employed for battery health prognostics

include particle filters [69, 70] and mechanical fatigue inspired-approaches [71, 72].

Nonetheless, none of these estimation or prognostic approaches seek to manage or at

least mitigate battery health degradation via electrochemical modeling and optimal

control.

Prior to this dissertation, fundamental battery research and optimal supervisory

control have been largely separate bodies of knowledge. Our focus is to investigate

the interaction between electrochemical physics and control systems. Yet, the fusion

of these two topics contains several technical challenges.

1.3 Technical Challenges

The design of optimal supervisory controllers for battery energy storage systems is

particularly challenging for the following reasons:

• The material properties, energy storage dynamics, health degradation mecha-

nisms, and operating scenarios can vary widely from one battery to another.

Therefore a fundamental framework for analyzing battery-health conscious power

management is required.

• The dynamics of electrochemical battery models are generally too complex for

control design. These challenges are underscored in the context of this disserta-

tion, which utilizes dynamic programming techniques that suffer from the “curse

of dimensionality”. Innovative model reduction, optimal control solution, and

validation approaches are required.

• The input signals are stochastic. That is, the load profiles (e.g. drive cycles,

charge/discharge cycles) are typically unknown a priori. However the statistics

of these inputs may be known. Therefore, new stochastic modeling and control

techniques are required.

• Optimal power management is, by itself, a non-trivial problem that requires the

solution of an optimal control problem with multiple inputs, stochastic dynamics,

state and control constraints, and multiple objectives. A fundamental framework

which considers all these features is required.
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1.4 New Contributions

The overarching goal of this dissertation is to link battery electrochemistry with

optimal supervisory control to enhance battery lifetime. This objective is comprised

of three categories of contributions to knowledge on battery systems and control for

energy systems:

Model Development of Battery-Electric Systems (Chapter 2)

• Integration of PHEV drivetrain and electrochemical battery models: A first-

principles partial differential algebraic equation based electrochemical model is

coupled together with PHEV drivetrain models, for the first time. (Sections 2.1

- 2.2)

• Model of power-split PHEV: An established power-split HEV model from Liu

[73] is augmented with a high-energy capacity Li-ion battery model, engine

start/stop dynamics, and higher accuracy actuator/state constraints. (Section

2.2)

• Markov chain model of drive cycle dynamics and daily trip length: Markov chain

models of drive cycles are not new [37, 73, 41, 48]. However, the direct incorpo-

ration of daily trip length distributions via an identified absorbing state in the

Markov chain is new. (Section 2.3)

Power Management via Stochastic Optimal Control (Chapter 3)

• An energy consumption cost objective: This objective function includes the mone-

tary cost of fuel and electricity, sourced from the gas pump and electric utility,

respectively. This objective represents the true utilization cost of a plug-in

hybrid electric vehicle. (Section 3.1)

• Numerical techniques for constrained SDP problems: Many past methods enforce

constraints through penalty functions [37, 73, 53] - a soft constraint method.

In this dissertation we calculate the sets of admissible controls offline. These

sets then become the admissible decision space over which optimization occurs

online. Hence the constraints are hard. (Section 3.1.2)
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• Integration of high fidelity and reduced battery models into SDP formulation, solu-

tion, and analysis: The full model is used for determining the sets of admissible

controls and evaluating the resulting controllers. The reduced model is used for

control optimization. This ensure the constraints of the full model are satisfied

while retaining the numerical tractability of dynamic programming. (Section

3.4)

• Analysis of optimal blending versus charge depletion-charge sustenance (CDCS):

This analysis reveals how a power-split architecture and charge depletion strategy

add an additional degree of freedom to regulate engine operation around its

most efficient region. (Section 3.2.2)

• Sensitivity to battery size, daily trip distance, and energy price : The sensitivity of

optimal blending performance is evaluated against varying model parameters

and input conditions. This analysis demonstrates when blending provides the

greatest and least performance improvement over CDCS. (Section 3.3)

• Battery-health conscious power management: This power management formula-

tion considers battery health with energy consumption cost, for the first time.

The example battery health metrics we analyzed include SEI layer growth and

charge processed. (Section 3.4 - 3.5)

• Relationships between optimal control and fundamental plant physics: Analysis

of the optimal control solutions reveals which physical plant properties enable

improved performance through control. Example include the analysis of opti-

mal blending (Section 3.2.2) and battery health conscious power management

(Section 3.4 - 3.5)

Health-Conscious Battery Charge Management (Chapter 4)

• Switching control paradigm for unequal charging of batteries connected in parallel:

Conventionally, all batteries connected in parallel are constrainted to equal

charge levels. This concept explores how unequal yet controlled charge levels

may improve battery pack life. (Chapter 4)

• Optimal control problem formulation including high fidelity and reduced order

battery models with degradation: The optimal switching sequence for health is
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determined via deterministic dynamic programming. Control optimization is

performed on a reduced degrading battery model (4.2), while control evaluation

is performed on a full order degrading battery model (Section 4.4.2).

• Relationships between optimal control and degradation mechanism properties: This

analysis reveals that unequal charge levels for batteries connected in parallel pro-

vide advantages when certain concavity features exist in the physical degradation

mechanisms. (Section 4.3.3)

• Extraction of state-feedback rules: Analysis of the optimal trajectories reveals

time-invariant patterns which are approximated by a “heuristic” state feedback

control algorithm. Similar ideas have been explored by Lin [37], Kum [53] and

their colleagues. (Section 4.3)

• Sensitivity to alternative degradation models: The robustness of these results

are evaluated against alternative degradation models taken from literature and

experimental data. (Section 4.4)

The research reported throughout this dissertation is based primarily on a series

of publications by the author and his colleagues [55, 42, 74, 75, 76, 77, 10, 78].

1.4.1 Impact on Related Efforts

In addition to the core contributions described above, the work presented in this

dissertation has had notable impact on several related efforts, which we list here.

Battery Experiments: A custom-built battery-in-the-loop test system was de-

veloped to identify the electrochemical model described in Chapter 2. This test

facility will also be utilized for future projects involving control system prototyping of

battery management systems. Appendix A contains a complete description of this

experimental rig and its components. This experimental effort also paved the way for

new multi-channel battery testing facilities and float charging equipment to obtain

data-driven models of health degradation.

Extremum Seeking Control of Alternative Energy Conversion Devices:

Extremum seeking (ES) deals with the problem of regulating a system to an unknown

optimal set-point, which may be time-varying [79]. This effort consists of developing

new theoretical advancements and applications of ES to fuel cell [80] and photovoltaic

systems [81].
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Vehicle-to-Grid Integration: The PHEV models and supervisory control algo-

rithms developed in Chapters 2 and 3, respectively, were utilized to develop optimal

grid-to-vehicle charging profiles [82] and predict PHEV-related power demand on the

grid [83]. This work forms the foundation for broader research questions on energy

management in smart-grid systems.

PDE Control: New theoretical developments in the area of PDE-based optimal

control and estimation are currently underway [84]. These theoretical developments

are motivated by the lack of control and estimation tools for the PDE-based battery

model described in Chapter 2.

Education on Battery Systems and Control: This dissertation has had a di-

rect impact on a new course developed at the University of Michigan entitled “Battery

Systems and Control.” The course disseminates knowledge gained from this research

to practicing engineers. Designing and delivering such a course is a unique opportu-

nity among doctoral students. A high-level description of this course is provided in

Appendix B, which is roughly based upon an education-focused publication by the

course instructors [85].

1.5 Dissertation Organization

This dissertation is organized as follows. Chapter 2 develops the mathematical models

for the electrochemical battery physics, PHEV powertrain, and drive cycle dynamics.

These models are used for control design in the subsequent two chapters. Chapter

3 investigates battery health conscious supervisory control algorithms for PHEVs.

Chapter 4 examines the potential of unequal charge levels in parallel-connected bat-

teries through optimal control. Finally Chapter 5 summarizes the main results of this

dissertation, its original contributions, and possible future research directions.
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Chapter 2

Model Development

This chapter introduces the physical dynamic system models used throughout this

dissertation. These include models of the lithium-ion battery concentration dynam-

ics, lithium-ion battery health degradation, plug-in hybrid electric vehicle (PHEV)

powertrain, and stochastic drive cycles.

2.1 Li-ion Batteries

In the following, we review the fundamentals of battery operation and provide an

overview of the important degradation mechanisms in Li-ion batteries. Next we develop

two types of battery cell models: electrochemical and equivalent circuit. Following

this discussion, we describe two battery health degradation models/metrics utilized

in the optimal control studies. Finally, we discuss the construction of battery pack

models from cells.

2.1.1 Battery Fundamentals

Jumping Frog Legs: A Brief History of the First Battery

The first battery cell was invented by Italian physicist Alessandro Volta in 1800 (see

Fig. 2.1). The so-called voltaic pile consisted of two metals in series, zinc and copper,

coupled by a sulphuric acid electrolyte. Volta was inspired to construct this system in

response to experiments performed by his colleague Luigi Galvani (Fig. 2.1), also an

Italian physicist. Galvani was interested in the interaction between electricity and

biological nervous systems. During his experiments, Galvani discovered that a dead

frog’s legs would kick to life when in contact with two dissimilar metals. Galvani called

this phenomenon “animal electricity” and theorized it resulted from an electrical fluid
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Figure 2.1 Alessandro Volta (left) [3] and Luigi Galvani (right) [4]. Volta is credited for
inventing the first battery cell, the voltaic pile, in an effort to further investigate Galvani’s
experimental findings in “animal electricity”. Both images are available to the public domain
from Wikimedia Commons.

within the nervous system. Volta, on the contrary, reasoned that this behavior was

caused by the different metals. The voltaic pile described above proved Volta’s theory

to be true.

Principles of Operation

A battery, put simply, converts chemical energy to and from electrical energy through

an oxidation-reduction (redox) reaction. It consists of two dissimilar metals (the

electrodes) connected by an electrolyte. The electrodes are electrically isolated from

one another via a separator. Hence, as the redox reactions occur, cations flow between

the electrodes through the electrolyte while electrons are forced through an external

electric circuit. This process is sometimes reversible when an external electric potential

is applied. This process is demonstrated by the zinc-copper Galvanic cell in Fig. 2.2.

Fundamentally, all electrochemical cells operate under this principle. The impor-

tant differences between types of battery cells relate to varying electrode and electrolyte

materials. Electrode and electrolyte materials are typically selected for their voltage,

charge capacity, conductivity, weight, cost, reactivity with other components, ease of

handling, ease of manufacturing, etc. [17]. For example, lithium-ion cells have become

very attractive in mobile applications [86, 19] because lithium is the lightest (6.94
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Figure 2.2 An example zinc-copper Galvanic (or Voltaic) cell demonstrating the principles
of operation for an electrochemical cell.

g/mol) and most electropositive (-3.01V vs. standard hydrogen electrode) metal in

the periodic table. Lead acid cells feature relatively heavy electrode materials (Pb

and PbO2), yet these cells can provide high surge currents and are cost effective. As

a final example, lithium-air batteries feature cathodes that couple electrochemically

with atmospheric oxygen, thus producing energy densities that rival gasoline fuel [87].

Overview of Degradation Mechanisms

In addition to the operating principles described above, batteries undergo various

degradation mechanisms that cause capacity and power fade. These mechanisms

include dendrite formation, electrode chemical and/or structural distortion, electrolyte

decomposition, and solid electrolyte interphase (SEI) layers. Excellent reviews of

these damage mechanisms and more are reported in [30, 31, 32]. Below we provide an

overview of the four mechanisms described above.

In lithium or lithium-ion batteries, dendrite formation refers to the uneven growth

of Li-metal, particularly in negative lithium or carbonaceous electrodes. These den-
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dritic structures can eventually pierce the separator material and cause a short-circuit.

Once this occurs, rapid overheating and possibly combustion ensues. Dendrites growth

can occur as a result of overcharging or rapid charging, where Li is deposited into

the dendritic structures as opposed to intercalating within the negative electrode

material [88]. Solutions to this problem generally include different electrode/electrolyte

combinations or coating the negative electrode [22].

The electrode material in either electrode may degrade chemically and/or struc-

turally for a number of reasons. For example, mechanical stress induced during

intercalation and deintercalation can produce distortions in the crystal structure [26].

To partially overcome this limitation LiFePO4 utilizes olivine structures over spinel

(in e.g. LiCoO2 and LiMnO2) which are generally more stable [20]. Another example

is that cyclable lithium ions may can be consumed by the formation of a resistive

surface layer through chemical decomposition. This manifests itself externally as both

capacity and power fade. This process could occur at the anode [30] or cathode [89],

depending on the electrode/electrolyte combination and operating conditions.

A third failure mechanism is electrolyte decomposition. Reduction of the electrolyte

material (particulary at the electrode surface) can consume salt and solvent species,

therefore impacting diffusion rates and conductivity [22]. Electrolyte reduction may

also produce gaseous products which increase internal pressure and ultimately cause

catastrophic failure [31]. As such, there exists ongoing investigations to find new

electrolyte materials, such as polymer electrolytes [21] or vinylene carbonate additives

[90].

The fourth failure mechanism involves the SEI layer. Several experimental studies

have identified lithium-consuming SEI as an important mechanism for capacity fade for

cells with LiFePO4 cathodes and carbon anodes. These studies include ex-situ analyses

[91, 92], in-situ analyses [93, 94], and cell design modifications that mitigate SEI layer

growth [95, 90, 96]. For example, Amine et al. reported on a series of electrochemical

impedance spectroscopy (EIS), Raman, and transmission electron microscopy (TEM)

tests were carried out on pouch-type LiFePO4-graphite cells following cycling [95].

These tests identified an increased SEI layer on the graphite anode via EIS testing.

For an excellent review EIS for determination of SOC and SOH, see Huet [97]. After

50 cycles at an elevated temperature of 55◦C, the anode contributes nearly 90% of

the total cell impedance. More specifically, the semi-circular portion of the EIS curve

increased most notably. The frequency range of this semi-circle corresponds directly

with the charge-transfer dynamics associated with the resistive SEI film. An example

of this behavior is illustrated in Fig. 2.3. After cycling, the cell was disassembled
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(a)
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(c)

OCV-R

OCV-R-RC

Impedance

Figure B.3 Various equivalent circuit models: (a) OCV-R, (b) OCV-R-RC, (c) Impedance-
based.

chemistries.

B.2.2 Physics-Based Models

Mathematical models of electrochemical propulsion devices span a spectrum - from

high-fidelity physics-based models to simplified phenomenological models. The ap-

propriate balance between model accuracy and simplicity depends on the specific
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modeling objective. For example, if one desires to design improved material structural

properties for a battery or fuel cell electrode, it may be important to account for

particle-level mechanical stresses and electrochemical kinetics. However, if the aim

is to analyze life cycle carbon footprints, then a relatively simple phenomenological

model may suffice.

In the introductory material, we introduced equivalent circuit models which are

phenomenological in nature. In this chapter, we focus on physics-based models.

This material is strongly based upon Section 2.1 of this dissertation. Specifically,

we discuss how material properties can be used to calculate theoretic cell voltage,

charge capacities, and energy densities. Next we focus on deriving the Butler-Volmer

equation through the fundamental kinetic principles of reduction-oxidation reactions.

The next topic covers diffusion, in both spherical and Cartesian coordinates, and

electric potential manifested by distributed form versions of Ohm’s law. To unify these

principles, we demonstrate how all these phenomena integrate to form a complete

electrochemical battery model.

In total the physics-based battery model is a coupled set of partial differential

algebraic equations, where the controllable inputs and measurable outputs are rep-

resented by boundary conditions. This model is well-suited toward high accuracy

simulation and validation. However, this model is not easily implementable on a

real-time on-board electronic control unit for automotive applications. As such, we

introduce the students to approximation methods that preserve important system

dynamics while eliminating unnecessary complexity within the context of the control

objective. This process, known as model reduction, is fundamental to almost all

practical system-level modeling and control problems.

Several battery model reduction techniques are discussed in the class, including

the single particle model [163], Padé approximations, constraint linearization [180],

and projections onto Legendre polynomials. For several assignments we consider

the following example: Suppose our battery system does not experience extreme

charge/discharge loads such that the concentration distributions along the length of

the electrodes and separator remain fairly constant. In this case, it may be reasonable

to approximate the spatial distributions by their average values. This produces the

so-called single particle model shown schematically in Fig. B.4. The reduced model

equations that result after applying this concept produce a state-space system with

linear dynamics and a nonlinear output equation. The linear dynamics correspond

to spherical diffusion in the solid material of the electrodes. The output equation

computes cell voltage, which is nonlinear due to the thermodynamic and kinetic
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Figure B.4 Conceptual description of the single particle model, which approximates each
electrode as a single porous particle immersed in a zero-dimensional electrolyte.

properties of the battery. The structure of this reduced model is extremely appealing

for control applications, rendering it amenable to a vast range of control and estimator

design techniques. In Section B.3 we describe how students utilize this model to design

a Kalman filter for SOC estimation.

B.2.3 Battery Management Systems

This chapter focuses on cell and pack-level control systems. These control systems

include state of charge estimation, state of health estimation, charge balancing, and

thermal management. During the lectures we introduce the problem background and

fundamental tools required to design each control system. Students then apply this

knowledge in the homework assignments. The results of Chapter 4 provide a portion

of this section’s content.

The state of charge estimation problem is introduced and contextualized against

various applications (e.g. hybrid vehicles, plug-in vehicles, space vehicles, etc.). We

discuss the various categories of estimation methods, including coulomb counting, volt-

age inversion, impedance measurements, and Kalman filters. In particular, we focus

attention to Kalman filter estimation theory and its application to the single particle

model discussed above. Homework problems are assigned to progressively build the

single particle SOC estimation scheme and explore Kalman filters, as described in

Section B.3.

Next we cover state of health (SOH) estimation. First, we provide an overview
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of the salient degradation mechanisms in Li-ion batteries. Then we formulate the

SOH estimation problem as a parameter identification problem. That is, we postulate

that parameters within equivalent circuit models change slowly over time. Our goal is

to identify those parameter values from measurement data using, for example, least

squares identification.

The next topic is charge balancing. Charge balancing is motivated by the desire

to ensure individual cells connected in series do not over-charge or over-discharge.

This situation arises when one can only afford to monitor and control groups of cells,

as opposed to each individual cell. Moreover, the characteristic behavior may vary

slightly from cell to cell. This is especially true for high energy capacity battery

packs which can contain thousands of cells. As such, we introduce passive balancing

techniques (e.g. shunt-resistors or switched capacitors) and active balancing techniques

(e.g. SOC-polling or power electronics). To demonstrate these methods, an example

homework problem is included in Section B.3. We also discuss the charge balancing

concept from Chapter 4 of this dissertation.

The final section of this chapter discusses thermal modeling and management of

batteries. Thermal management is a critical challenge for vehicular battery systems

for several reasons. First, vehicles may encounter a wide range of environments, from

the freezing temperatures of Oslo, Norway to the scorching hot desert regions in the

Middle East. Second, the high charge/discharge rates and tight packaging associated

with vehicle systems can produce elevated temperature levels. Third, temperature has

a direct impact on health degradation and efficiency. Motivated by these challenges,

we introduce the students to lumped thermal models of individual cells. These models

are identified through least squares identification techniques. To close this chapter we

provide an overview of the various thermal management actuation methods and how

they scale from cells to packs.

B.2.4 Vehicle Power Management

The final chapter discusses vehicle power management. This chapter demonstrates how

battery systems integrate within vehicle powertrains. First we review various hybrid

and electric architectures. These include series, parallel, and power-split hybrids.

We also discuss the power electronics and electric motor topologies typically used in

electrified vehicles. Next we discuss hybrid vehicle power management, which seeks

to design control systems which manage the power split between batteries and other

power sources (e.g. IC engine, fuel cell, ultracapacitor). This component is strongly
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Figure B.5 Block diagram of SOC estimation scheme using the single particle model and
a Kalman filter.

based upon the models, problem formulation, and results described in Chapters 2

and 3 of this dissertation. The final topic covers the interaction between electrified

transportation and power grids. Specifically, we discuss consumer-side charge tra-

jectory optimization and power demand prediction for grid-connected PHEVs. The

PHEV/grid interaction material is also based upon an outgrowth of research from this

dissertation [82, 83].

B.3 Example Assignments

This section describes several homework problems which exercise the fundamental tools

developed in lecture. These assignments are the mechanism by which we execute the

third step of our pedagogical philosophy: exercise fundamental tools on application

relevant problems. In this appendix we describe the SOC estimation and charge

balancing problems.

B.3.1 The SOC Estimation Problem

In the battery course the students are instructed to solve the most prominent battery

estimation problem - SOC estimation. In many battery powered systems (e.g. laptops,
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electronic portable devices, and electric vehicles) one typically desires to know the

battery SOC level, which represents the remaining available energy. Unfortunately,

it is often impractical to implement sensors that directly measure the lithium-ion

concentration in the solid material of the electrodes. We do, however, typically have

access to voltage and current measurements. These measurements in combination

with a control-oriented battery cell model allow us to dynamically estimate SOC [163].

A block diagram of the estimation scheme is provided in Fig. B.5.

In this assignment the students apply a linearized version of the single particle

model described in section B.2.2 with a Kalman filter to estimate battery SOC. The

students then learn how Kalman filters can be tuned to tradeoff sensor noise with

modeling errors by injecting Gaussian noise into the measured signals and applying

incorrect initial conditions to the estimator. Consequently, the students learn about

Kalman filtering theory while simultaneously solving a very practical battery systems

problem using physical models developed in class.

B.3.2 The Charge Balancing Problem

A second battery systems and control problem relevant for vehicle applications is

charge balancing. This problem is motivated by the fact that cells connected in series

within battery packs may have unequal charge levels. This situation is problematic

because individual cells can be inadvertently overcharged or over-discharged because

the battery management system considers total battery pack voltage without knowl-

edge of individual cell voltage. The end result is accelerated battery pack degradation

and possibly catastrophic thermal runaway. This situation can be mitigated via a

charge balancing scheme. A survey of such schemes can be found in [101].

In this assignment the students design and simulate a battery management system

that utilizes shunt resistors to balance the voltage levels of two unbalanced cells

connected in series. A schematic of the balancing scheme is shown in Fig. B.6.

The students are instructed to use their creativity to design logic that compares

the individual voltage levels to actuate the switches in a manner that equalizes cell

voltage. Moreover, they are free to design the resistance value of the shunt resistors.

They use simulation results and mathematical arguments to analyze how the shunt

resistor method suffers from an inherent tradeoff between equalization time and power

efficiency. Finally, they discover how voltage balancing does not necessarily balance

SOC, motivating the application of SOC balancing schemes [181].
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Figure B.6 Circuit diagram of shunt resistor equalization circuit.

B.4 Conclusion

This appendix describes a newly developed course on battery systems and control

which has been directly impacted by the present dissertation. Like this dissertation,

the course is focused on system-level modeling, design, and control. The objective of

this courses is to educate a new generation of engineers capable of developing advanced

sustainable transportation systems powered by batteries.

For the first two offerings topics were covered in a conceptual manner. However, we

recognize that student engagement thrives on application case studies and hardware

experiments. In future terms we will add laboratory components to each course.

This equipment will be shared for instruction across multiple courses and research

across multiple teams/departments, thus financially benefiting from high-throughput.

Images of this equipment are provided in Fig. 2.7 and 2.8 of Section 2.1.3. We

envision that the students will solve homework problems via analysis and simulation

first, then apply their designs to the laboratory battery test system. Pedagogically,

these enhancements will marry conceptual analysis with hardware implementation

- effectively increasing the impact and accessibility of each course. Through these

efforts we anticipate a profound impact on job creation in sustainable transportation

systems through education.
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Figure B.7 ABET Course Profile
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Appendix C

Nomenclature

Symbol Description Units

Afr Effective frontal area of vehicle [m2]

a Vehicle acceleration [m/s2]

an Specific surface area of anode [m2/m3]

Cd Aerodynamic drag coefficient [-]

c(·, ·) Instantaneous cost function

F Faraday’s constant [C/mol]

Fg Planetary gear force [N]

I Current through each cell [A]

Ie Engine inertia [kg·m2]

IM/G1 Motor/generator 1 inertia [kg·m2]

IM/G2 Motor/generator 2 inertia [kg·m2]

Iw Wheel inertia [kg·m2]

i0 Battery pack current [A]

i0,s Exchange current density for side reaction [A/m2]

i1, i2 Cell current [A]

Jg Optimal cost for control policy g [-]

Js Current density of side reaction [A/m3]

K Final drive ratio [-]

MP Molecular weight of product from side reaction [mol/kg]

m Vehicle mass [kg]

np Number of parallel strings of cells [-]

ns Number of cells in series per string [-]

Pbatt Power transfer from battery pack [W]

Qbatt Battery pack charge capacity [A·s]
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Symbol Description Units

R Number of teeth on ring gear [-]

Rgas Universal gas constant [J/K/mol]

Rbatt Internal resistance of battery pack [Ω]

RSEI Resistance of solid electrolyte interphase (SEI) layer [Ω/m2]

Rtire Tire radius [m]

S Number of teeth on sun gear [-]

SOC Battery state of charge [-]

Te Engine torque [N·m]

TM/G1 Motor/generator 1 torque [N·m]

TM/G2 Motor/generator 2 torque [N·m]

Us,ref Equilibrium potential of side reaction [V]

U(x) Admissible set of controls

Vcell Voltage of individual battery cell [V]

Voc Battery pack open circuit voltage [V]

v Vehicle speed [m/s]

Wfuel Mass flow rate of fuel [g/s]

X Admissible set of states

x Spatial coordinate across cell [m/m]

α Linear objective weight [-]

β Energy price ratio [USD/USD]

(δfilm) δfilm (Spatially averaged) anode-side resistive film

thickness

[pm/m2]

ηgrid Grid-to-PHEV charging efficiency [-]

ηM/G1 Motor/generator 1 power efficiency [-]

ηM/G2 Motor/generator 2 power efficiency [-]

ηs Over potential driving side reaction [V]

κP Conductivity of electrolyte [1/m/Ω]

µroll Rolling friction coefficient [-]

ρ Air density [kg/m3]

ρP Side reaction product density [kg/m2]

φ1, φ2 Solid, electrolyte potential [V]

ωe Engine crankshaft speed [rad/s]

ωM/G1 Motor/generator 1 speed [rad/s]

ωM/G2 Motor/generator 2 speed [rad/s]
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Appendix D

Model Parameters

D.1 PHEV Model

The engine fuel rate, W (Te, ωe), in terms of g/s are provided in Fig D.1 as a function

of engine torque and speed. Figures D.2 and D.3 show the power efficiency contours

of M/G1 and M/G2 respectively as functions of torque and speed. In both plots

the dotted lines indicate torque limits as functions of speed. These constraints are

implemented as described in Section 3.1.2. These empirical models are adapted from

Argonne National Laboratory’s PSAT software program [9].
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Figure D.1 Empirical model of engine fuel rate versus engine speed and torque from
PSAT [9]
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Figure D.2 Empirical model of M/G1 (a.k.a. “generator”) power efficiency versus speed
and torque from PSAT [9]
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Figure D.3 Empirical model of M/G2 (a.k.a. “motor”) power efficiency versus speed and
torque from PSAT [9]
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D.2 Equilibrium Potentials of Battery Electrodes

Section 2.1.2 describes the electrochemical battery model, in which the term Uref,j(θj)

appears in the overpotential equation (2.18). This term represents the equilibrium

potential of each electrode (j ∈ {n, p} corresponds to the negative and positive elec-

trodes, respectively) as a function of that electrode’s bulk SOC, θj . These equilibrium

potential functions were identified from the genetic parameter identification procedure

described in [10] and are provided in Fig. D.4.
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Figure D.4 Equilibrium potentials of the (a) anode and (b) cathode as identified from
the genetic parameter identification procedure in [10].
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D.3 SEI Growth Model Parameters

Table D.1 provides parameter values for each SEI growth model analyzed in the

sensitivity analysis of Section 4.4.5. The first column of parameters shown in Table

D.1 are adopted from [7]. The second column of parameters have been identified to

produce capacity fade trends that match the manufacturer’s cycling and storage data

[150].

Table D.1 SEI Growth Model Parameters for Sensitivity Analysis in Section 4.4.5

Values for map depicted in
Symbol Fig. 2.6 & 4.10(a) Fig. 4.10(b)

i0,s 1.5× 10−6 A/m2 4× 10−8 A/m2

MP 73000 mol/kg 73000 mol/kg
RSEI 7.4 mΩ·m2 7.4 mΩ·m2

Us,ref 0.4 V 0.4 V
κP 1 (m·Ω)−1 1 (m·Ω)−1

ρP 2100 kg/m2 2100 kg/m2

Uref,n(θn) Adopted from [7] Adopted from [150]
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Appendix E

Distribution Convergence via the
Central Limit Theorem

The simulation method in Section 3.3 calculates the PHEV performance characteristics

across a number of randomly generated drive cycles. The stopping criterion in this

appendix seeks to answer the question: how many drive cycles are necessary to ensure

the distribution of simulated PHEV performance characteristics has converged to the

true distribution? Specifically, we seek convergence for the trip cost distribution. The

central limit theorem (CLT) allows us to approximate how many iterations n we must

simulate the study (see Section 3.3) in order that the sample mean is within a fraction

a of the population mean with probability of at least b [182]. Mathematically, the

main result is provided by the following proposition:

Proposition 2. Suppose Ci is a random variable representing the trip cost for the

ith drive cycle simulation. Furthermore, suppose that the Ci’s are independently and

identically distributed with mean E[C] and standard deviation std(C) for the true

population. Then the number of iterations n for which

Pr

(∣∣∣∣ 1
n

∑n
i=1Ci − E[C]

E[C]

∣∣∣∣ ≤ a

)
≥ b (E.1)

is satisfied is given by:

n ≥
[

std(C)

E[C]a
Φ−1

(
b+ 1

2

)]2

(E.2)

Proof. Let us attempt to re-write the left hand side of (E.1) to represent a random

variable with zero mean and unit variance, which will satisfy the key hypothesis of
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the CLT. This can be accomplished through the following algebraic manipulations:

Pr

(
−a ≤

1
n

∑n
i=1Ci − E[C]

E[C]
≤ a

)
≥ b (E.3)

Pr

(
−anE[C] + nE[C] ≤

n∑
i=1

Ci ≤ anE[C] + nE[C]

)
≥ b (E.4)

Pr

(
−anE[C] ≤

n∑
i=1

(Ci − E[C]) ≤ anE[C]

)
≥ b (E.5)

Pr

(
−anE[C]

std(C)
≤

n∑
i=1

(
Ci − E[C]

std(C)

)
≤ anE[C]

std(C)

)
≥ b (E.6)

Pr

(
−aE[C]√
nstd(C)

≤ 1√
n

n∑
i=1

(
Ci − E[C]

std(C)

)
≤ aE[C]√

nstd(C)

)
≥ b (E.7)

Let us define the random variable in the center of the inequality to be equal to Yn,

which has zero mean and unit variance for all values of n.

Pr

(
−aE[C]√
nstd(C)

≤ Yn ≤
aE[C]√
nstd(C)

)
≥ b (E.8)

The CLT states limn→∞ FYn(y) = Φ(y), where Φ denotes the cdf of a zero mean, unit

variance normal distribution. Therefore, we may approximate the left hand side of

(E.8) by:

2Φ

(
aE[C]√
nstd(C)

)
− 1 ≥ b (E.9)

which uses the property of normal cdf’s Pr(−α ≤ Yn ≤ α) = 2Φ(α) − 1, for some

α ∈ R. Solving for n allows us to arrive at the following criterion:

n ≥
[

std(C)

E[C]a
Φ−1

(
b+ 1

2

)]2

(E.10)

where Φ−1 is the inverse of the zero-mean, unit variance normal cumulative distribution

function.

The exact derivation of (E.10) requires knowledge of the population’s mean E[C]

and standard deviation std(C) beforehand. However we approximate these values

by the sample mean and sample standard deviation since we do not know the true

population metrics exactly. In practice, we run 100 simulations before computing

the stopping condition (E.10) in order to obtain a reasonably accurate estimate and

avoid premature termination. The stopping criterion parameters used in this study
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are a = 0.05 and b = 0.95.
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