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Abstract

With the proliferation of batteries in transportation, mobile devices and, more re-
cently, large scale energy storage, the demand for new efficient and safe algorithms for
battery management has surged. More complex chemistry cells, such as lithium-ion
batteries, with their sensitivity to mishandling, misuse and defects as is evident with
recent device recalls due to fires, have historically been treated more conservatively.
Maximizing performance of these cells safely requires knowledge of internal variables
of interest which are not directly measurable. Therefore, accurate models which esti-
mate these variables are needed. The focus of this thesis will be on a modified Single
Particle Model (SPM), specifically its internal state estimates. Unfortunately, while
the model structure is known, internal parameters which specify it are not, hence,
state estimation alone is not enough. This motivates simultaneous state estimation
and parameter identification of the electrochemical model. Existing solutions to this
task are minimal in the literature. Hence this thesis.

This thesis enumerates multiple developments in electrochemical modeling and
adaptive observers in general. The first and fundamental component is a modi-
fication of the SPM with attractive features such as the encapsulation of lithium
diffusion as a linear dynamical system independent of nonlinearities and decoupling
of the nonlinear relationships defining the kinetic properties of lithium ion trans-
fer and open circuit potential respectively. A second development defines a set of
guidelines reducing the design parameters for adaptive observers to a single tuning
parameter, enabling rapid implementation and prototyping. Third, a new variant of
adaptive observer, using multiple simultaneous equivalent system representations, is
derived for fast parameter convergence. A novel selection of observer design variables
and augmentation of the underlying equivalent system with nonlinear basis functions
constitutes a fourth development extensively validated through numerical simulation
and theory. This adaptive observer combined with an independent offline algorithm



to update effective electrode capacity and available lithium adapts every parameter
of the modified SP model to account for aging or manufacturing differences. Valida-
tion of this observer in hardware using commercially available Panasonic 18650 cells
completes the goals originally set forth for this research.

The developments presented pave the way for fast, computationally efficient,
advanced battery management systems with the potential to increase the effective
capacity of a battery or alternatively reduce the size, and therefore cost, of batteries
in various applications.

Thesis Supervisor: Anuradha M. Annaswamy
Title: Senior Research Scientist
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Chapter 1

Introduction

With the proliferation of batteries in transportation, mobile devices and energy stor-
age, research for the safe and efficient use of various chemistry based cells has erupted.
There are two major fronts to this eruption, the first approaching from a material
science perspective, and the second from control engineers. Material science research
is continuously investigating and producing new cell designs using alternative chem-
istry electrodes or electrolytes. While control engineers have the task of enabling safe
and efficient use of batteries with these advanced chemistries, such as those based on
lithium ion transfer. To accomplish this task both the State of Charge (SoC) and the
State of Health (SoH) within a battery pack must be known. SoC is the equivalent
of a fuel gauge for the battery pack in electric devices. It is a relative measurement
ranging from 0% at ‘empty’ to 100% when ‘fully’ charged. However, ‘empty’ and
‘full’ are dependent on the battery’s total capacity, a metric of the State of Health
(SoH) which also must be known to guarantee safety, durability and performance.
SoH encapsulates a number of metrics, usually providing a measure of the battery’s
condition relative to its designed specifications. Historically, the knowledge of these

variables of interest has been only moderately accurate, which allows only moderate
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18 Chapter 1. Introduction

performance and requires conservative use. To obtain the most out of more ad-
vanced chemistry cells, such as lithium ion, more accurate battery SoC estimation
algorithms are of extreme importance. [14,62]

Together, algorithms for determining SoC and SoH and their associated hardware
are part of the battery management system (BMS). Throughout the past decade
there have been a multitude of applications inspiring research using various mathe-
matical models and algorithms. In relation to this work it is helpful to break down
the existing literature on BMS development into categories based on the mathemat-
ical battery model used. There are three main categories which we will define. The
first are equivalent circuit models (ECM), these were the first to be widely used
and offer a model which is simple in structure, modular and expandable for higher
accuracy. These are built upon linear dynamics. Notable work using these models
are [1,23,45,62]. Although ECMs offer simple and linear structure, to obtain a high
level of accuracy a large number of states is required which yields a system which is
not relatively complex, but cumbersome and unattractive computationally.

The second category of models are electrochemical models, including that of
Doyle, Fuller and Newman (DFN) [14]. Not only are these more accurate than ECM
but also have physically relevant parameters. This makes the SoH task with a BMS
more natural. Although the most accurate, these electrochemical models are also
the most unwieldily, relying on chemical properties and phenomena most accurately
described by partial differential equations, in addition to algebraic relationships and
static nonlinearities. For this reason, these models are rarely if ever considered for
use in actual applications.

Models from a third category, which is a subset of electrochemical models are
gaining popularity. This third category includes simplified electrochemical models
such as the Single Particle Model (SP model) [10] and recent extensions including

electrolyte dynamics [35] and thermal dynamics [20] have been explored as of late.
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The reduced electrochemical models of the third category offer a balance of model
simplicity and accuracy while retaining physical significance of parameters. This
makes them attractive for BMS applications. To attain the accuracy desired in
both SoC and SoH determination, we not only need access to models which are
accurate in form, we need algorithms that can track the states, and update the
parameters within these models to account for upfront manufacturer deviations, and
aging and abuse over time. Although reduced electrochemical models such as the
SP model are not as complex as DFN, these models are still composed of dynamics
best described by partial differential equations and algebraic constraints. For this
reason, the full SP model does not lend itself well to many robust linear observation
and system identification tools. For this reason, the focus of this paper is specifically
on a modification of the SP model, notably with diffusion processes described by
linear ordinary differential equations. If the model is assumed to be fully known,
the internal states such as the SoC could be adequately determined using a state
observer, however, this assumption is not valid. The model form is assumed to be
known, but the parameters which specify it cannot be, hence, an adaptive observer
is desired to simultaneously identify the model parameters and estimate the internal
states. To account for modeling errors and ensure parameter estimates are as current
as possible a type of fast adaptive observer is implemented to ensure the safety of the
cell during rapidly changing operating conditions or abusive operating conditions.

Previous approaches to the BMS task can generally be broken into three cat-
egories. Methods which attempt to estimate SoC alone, methods which attempt
to estimate SoH alone and the third group of algorithms which attempts to per-
form these SoC and SoH estimations simultaneously. This third category is where,
adaptive observers, the algorithms of this thesis fall.

SoC estimation has been approached a number of different ways both in labora-

tory settings and in applications. Estimating SoC without destruction of the battery
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or disconnecting from a load/source is quite challenging. The most reliable method
of determining SoC is a discharge test, however, this results in a fully discharged cell
and capacity is only determined after the fact. [30] Thus, this is not a reasonable
method for on-line estimation. The most general and simple method is integrating
the input current to the cell, or the so-called coulomb counting method. This results
in SoC = S0Co — Garaeiiy j:; I(r)dr, where SoCy is the state of charge at tq. Two crit-
ical issues arise with this approach. First, the initial SoCy must be known precisely,
and this is not easily achieved. Secondly, sensor bias can quickly result in drift of
the SoC estimate. A third method does not require any past history of signals, but
relies on adequate resting after which there is a 1 — 1 correspondence between the
cell voltage and SoC. This long resting time makes this method poor in application
but could be combined with coulomb counting to provide an accurate SoCy if at &
the cell has been resting for a sufficient length of time. Unfortunately, this rest can
take upwards of several hours [58] for certain chemistry lithium ion cells. Inversion
of the 1-1 relationship between the open circuit potential and the state of charge is
a fundamental component of nearly all SoC estimation algorithms. The resting re-
quirement for open circuit inversion can be eliminated if a battery model can provide
the open circuit voltage estimate regardless of the operating condition. This is the
category of SoC estimation which this thesis falls. This method works well for on-line
SoC estimation, but the estimate precision is only as good as the model and OCP-
SOC mapping precision. Other black box approaches have been proposed [8,11,52]
but rely on experimentally training using physical cells. These algorithms are not
transparent in their estimation process, and may exhibit questionable performance
outside of the trained operating region. Fusion of multiple algorithms previously
mentioned is common, often using algorithms such as the Kalman Filter or Sliding

mode observers.

Estimation of the SoH is determined using one of two overarching methods.
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Either model-based open loop estimation or closed-loop parameter identification.
Open-loop directly predicts SoH metrics such as loss of lithium, loss of active elec-
trode material or internal resistance using the age of the cell, the number of cy-
cles the cell has been used and the depth of discharges, among other quantities.
[6,16,17,30, 34,48, 53,59] These are highly dependent of the accuracy of the aging
models and can not account for unforeseen side reactions or operating conditions,
as well as environmental situations encountered while the battery management sys-
tem was not active. Closed-loop methods are much more powerful and are either
performed on-line or off-line. The most common of which involve augmentation of a
SoC estimator’s state with the parameters expected to change. [18,19,30,44,47,57|
Although this augmentation approach has been shown to work in numerous other
applications, it violates the assumptions of the original estimators. Less ad-hoc meth-
ods such as recursive least squares and adaptive observers have also been attempted.
However, often unmeasurable signals are assumed to be known or signals are differ-
entiated resulting in algorithms which are not realistically implementable. [12,13]

We take a distinct approach from others which have appeared in the literature
and break apart the complex differential equations of the SP model into manageable
blocks of both linear dynamics and static nonlinearities. By doing so tools such
as fast Matrix Regressor Adaptive Observers (MR-AOs) [22] and other well known
system identification techniques [28] can be combined to accurately estimate both
the state of charge of the cell as well as internal parameters representative of the
SoH of the cell.

The adaptive observer proposed is an algorithm which simultaneously identifies
the parameters and estimates the states of a system. In the late 1960’s and early
1970’s considerable work was done to develop adaptive observers that guaranteed
global stability [7,26,28,31,32] for linear systems. These observers were also shown to

be uniformly asymptotically stable under conditions of persistent excitation (PE) on
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the underlying regressor vector. This in turn was shown to be feasible if the external
input into the observer contained sufficient frequency content [3,40, 50]. Later a
number of authors introduced modifications to these original algorithms to provide
‘arbitrarily fast’ convergence of the errors under the same PE conditions [24, 25,42,
43|. These methods introduced a matrix of regressors or past regressor information,
rather than simply a single regressor vector. This eliminated the hyperplane within
the error state space on which slow convergence can occur, a characteristic exhibited
by vector regressor based adaptive observers. A strict limitation still existed, in
that these Matrix regressor adaptive observers still could only be used on linear
time invariant systems with measured output and input. This thesis will attempt to

overcome this limitation.

1.1 Thesis Overview

The first contribution of this thesis is the modified SP model presented in Chapter
2. This chapter begins with an overview of existing battery models and a descrip-
tion of the underlying partial differential equation based cell model whose coarse
discretization results in a single particle model. The key contribution here are two
alterations to existing SP models justified by experimental results, existing literature
and an observability analysis. These alterations decouple the nonlinearities in the SP
model and enable the use of a modified adaptive observer, whose use was previously
restricted to linear systems.

Chapter 3 begins with the introduction of an adaptive observer, referred to here
as a vector regressor based adaptive observer (VR-AQ). Following the description of
the AO algorithm, a set of guidelines for designing adaptive observers is presented, a
contribution of this research. Notably, these guidelines reduce the number of design

parameters for a n'th order system from 4n? +n to a pair of tuning parameters. Ex-
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ceptionally slow convergence of VR-AOs are greatly improved using these guidelines.
To increase the performance further, two matrix regressor adaptive observers (MR-
AQs) are presented, the first of which appeared in literature previously, the second
of which is the third contribution of this research resulting in a fundamentally new
type of MR-AO for fast parameter convergence.

A fourth contribution of this thesis is the modification of MR-AOQOs for use with
the SP model derived in Chapter 2. The modifications involve a new methodology
of creating additional regressors which make up the full matrix of regressors. This
effectively generates regressors which contain predominantly high frequency content,
these can then be used to estimate feedthrough parameters nearly independent of any
unknown lower frequency dynamics. This ability to identify parameters associated
with strictly high frequency signal content allows the synthesis of an internal signal
otherwise unavailable for use in generating nonminimal system states.

In Chapter 5, a fifth contribution is presented, this algorithm estimates the pa-
rameters associated with the equilibrium open circuit potential. This can be accom-
plished using a large class of inputs which are likely to occur during normal use of
many electrical products such as electric vehicles or power tools. This procedure
involves the generation of a feature set providing conservative estimates of unavail-
able signals which are required to effectively determine these parameters of interest.
The key parameters estimated by this algorithm are the effective volume of each
electrode and the total available lithium within the system, which correspond to two
SoH metrics, loss of active electrode and loss of lithium respectively. Following this
OCP parameter estimation, the final contribution of this research is validation of the
modified MR-AO on a physical cell. Using a specifically formulated excitation signal,
with high signal strength and the ability to identify nonlinearities, 18650 cells are
cycled generating rich datasets for testing of BMS algorithms. The OCP calibration

algorithm also provides accurate state of charge signals for every experiment, which
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are used to validate the MR-AQO.



Chapter 2

Electrochemical Battery Modeling

for Observer Design

Contents
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There are many compelling reasons to use an electrochemical model for repre-

senting Lithium-Ion cells. Perhaps most importantly, using a electrochemical model

inherently results in a clear correlation between the model parameters and key phys-

ically representative parameters of the actual cell. These physical parameters are

25



26 Chapter 2. Electrochemical Battery Modeling for Observer Design

often used as metrics of the State of Health (SOH). Secondly, the states which are to
be monitored and controlled for fast charging and deep discharging are internal states
of the electrochemical model. When black or grey box representations are used we
may loose the ability to observe these specific internal states of the system. Lastly,
for parameter adaptation, with only input current and output voltage measurements
available for such a complex system, we would like to leverage all the physically
and chemically relevant information possible about the cell. This is accomplished by
using a model structure which uses a minimal number of parameters for the system
description.

Primarily, models are developed and derived with a goal of cell optimization or
simulation. Due to this, complexity is usually not the largest concern when these
models are developed. However, for observation and control a compromise between
model accuracy and model complexity must be made. The model developed here is
designed to be simple but also modular in order to allow the use of more complex
blocks to replace the modeling of particular chemical phenomena. This may be
desired when more demanding applications are encountered or new chemistries are
developed. Trade-off between model accuracy and model complexity is not only to
achieve a model which can be numerically evaluated in at least real-time, but also,
of particular importance in context of adaptive observers is a model with a number
of parameters which is low enough to be uniquely determined with the excitation
experienced under normal operation.

In the devevlopment of the model within this chapter we begin with the Doyle-
Fuller-Newman (DFN) model [14,55] which is the most accessible to the public and
widely accepted as an accurate mathematical representation of lithium ion batteries
over a wide range of operating conditions. When used in applications the underlying
partial differential equations (PDEs) of this model are discretized to achieve varying

levels of fidelity for the purpose of analysis or within an observer. Within this chapter
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we will describe the full DFN model and its most coarse discretization commonly
referred to as the Single Particle Model (SPM or SP model). We take this model one
step further, similar to [51,54] arriving at a model composed of diffusion described
by ordinary differential equations (ODEs) and static nonlinearities representing the
Butler Volmer kinetics and the open-circuit potential. The Butler Volmer kinetics
describe the equilibrium current from a specific load, it can be thought of as a
combination of Kirkoffs voltage law and Ohm’s law. The open-circuit potential
represents the equilibrium electrochemical potential between the cell’s electrodes as
a function of the lithium concentration within each electrode’s solid matrix.

Batteries are a store of chemical energy providing electrical energy to a load or
storing electrical energy from a source via a redox reaction. A battery can consist of
a number of electrochemical cells. For example, a standard AA battery is one cell,
a 9-volt battery is made up of 6 small cells within an outer metal canister, and a
typical electric car battery consists of between a dozen and thousands of individual
cells. Each cell is composed of two half-cells connected internally by a flow of ions
through an electrically insulating separator. Each half cell includes electrolyte and
either the positive or negative electrodes. During charging, cations are reduced
(addition of electrons) at the cathode and anions are oxidized (removal of electrons)
at the anode. During discharge the process is reversed and the half cells switch
processes. We define the negative and positive electrodes to remain consistent but
their alternative designations as anode and cathode switch depending on if the cell
is being discharged or charged.

Each of these half-cells can be modeled as a continuum of material with interstitial
sites for lithium to bond. Physically cells are composed of a sandwich of current
collector, electrode and electrolyte, separator, electrode and electrolyte and another
current collector (Figure 2-1). The sheets of this sandwich are very thin compared

to their other dimensions motivating the reduction of the underlying dynamics to
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Positive
terminal

Negative electrode

Separator
7

Negative terminal  Positive electrode

Figure 2-1: A typical 18650 lithium ion cell is constructed as a "jellyroll’ with sheets of
each electrode’s material and separator rolled inside a metal canister. These cells are
commonly used in laptop and power-tool batteries as well as Tesla vehicle batteries.
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Negative Electrode  Separator Positive Electrode
Domain Domain Domain

(sep F AL

Electrolyte

Li in Electrolyte Phase

Current Collector

Solid Particles

Figure 2-2: A discretized DFN model results in each electrode’s solid material mod-
eled as a number of spheres. When charging Lit migrates from the positive electrode
solid through the electrolyte to the negative electrode solid

a single dimension, z, and small particles which spread along the x dimension with
their own single dimension, r. The movement of lithium ions can be represented by
a diffusion process in both the solid and electrolyte. The ideally continuous media is
modeled as many spheres into which the lithium can intercalate. A schematic of this
is shown in Figure 2-2. This diffusion into the solid spheres can be mathematically
represented by a PDE,

- or

deg(z,r,t) 1 0 g Oes (75 1)
BN e e i s b 2.
ot 2 Or (D*’T (2.1)

where Dy is the diffusion coefficient in the solid. Empty space between these spheres
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is filled with an electrolyte through which movement of ions is represented by,

deo(z,t) O (Deace(:c,t))+ 1 8(%,(z, 1))

ox Fe, Ox (2:2)

ot oz

with D, the diffusion coefficient of the electrolyte, F' is Faraday’s constant, €. is
the volume fraction of electrolyte in the half cell and t° is the activation energy
coefficient. Continuity between the flux of lithium ions leaving the solid defines the

boundary condition of (2.1) at the surface, r = R,, as

0 t -1
____CS(;” rt) — (2.3)
T =R, D,
and due to symmetry of each sphere,
Ocs(x, ,t)
Zs\ =0 24
or o (24)

A net electromotive force results in ions migrating from the cathode to the anode
during discharge. Once a circuit is completed the flux of ions out of the solid particles,

Jn, is determined by the Butler-Volmer Kinetics

(o) = 3 |exo (Ggna0) o ()| @9

where o, and a. are the anodic and cathodic charge transfer coefficients respectively,
T is the temperature, R is the universal gas constant. 7y is the exchange current
density and 7, is the difference between the open-circuit potential and the half cell

potential respectively,

ns(mat) = (bs(za t) - ‘be("r) t) - U(CSS(Jj’t)) - FRfjn(wat) (2'6)
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where ¢, is the solid potential, ¢, is the electrolyte potential, U is the half-cell open-
circuit potential, cg(x,t) is the surface concentration of the sphere at x and Ry is a
film resistance. The solid potential along the spatial dimension z is determined by

Ohm’s law,

O0ps(z,t) _ ie(x,t) — I(t)

ox o

2.7)

where o is the conductivity of the solid and the electrolyte current governed by

Ote(z, 1 )
——57—) = aFj,(z,t) (2.8)
where a is the interfacial area
3
a = —R-;Es (29)

with R, being the particle radius and ¢, is the volume fraction of the solid electrode
material in the half-cell. The electrolyte potential is described in the z dimension as
a PDE dependent on the electrolyte current i, and the electrolyte concentration c,

as

0¢e(x,t)  —ie(x,t)  2RT 0 dln fi Olnce(z,t)
5z x TF (=) {1+ dlnc, (z,%) oz (2.10)

the net voltage of the cell is determined by the boundary conditions of (2.7) as
V(t) = ¢5(0%,1) — ¢5(07,2) (2.11)

where 0%, 0~ are the locations of the current collectors in positive and negative half

cells respectively. Continuity of current between the solid, electrolyte and through
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| Electrolyte

Li in Electrolyte Phase

Current Collector

Solid Particles

Figure 2-3: The most coarse discretization of the DFM model results in the single
particle model. Each electrode is represented as a single particle in electrolyte. This
coarse discretization is most accurate at low currents.

the cell obeys Kirkoff’s current law,
f(z ) +i:a, 1) = I{t) : (2.12)

Equations (2.1)-(2.12) outline the DFN model for each half-cell with more detailed
descriptions found in (9,10, 14,55]. Whereas the DFN is defined by a PDE in the z-
dimension and a continuity of additional PDEs in the radial direction representing an
infinite number of solid particles, numerical evaluation is accomplished by considering
a finite number of these spherical particles. The most coarse discretization results
from consideration of a single particle in each half-cell, and is commonly referred to
as the Single Particle Model (SPM). In this model the electrolyte concentration, and
therefore potential as well, are assumed constant across the cell. Additionally due
to conservation of lithium within the cell we obtain the constraint,

s 22 ij+ V/R;4 T20+( t)d +__€LfR; 47rfr2c*(r tydr (2.13)
BBy o Y T 473n (R ) o o |
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with ¢} and ¢, the lithium concentration within the solid governed by (2.1) for the
positive and negative half-cells respectively. With only two particles present (2.7)

and (2.8) reduce to

e L)
- I(t) )
In() = 7 =7=

Here we reduce the model one step further and describe an ordinary differential
equation (ODE) simplification of the single particle model which will be used to
simulate the lithium ion cell within this paper. The reduction to an ODE based model
is attractive since in addition to state estimation, simultaneous online parameter

identification is being performed.

2.1 Modified Single Particle (SP) Model

The SP model in [10] is a commonly used reduced electrochemical model of the DFN.
In essence, the electrolyte dynamics are assumed to be constant in time and space in
the SP model , which has been shown to be a valid approximation for current rates
under 1C! [10,20]. Unfortunately, although this assumption eliminates some of the
complex dynamics involved, PDEs remain, as well as nonlinear relationships. A full
exposition of the SP model can be found in [10].

The SP model can be reduced further using polynomial approximations [49] or
eigenfunction approximations [20] resulting in diffusion processes described by linear
ordinary differential equations. Each electrode of the resulting modified SP model is

described by two linear differential equations, the first of which describes the mean

11t is common to define charging and discharging currents normalized by the battery capacity.
For a 3AH (amp-hour) battery 1C current is 3A.
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concentration in each electrode. Using the superscript * to compactly represent each

electrode,
-
. 43 1 (2.15)
a — e

T DIttt
Rf Fa*L*cf, .

where ¢}, ¢, are the normalized bulk lithium ion concentrations of the positive and

negative electrodes, respectively, with the actual cell concentrations
cE=ct ot (2.16)

Notice that the differential equation (2.15) is simply an integrator. Therefore there is
a linear dependence between ¢! and ¢, resulting in an algebraic constraint equivalent

to the reduction of (2.13)
—C + —TC, = Nyor (2.17)

where n,; is the total moles of available lithium in the cell and at were defined in
(2.15). The remaining states of the SP model are the normalized lithium ion fluxes

of the positive and negative electrodes, g=, and are described as

dqi D + + 12
S = -30-—=0 +a"—1 2.18
dt (REET T4 7 (218)

Defining an intermediate output ¢ (t), which corresponds to the normalized surface

concentration of each electrode one can derive the relation,

ct=ct+qt (2.19)
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Figure 2-4: Half cell potentials of a Lonza KSs graphite negative electrode and a
NiO, positive electrode. These cell potentials are used for simulated cells of Chapter
4

The open circuit potential is composed of the two half-cell electrochemical potentials

which are functions of the particle surface concentrations,
o 7+ (= e
Voo =foen(Ci Co) = U (¢35) — U (C5,) (2.20)

The half-cell potentials u (¢%) used for simulation were originally defined within
the Dualfoil cell simulator [41] and are shown in 2-4. u* (¢) are usually empirically
determined and will be different for each electrode chemistry. The full R x R — R
mapping is shown in 2-5, with the equilibrium open circuit potential marked in green
on the surface. Equation (2.5) can be inverted assuming the common approximation
ot =a” = 0.5 [14,15,49,55| yielding

ORT I R} 2RT —I R;
. I 4 =] 'f . —1 = f
Vover —fwer(I,zO,zo)—Tsmh (§)+G+L+I— 7 sinh (_A)+ I

with the exchange current density

iy = LR o 06 Tl (1 — =) (2.22)
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Figure 2-5: Open circuit potential mapping of (2.20) for a Panasonic NCR18650B
cell. When in a relaxed state the cell voltage will lie on the green line, deviating
from this line during transients. The location of this line is determined by the total
available lithium within the system and the ratio of the effective electrode volumes.
It is these parameters and hence this line which is calibrated in Section 5.1
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Figure 2-6: Modular system representation of the single particle model of (2.15)-
(2.23) |

The resulting output of the system is the cell voltage
|4 :Vocp + Vwer (223)

yielding an ODE based SP model completely defined by (2.15)-(2.23) and is shown
in Figure 2-6.

The R x R — R mapping of f,, and the dependence of foe, on ¢t both prevent
the direct use of adaptive observers on the previously formulated model. For the
purposes of this work two modifications are made which reduce the complexity while
maintaining accuracy and hold for the majority of the operating window. This results
in the decoupling of the two nonlinearities. As pointed out in [55], the reaction
mechanisms at the solid electrolyte interphase are not understood in great detail.
And furthermore, the rapid kinetics in lithium batteries reduce the importance of
the exact mechanism. This leads to the common first order approximation within
the Butler-Volmer equation and at = @~ = 0.5. This first order approximation
of (2.22) yields a nonlinearity dependent on the solid surface concentrations within

(2.21) of the form

1

Vv Css(l - csa)

(2.24)
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Figure 2-7: The effect of lithium concentration on the overpotential according to
(2.21) is minimal except at extreme high/low concentrations. 7o of (2.25) is used as an
approximation which is independent of the lithium concentration. This is assumption
is justified by examination of the overpotential from experimental results as well
as [55] who points out that the reaction mechanisms at the solid electrolyte interphase
are not well understood and [4] who shows experimentally that the exchange current
is indeed nearly flat across the full range of concentrations

The sensitivity of Ve, according to (2.21) to a change in the surface concentration ¢z,

is shown in Figure 2-7. Noting that this function was already an approximation of the
true kinetics and the relative flatness of this function between 0.1 and 0.9 motivates
further investigation into the true sensitivity of the exchange current density z‘at to
lithium concentration. Through analysis of experimental results collected as well as
the results presented by [4] in which calculations of the exchange current density i

are nearly flat across the full range of concentrations tested justifies an approximation

of

iy =" L¥k 14/ 95 CE 0,052 (2.25)

This decouples the nonlinearity f,.er from the surface concentration states of the
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Figure 2-8: Full equilibrium open circuit potential for a cell with electrode half cell
potentials of Figure 2-4. This function is f).,(y) of (2.26) used for the OCP in
simulation

dynamical system, G,. The importance of this for modeling may be trivial, however,
for state observers, particularly observers with simultaneous system identification,
this results in f,ue, Which is purely a function of the measurable input I.
Additionally, we make two distinct approximations to Ve of (2.20) with the
primary purpose of reducing the R x R — R mapping to a R — R invertible non-
linearity. Due to differences in the half-cell potentials of the simulated cell and the
cell used for experiments individual approximations are made for each. For simu-
lation we assume that the open circuit potential in (2.20) is dependent on a linear

combination of the electrode surface concentrations, YoepCsy — Cos, Tesulting in,
Foc(¥ = YoepTas = Tha) = U(Yocn T — Ti) (2:26)

This simplification is most accurate at low charge/discharge rates for the electrode
chemistries used in simulation. The validity of this assumption is derived from the
fact that the sensitivity of each half-cell are relatively constant and related by the
gain Y,e. Unlike an approximation in which the surface concentrations maintain the
algebraic constraint (2.17) as has been made in [38] this system approximation retains

observability. A different chemistry cell used for experimental results motivates a
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Figure 2-9: Half cell potentials of a Panasonic NCR18650B cell. The nega-
tive electrode is C and the positive electrode is LiCoNiAlO,. The flat sections
0.3 < c;, < 0.5 and 0.6 < ¢, < 0.9 motivate approximation of the total opencircuit
potential by (2.28).

different approximation of V,, for Chapter 5.2. We observe in Figure 2-9 that the
negative electrode half-cell potential is not sensitive to the lithium concentration for
over 50% of its domain. While in these concentration ranges the negative electrode
surface concentration becomes unobservable from the output voltage. Due to this,

an assumption similar to [38] is made that

o o _
Css = _a'_:a:s +a Ny (227)

The result is that the negative electrode diffusion dynamics are no longer observable

and the resulting open circuit potential is
— — o~ _
Py = o) =U(Eh) — U~ + 07 u) (228)

With the negative electrode diffusion no longer observable, the corresponding state

of the diffusion dynamics g~ is removed from the observer’s system representation.

With the resulting modular structure shown in Figure 5-1, either of the nonlinear

blocks or the linear dynamic block can be changed for higher fidelity models without
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effecting the remaining two. Additionally, the basic structure is consistent between
simulation and experimental results.

With a control theory audience in mind, the system can be represented in a more
familiar state space representation with nonlinear outputs. Denoting the current,
I, as the input one can compactly represent this reduced modified SP model for

simulation using

-
T = [Es_ 7 52]

= Ax + BI (2.29)
y=Cx

V= f(fcp(y) + f;ver(‘[)

where A, B contain the coefficients of (2.15) and (2.18), and are not assumed to be

known, with (2.19) and (2.17), C contains the coefficients resulting in

Y = YocpCos — Cis (2.30)

The overall modified SP model is therefore a combination of a linear dynamic system

Gp(s) and nonlinearities f;,, and f,, (see Figure 5-1), where

Gy(s) =C(sI — A)'B. (2.31)

2.1.1 Approximation of the Cell Overpotential using sigmoidal

basis functions

In anticipation of considering parametric uncertainty within V., of (2.21) we seek

a formulation of the nonlinearity which is linearly parameterized. This will allow the
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Figure 2-10: Block diagram of the electrochemical model used to represent a Lithium-
Ion battery cell after simplifications are made for the observer.

use of linear system identification tools. Noting that the initial form is sigmoidal in

nature, a sigmoidal basis function will be used to approximate Ve, as

N
wer(1) = an + Zaifi(f) (2.32)

a; are unknown constant coefficients of the current, I and known basis functions
fi(I). Here we use a basis function derived from the cumulative distribution function
of a Beta distribution [5] with @ = 1 and § = 2. The original function only defined
from 0 <z <1as1—(1—z)?is mirrored about the origin, stretched by swapping

ﬁ% for z and extrapolated for z < ZX and z > L resulting in

B: Bi
(1-(1-23 o0<z<4
-1+(1+ %) -Bi<z<0
Lilz) =% 1 z> B (2.33)
=1 z < —pb
| 0 otherwise

The desirable properties which resulted in the use of this basis function over other
sigmoidal functions are that it saturates at z = +;, is continuous and differentiable

and requires only one parameter, 3;, with a clear correlation to its impact of stretch-
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ing f; over its domain. Since Vi, of (2.22) is a strictly monotonically increasing
function we can expect all coefficients o; to be positive. An accurate fit can be
accomplished using three basis functions with 8; € {3 1 2}. The agreement of f,,,,
of (2.32) with (2.21) is seen in Figure 2-11. Symmetry of the function allows fitting
to be performed and displayed for positive currents, using points in red, a fit for
0 < I < 2 is performed using the method of least squares. The fitting extrapolates

well past the domain used for fitting matching the nonlinearity up to 3A.
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Figure 2-11: Approximation of the overpotential function f} ., using sigmoidal basis
functions. The resulting coeflicients are o = [ 0.0443 0.0559 0.0504 0.102 ]T
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2.2 Sensitivity to parametric uncertainties in the

modified SP model

The focus of this thesis is simultaneous estimation of parameters and states. In
this section we briefly explore the effect of parametric uncertainty on the plant re-
sponse in comparison to the resulting error from modeling simplifications. Due to
manufacturing processes, aging or abuse, many of the physical variables will not
be consistent cell to cell or remain constant over time. This in turn implies that
the parameters of A, B and the nonlinearities f,op and fouer of (2.29) as well as the
algebraic constraint (2.17) may not be known initially and can change over time.
One approach to solve this issue would be to calibrate each cell post production and
model the slow aging process explicitly, but this would be a time consuming process,
add to the already complex model, and assume that we fully understand every pos-
sible aging mechanism. We propose a different approach which consists of real-time
parameter estimation in the battery model specified by (2.15)-(2.23) using real-time

measurements of the input I and output V.

One of the questions that arises is the accuracy and relevance of parameter es-
timation using the nonlinear, yet ODE-model as in (2.15)-(2.23), which is based on
a reduced SP model, given that the underlying battery dynamics is spatio-temporal
in nature. As shown previously in the literature [10, 37,61] we maintain that for
a significant class of operating conditions, the ODE model does indeed accurately
capture the variations of a higher fidelity PDE model, which is also based on the SP
model. This is justified by the following simulation studies. Table 1 lists all of the

parameters used in the all simulation studies reported in this paper.

Denoting the modified SP model with nominal parameters as ODE* and the SP

model with nominal parameters as PDE*, we compare the error between the two
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Figure 2-12: Output voltage errors due to model reduction and/or parametric uncer-
tainty with maximum input current of less than 1C. The baseline model is the SPM
with PDE dynamics (PDE*). Error due to ODE reduction is in blue (ODE*). Error

due to introduction of parametric uncertianty to the PDE SP model is in red (PDE).
Error due to parameter error in the ODE SP model is in dotted yellow (ODE).

model outputs for charge-discharge rates of up to 1C, and present the results in
Figure 2-12. We then introduce parametric uncertainties of D¥ = 0.5D%, Effff =
0.5k;tff, LY = 1.20L%, L~ = 0.9L" into both models, denoting the corresponding
models as ODE and PDE respectively, and evaluate their output error responses

relative to PDE* in Figure 2-12 as well.

We do not focus on a comparison of ODE to PDE-model or ODE* to PDE*-
model, as that has been discussed extensively in existing literature [10,37,61|. In-
stead, we compare the responses of ODE* with PDE* as well as ODE with PDE,
where the former will only reflect the error due to ODE discretization while the later
will show both the errors due to discretization and parametric uncertainties. The
effect of parametric uncertianty alone is captured by the comparison of PDE and
PDE*-model error. We see in Figure 2-12 that modest parametric uncertainties of
the models can yield more than a 10-fold increase in model output error compared

to ODE discretization alone.
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The complexity as well as combined presence of linear dynamics together with the
two nonlinearities foop and fouer introduces a number of challenges for simultaneous
state estimation and parameter identification. In order to overcome this, we separate
the identification of each, but do so in a way which is guaranteed to result in bounded
errors. For ease of exposition we first assume that the nonlinearities are known
and therefore can be isolated and removed or inverted. This allows us to consider
unknown linear dynamics only, and propose an adaptive observer that is capable of
fast parameter estimation. As a second step, we extend this adaptive observer to

accommodate the estimation of the overpotential nonlinearity f7._. of (2.32) with an

over

approximation using sigmoidal basis functions while assuming only f,p is known.

2.3 Summary of the modified SP models

Table 2.1: The nominal Li-Ion Battery parameters used for all simulation results
reported in this paper.

R 105 R, 105
Lt 1074 L~ 1074
R} 0 R; 10-3
ke | 45x1076 | k, | 45x1076
ot 3.53 o~ 46.47
ef 0.3 € 0.3
at 1.5 x 10° a” 1.8 x 10°
0 0.6 Ceo 1000
Foon | 51217 | Comaa | 24983
D: 458 x 10711 D7 2.79 x 10711
Df 1x10713 Dy 4%x10714
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2.3.1 Summary of modified SP model for simulation

We now present a summary of the modified SP model used for simulations. The

diffusion of lithium in the solid particles is modeled as,

CS
x=| gt
qs
(2.34)
0 0 0 a”
i=Az+BI=|0 _30(?{';;“;—2 0 o+ | o+ |1
Dy 12—
0 0 —30(7;%—2' —7"a
with dynamical system output,
y=Cr= [ (’Yocp + g—f) -1 Yop ] z (2.35)
which is related to the measurable cell voltage as,
V= folcp(y - a+nt0t) + fg'z;er(l) (236)
where (}Cp is the open circuit potential function used for simulation,
olcp(y = YocpCss — E;rs) = Z7(’)’ocpes_s - E:s) (2.37)
and f,,., is the overpotential function used for simulation,

;ver(l) = all + Z aifi(-[) (238)
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using the basis functions f;,

)
1-1-£) 0<z<pB

—1+(1+£)? -Bi<z<0

filx)=14 1 x> (2.39)
-1 T < —p;
\ 0 otherwise
Bi e {% 12} (2.40)

2.3.2 Summary of modified SP model for experimental results

We now summarize the modified SP model structure used for experiments. The

diffusion of lithium in the solid particles is modeled as,

CS
r =
7
(2.41)
0 0 a”
= Az + Bl = Dt T+ " I
0 —30(—12—;;’?? 7a+

where due to unobservability of the negative electrode for the majority of operating
conditions the dynamical system is reduced by one order relative to (2.34). The

dynamical system output is,
y=Cz= [ (2£) -1 ]x (2.42)
which is related to the measurable cell voltage as,

V = foer ) + foer (I) (2.43)
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2

op 15 the open circuit potential function used for experiments,

where

. — o _
3@(31 = Css+) =U C;I:s) - u(‘“‘a_;_;s + o nygy) (2.44)

using the approximation of the negative electrode surface concentration

e

Cqs chs + a Nyt (245)

00 0.2 04 06 08 10”

Figure 2-13: Although this looks quite similar to 2-8 when one looks at the underlying
half-cell potentials in 2-4 and 2-9 you see that the flat sections which make up
50% of the operating region of the negative electrode prevent observability of the
corresponding electrodes concentration

and f2 . is the overpotential function used for experiments,

forer(I) = a1 (2.46)



Chapter 3

Adaptive Observers for Linear SP

Models

Contents
3.1 Vector-regressor (VR) Adaptive Observers (AOs) . 53
3.1.1 Stability of the VR-AO . . .. ... ... ... ...... 57
3.1.2 Nonminimal equivalent system design . . . ... ... .. 61
3.1.3 Maintaining Parameter Constraints using Projection . . . 67
3.1.4 State Transformations . . . .. ... ... ... ... ... 69
3.2 Matrix-regressor (MR) Adaptive Observers. . . ... .. 74
3.2.1 Strong Persistent Excitation . . . . ... ... ... . ... 74
3.2.2 Matrix-Regressor (MR) Adaptive Observer (AO) I 76
3.2.3 Stability of MR-AOI. . . . .. .. ... .. ........ 81
3.2.4 Matrix-Regressor Adaptive Observer IT . . . . . . ... .. 84
3.2.5 Stability of MR-AOII . . . . ... ... ... ....... 90

o1



52 Chapter 3. Adaptive Observers for Linear SP Models

Chapter 3 begins with the assumption that both f,., and f,uer are known allow-
ing them to be inverted and removed respectively. Next, in Chapter 4, we allow foyer
to be unknown, and it is replaced by an approximation using basis functions. The
unknown coefficients of the basis functions are added to the adaptive observer param-
eter vector. This resulting observer estimates the equivalent dynamic system as well
as the nonlinear overpotential simultaneously. This chapter focuses on the generation
and analysis of adaptive observers for linear system observation and identification.
Section 3.1 reviews the basic adaptive observer which has appeared in [7,31,39]. The
stability of the vector regressor based adaptive observer (VR-AO) is analyzed and
the notion of persistence of excitation (PE), which is required for convergence of the
parameter errors to 0, is explored. Design guidelines, a primary contribution of this
thesis are explored and a set of tools is suggested to generate the adaptive observer
with a significantly reduced number of tuning parameters. The topic of parameter
constraints is addressed by utilizing a projection algorithm. Lastly the procedure for
state transformations is formally laid out, with an example relevant to our battery
model of transforming back to a Jordan-canonical form.

In section 3.2 two matrix regressor adaptive observers (MR-AOQ) are explored and
the notion of strong persistent excitation (SPE) is introduced. The first of which,
designated MR-AO-I was previously proposed by [24,25,39] as an adaptive observer
capable of arbitrarily fast parameter convergence. This claim is explored using the
notion of Strong-PE (SPE) and a stability analysis will show that there exists a
limiting factor of the speed of convergence. Next we propose a new form of MR-AO
previously reported in [22]. There is a fundamental difference to in the generation of
regressors which offers multiple advantages over MR-AQO-1. The chapter is concluded

with a comparison of the three adaptive observers and a summary of their algorithms.

Since the underlying battery model is in the form of the block diagram in Figure
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5-1 and defined by (2.34)-(2.39), from observations of V, one can accurately esti-
mate the parameters of G,(s) from input-output measurements of I(t), y(t) using an

adaptive observer [40], with y = fol(V — fover(I))-

3.1 Vector-regressor (VR) Adaptive Observers (AOs)

Consider a stable linear, time-invariant system which is both controllable and ob-
servable, and of known order n. This system can be represented in state space form

as

() = Apz(t) + byu(t) (3.1)

y(t) = ¢, ()

The system matrices A, € R"™*",b,,¢, € R" as well as the initial state z(to) € R”
are unknown. The problem we wish to solve is to use the input u(t) and output
y(t) and estimate the states z(t) as well as the dynamics described by A, by, c,. By

considering a reduction of the system to its transfer function representation, Gp(s),

_ P(S) Do + D18 +p282 +---+p _1Sn~1
T 1 _ _ n
Gp(s) =c, (s — A4y) by = 06) " B Fas T 0 T F guas T (3.2)

where I € R™ " is an identity matrix, it becomes clear that even though Ay, by, c,
of (3.1) contain n? + 2n variables, a unique description of the plant requires only
2n parameters. In the case of (3.2) these 2n parameters are the coefficients of the
transfer-function numerator and denominator, these parameters are directly related
to the poles and zeros of the plant. In order to determine the full state space model
from only input-output data some additional information is required in order to de-

termine the remaining n? parameters, such as a common pre-defined representation.
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This additional information is essential to estimate any internal states of a statc
space model. For example, we know the system of (2.29) is Jordan-normal form.
Without loss of generality, throughout this section we will assume that the system

is initially described in observer-canonical form, with

Iﬁ—lxn—l 1
Ap = —a, Cp = 0 (3.3)

len—l

where all unknown parameters of (3.1) are contained in the vectors ap, b, € R®. An

equivalent system can then be defined
B(t) = (FO° + byc, )a(t) + bpu(t) = FOu(t) + Oyy(t) + buu(?) (3.4)
y(t) = ¢, x(t)

with FO¢ ¢ R™*",

]ﬁ—lxn—l

FOC=| —f (3.5)

len~l

chosen by the designer to obtain a stable, observable pair (F°¢,c,). All unknown

parameters are now isolated into two vectors 0,, 6, € R" given by
0, =0bp, and 6, = f —a, (3.6)

Notice here that 6, is independent of the filter choice F°“ and 6, is a linear combi-
nation of the plant and filter characteristic polynomial coefficients. Leveraging the

property of superposition one can generate the output y of (3.4) in an alternate form
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ODE dynamics (G))

Figure 3-1: Equivalent system representation for the battery dynamics of the elec-
trochemical model used.

using a nonminimal system in observer-canonical (OC) form

y(t) = g" z1(t) + g" z2(t)
#1(t) = FOCzy(£) + Ou(t) (3.7)

o(t) = FOCz,(t) + 0,u(t)

with g = ¢,. We perform one more transformation, generating the output y(t) using

control-canonical (CC) filters, F' = (FPY)7, to obtain vector regressors wy,, w, as

y(t) = Ouwu(t) + Oy wy(t)
wu(t) = Fuwu(t) + gu(t) (3:8)

Gy () = Fuwy(t) + gy(t)

which follows from straight forward algebraic manipulation, and the suitable choice
of initial conditions of w, and w,. By transforming from a nonminimal system (3.7)
in OC form to (3.8) in CC form we have manipulated the system such that all system
unknowns are now in the output equation y(t) = 6, wy(t) + 0, w,(t). The resulting

figure is shown in Figure 3-1.

With the plant in (3.1) rewritten in the form of (3.8), one can construct an

adaptive observer to generate the parameter estimates 6, and éy [40]. The adaptive
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observer is begins with the reconstruction of the nonminimal states and an estimate

of the plant output,

(1) = 0u(2) T @u(t) + 0,(t) Ty (t)
@u(t) = Fiou(t) + gu(t) (3.9)

‘i’y(t) = F‘:’y(t) + gy(t)-

We note from (3.8) and (3.9) that a corresponding error e is obtained as

e(t) =9(t) — y(t) (3.10)

The estimates of the unknown plant parameters are identified using a gradient adap-

tive law [40]using the vector regressors w, and @, as

19;u(t) = —T @y (t)e(t) (3.11)
Qy(t) = _way(t)e(t)

where '), I'y € R™" are positive definite matrices free to be chosen in the adaptive
observer design. We denote the adaptive observer defined by equations (3.9)-(3.11)
as the vector regressor based adaptive observer (VR-AQO). Before formally moving
on to a rigorous proof of the observer’s stability properties we define the nonminimal

system state errors w, = &, — w, and W, = @, — w, which are described by

Wy = Fioy + guu — (Fwy + gu)

= Fa,
) (3.12)
Wy = Foy + guy — (Fwy + gy)

= Fa,
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which, since F'is Hurwitz, will decay exponentially to zero regardless of the parameter
estimates. This is a result of our transformation of the nonminimal system from OC
form of (3.7) to CC form in (3.8). With the vector-regressor based adaptive observer
fully described, we now move on to prove stability of the VR-AOQ.

3.1.1 Stability of the VR-AO

For a nonminimal system (3.8), with an estimated system (3.9) and nonminimal
state errors (3.12). We now analyze the stability of the nonminimal state errors at
w, = 0 and W, = 0 and the parameter errors §u = 0 and éy = 0 assuming u,y € L.
To ease the notation in what follows we combine nonminimal states w, and w, to
create a single regressor w and do the same for 6,,0,, as well as their estimates, to

obtain,

w = 0 = = 0= (3.13)

with errors defined as & = @ —w and 0 = 6 — 6. Additionally we define F, g such
— u
that w=Fw+7g ,
Yy
— F g
F= ,g= (3.14)
F g

we update the parameters of the adaptive observer using a gradient descent adaptive

law,

h—80=—T e (3.15)
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RZn X2n

where we use a positive definite adaptive gain, I'y, € , and use the output

error,

-y

g
Il
N3

Il
&

Té —w'e = &)Té — ((:) + GJ)TH (316)

LN

OT0+7'0

€g €w

{

Notice from 3.16 that the error e = ey + e, has been decomposed into two terms,
eg and e, which are sensitive to the parameter error and the nonminimal state
error respectively. To analyze the stability of the adaptive observer defined by
(3.9),(3.13),(3.15) and (3.16) we define a radially unbounded Lyapunov function
candidate

1

V=2ﬁTﬁ+aU% (3.17)

with positive definite I',, P € R?"*?", For which P which satisfies the lyapunov

equation,
F' P+PF+Q=0 (3.18)

for any positive definite Q € R?**2? this P will be positive definite and is guaranteed
to exist for any Hurwitz F. Using 6 of (3.15) and & of (3.12) the time derivative of
(3.17) is given by

(3.19)
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Using « from (3.16) and the lyapuov equation of (3.18) we can then rewrite (3.19)

as
) 1/ ~ ~ -~ o
V= ((aTw + 0@ T8 + 0 T L@(@Td + wTe)) —5TQw
1 ~ ~ ~ o~
=3 (fT00 TIr,+ 07 rvrwwww) 5T QW - % (9“’@&1“1 RN W W)
(3.20)
Proceeding with ', = '}, and using ey, e,, of (3.16), (3.20) simplifies to
y_ Lo rr AT T _~Tom _ l T~~Ta . T A~T
V = 2(0 ww 0+ 0" ww 0) w Quw 2(0 ww 0+ 0" ww 0)
=000 0-TQE - 0"BwTo (3.21)

< —eg — QW — eyeq

Where the first term is a negative quadratic term in ey and the last is a sign indefinite
term which is linear in ey. We can explicitly write e,, in terms of the initial condition

of w,
e, = 0T eFO5(0) (3.22)

From (3.21) we see that V < 0 when |eg| > |e,|. This guarantees local stability

outside of the compact set
S={ZeR™GcR™: |0 (&+w)| < |07&]} (3.23)

Since e,, = 0'@w exponentially decreases independent of any inputs or adaptive pa-
rameters, S exponentially decreases in size and we exponentially approach a globally

stable system.

From here we consider two cases. For case 1, the input u is bounded. With
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u € Lo it follows that since F' is Hurwitz and Gp(s) is stable, w,&, & € L. Since
V is radially unbounded and V < 0 outside the set S, V(t) < oo and therefore
V(t) € L which implies that 67,(; € Lo. We can then conclude that eg,e,,w €
L. With F Hurwitz we also have e, € L;. Furthermore, since S exponentially
decreases there will exist a time ¢; for which ¢ > t; and V() < V(¢;) < oo. With
fttl V(r)dr = V(t)—=V(t1) and since V (t) is both positive definite and non-decreasing,
we have V(¢;) — V(t) < V(t1) and therefore — fttl V(r)dr < V(t;) From (3.21) we
have fttl (€2 + ege, + @' QW)dT < V(t1), since we have e, € L, fttl (2 + ege, + €25 +
@' Qw)dr < V(t1) + C,, where [, e2dr = C,. This simplifies to fttl (€3 + 3eu)* +
&' Qw)dr < V(t;) + C, and we find that eg,8 € L,. From this, we can conclude

using Barbalat’s Lemma [40]that lim; , eg(t) = 0.

However, es = 0 does not imply 6 = 0. Case 2 defines the necessary and sufficient
conditions for lim,_,. 8(t) = 0. As we are guaranteed lim;_,o, @(t) = 0 and therefore
e, — 0 we focus on the error ey alone. Recall that eg = chg, which in combination
with our adaptive law § — —GO 70 results in the so called error model 1 from [40].
Theorem 2.16 of [40]defines 4 equivalent conditions which assure the asymptotic
stability of 6 = 0. Here we utilize the 4 which will be referred to as the persistence

of excitation (PE) condition. There ezist positive constants to, To and € such that

)‘i [M(t)] > €1, 1= 1,2, ...,2’!7,, Vi > 1o,

t+To (3.24)
M(t) = / o' dr
t

where ); [A] denotes the i’th eigenvalue of matrix A. We denote condition (3.24)
as @ € PE,,. This condition ensures that over any time span Tp, eg(t) = 0, 7 <
t <7+ T for any 7 > ty only if g(t) = 0. Since we already showed the asymptotic
stability of es = 0, if © € PEs,, we are also guaranteed limt_,ooa(t) = 0. A more

formal proof of this fact can be found in [40].
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The slow nature of this convergence witnessed and commented on by previous
authors such as [42] motivates the two approaches to improve this rate detailed in

this Chapter. The first approach is by specific design of the observer filters.

3.1.2 Nonminimal equivalent system design

Although the vector regressor based adaptive observer first appeared more than 50
years ago, universal guidelines for the design of the filters, (3.5), which generate
the nonminimal states are to the best of the author’s knowledge absent in existing
literature. The observer performance becomes particularly sensitive to filter design
when the poles of the true plant, (3.1), are separated by more than an order of
magnitude, as may be the case for the SPM of a lithium battery. In this section, we
discuss how the filter parameters in F' and g as well as the gains I', and I'y can be

chosen.

The sensitivity of the observer performance to the filters (F, g) stems from the
wide spread of \;[M(t)] in (3.24) arrising from many choices of (F, g). We propose
a design procedure for choosing F' and g such that the spread of ); is small for an
optimally exciting system input and therefore degree of PE, €, is optimized. For an
unknown system, we require a signal with frequency content at at least n distinct
frequencies. However, to produce an unbiased fit of the system at all frequencies,
a signal which is white is optimal. The easiest examples of white signals are the
impulse signal or white noise, which can be represented as a sum of impulse signals.
Furthermore, we must be careful when trying to maximize the degree of PE, €;, as
this could be accomplished by simply increasing the magnitude of the input u, or

equivalently, increasing g. To account for this we search for the optimal filters with
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two restrictions imposed. |u(t)| < Umqz, VE and ||Gi(s)]] < 1, Vi with
Gi(s) = (F—sl)™'g (3.25)

the vector of transfer functions and Gy;(s) the transfer function from input « to
nonminimal state w(i). These two conditions constrain optimization allowing a fea-

sible solution.

We break the problem down into two steps. The first is placement of the filter
poles based on a nominal estimate of the plant,

i = Az + bu
(3.26)

We use the Kalman filter design process to compute filters which will balance a
preservation of signal strength in the bandwidth of the nominal plant and speed
of the filter to ensure w decays reasonably fast. We emphasize that although the
Kalman filter is designed to handle stochastic uncertainty of the plant input and
output, we are not considering external noise in our problem statement. Instead,
utilization of the steady-state kalman filter is justified by a property of the algebraic
riccatti equation (ARE) of SISO systems for which K is defined not by @ and R
independently but by the ratio of Q/R. Therefore, allowing K of (3.28) to be
computed in the limit as ¢ — 0, R — 0. The quantity which remains Q/R is a
tuning parameter which qualitatively weights the speed of the filters with a similarity

of the filters to the nominal plant.

The Kalman filter prescribes the optimal filter for a known plant with stochastic
uncertainties on the input and output. Optimality is designated by the minimization

of the expected output error squared. We assume the plant to be our nominal plant
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from (3.26) with noisc w, v on the input and output respectively,

= Ar+bu+bw
(3.27)

y:ch+v

with the expected covariance of the noise Elww'] = Q@ € R and E[vv"] = R € R.

The expected variance of the error P is tracked as
P=AP+PA" +Q+ Pc"R7'cP (3.28)

with the subsequent Kalman gain then defined as
K =Pc"R™ (3.29)

The presence of R™! in both (3.28) and (3.29) presents an issue for setting R = 0.

However, defining the noise ratio

Q
= = 3.30
o= (3.30)
we can rewrite the steady state (3.28) and (3.29),
AP+ PAT+1-Pc'ocP=0
(3.31)

K=Pc o

with @, R no longer appearing we compute our optimal filter for a system with no
noise and instead a weighting between measurements and nominal plant, o. The

resulting kalman filter is then

i=(A—Ke )z +bu+ Ky (3.32)
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With our nominal plant, (3.26) defined in observer canonical form, our kalman filter
(3.32) will also be in observer canonical form. Noticing the similarity between (3.32)
and (3.4), we can then define our nonminimal filter in observer canonical form as
FOC = A— Kc'.

The second step of the design process is to place the zeros for each filter input-
state relationship. We begin with a control canonical filter Fyo = (A — Kc')" using

A, K, ¢ from (3.32) and gy = c from (3.26) with the corresponding filters

wuo = Frowyo + gou

(3.33)
wyo = Frowyo + goy
We next determine P, as the solution to the Lyapunov equation
which is decomposed as
VDV' = P, (3.35)

where D is a diagonal matrix containing the eigenvalues and V' contains the eigen-
vectors of P, respectively. A transformation matrix 7 = D=2V is then determined

to find the final filter design

Wyt = Friwur + guiu (3.36)

wy1 = Friwy + g1y

with the filters defined as

Fy =T FioT,' g =Tugo 91 = Tygo (3.37)
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using the transformation matrices

T = DYy
(3.38)
Ty=pD 13y

where p is a measure of the gain of the system, used here as a scaling parameter

computed as
p=(c"Pe) (3.39)
and P, is the solution to the Lyapunov equation
0= AP, + P,AT +bb' (3.40)

with (A, b, ¢) are nominal values of the plant parameters of (3.26).

Magnitude (dB)

-180

ml'3 10“"‘ |clr" 1‘;" 10! 10?

Frequency (rad/s)
Figure 3-2: The transformations T, and T, locate the zeros of the transfer matrix to
de-correlate the filter states assuming a input signal with a flat spectrum. Here the
three transfer function Bode plots are shown for filters designed using a nominal SP
model plant.
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> Y

Figure 3-3: Equivalent system used to construct adaptive observers. The fact that
6, is related exclusively to the zeros of the minimal system and that 6, is related
exclusively to the poles of the minimal system can be clearly seen via reduction of
the block diagram to G, and G;. The equivalent system poles, will appear in the
denominator of G, and the numerator of Gy.

The reasoning behind the choice of the transformation T, and T}, is to ensure the
matrix M (t) of (3.24), for large ¢, corresponding to the states in (3.36) is as close to
identity as possible. It can be seen that Py in (3.34) coincides with M(t) for a signal
u(t) with a uniform power spectrum, such as an impulse, and sufficiently large Tj.
The reasoning for introducing p is to accommodate the scaling between the 2-norm
|lu(t)||, and ||y(t)||, when u(t) is an impulse. Here we point out that although the
tuned filters result in different g, and g, the poles of each filter remain the same, this
matching of poles for the filters of the input and output respectively is a necessary
condition for the observer. This can be seen algebraically when performing the pole-
zero cancellations of the nonminimal system required to achieve the original plant.
Alternatively, conceptually, the nonminimal system can be broken into two blocks,
one with a feedback loop and one which is only feedforward. The filter of the output
can be viewed as a system G; with full state feedback achieved using 6, this full
state feedback has the ability to place both the poles and zeros of this loop. Poles
are placed to match the system poles and the resulting zeros will cancel the poles of

signal from the input filter.

With the filter parameters chosen as in (3.36)-(3.37), we can set I'y = 'y, = 71,
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with the magnitude of « limited by the computational platform. With our trans-
formation of the nonminimal system, a transformation of the original parameters 8,
and 6, of (3.6) which correspond to the filters of (3.33) will be required. The new
parameter set for the filters of (3.36) is

01 =T 6,
(3.41)
0,0 =T, "6,

which was derived by equating the output of the nonminimal systems (3.33) and

(3.36) respectively,

y =0, wyo + GJwyo
= 0Ty 'wur + 00T, wy (3.42)

S ezlwul + 0;-10.):,;1
3.1.3 Maintaining Parameter Constraints using Projection

On occasion one may have a-priori knowledge of the plant such as a known pole. In
the case of the SPM we know that the plant will possess a free integrator, i.e. a pole

at zero.

A projection operator in adaptive systems was rigorously described in [27] and
proposed for parameter constraints in [21]. In the case of a known integrator, from
our original system description (3.2) we know that gy = 0. Therefore the n'* element
of 6, is known to be the corresponding element of the filter coefficients as is shown in
(3.6). That is Oy() = f(n). If our adaptive observer was implemented using control
canonical filters, it would be sufficient to simply set 0,(m)(0) = Oy and éy(n) =0
to maintain this known constraint. However, in the previous section the system was

transformed, the resulting constraint is now a hyperplane on which the parameter
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~

#,1 must remain. Decomposing our transformation matrix

1, = { Lip tya -0 ty, ] (3.43)

and using (3.41) in which TyT 8,1 = 0, we can define the hyperplane constraint as the

surface
S = {0y1 e R*: f(n) = t;nﬁyl} (344)

With our original parameter update law of 6, = wye with 8§, = [0, 6];]7 and

@y = [y, @,,]" we introduce a projection gain

P, ol (3.45)
T tlt, '
where
0 2
te = € R" (3.46)
tyn
resulting in an a-posteriori update law projected onto the hyperplane S
6, = —Tre (3.47)

where this projection only maintains 0, on a hyperplane parallel to S, therefore we

must also have initialized 6,(0) € S.
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3.1.4 State Transformations

Up until this section we have presented algorithms which search for parameter es-
timates éu,éy and compute nonminimal states @,,w, in an arbitrary state space
representation. Originally in control-canonical form, but after the previous section
we have used a similarity transformation yielding a likely irrelevant system represen-
tation. Here we outline the options for obtaining parameter and state estimates in
a desired form. We begin by adding superscripts to our nonminimal representations
to idetify them from one another. First we have the states as implemented by the

observer defined below.

- AO _ ppAO, AO | AO
w, =F"w " 4+ g, u

A0 = 0,40 4 ga0, (3.48)

v = (000) Wi+ (0Tl

Using the process of section 3.1.2 with 4°T¢¢ = T, and AOTyC ¢ = T, we have a
relationship between control canonical (CC) nonminimal states and the adaptive

observer’s (AOs) nonminimal states

WAO — AopcC, cC
u u u
(3.49)
A0 _ AoCC, CC

v

(.Uy Y

and a similar relationship between the nonminimal system parameters of the CC and
AQ representations

HAO — (AOTCC) —TGCC

3.50
%ao _ (AOTyCC)—T Gycc (3.50)
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with A=T = (A7)~ 1. For reference we also define the CC nonminimal system

-CC _ pcc, cC | CC
w, =F""w,” +g7"u

wg‘c — FCCw;fC +gCCy (3‘51)

Y = (65°) Tl + (65°) g

and from our original state space representation of prior sections we alter the notation
for this section as
§OC = AOC30C 4 pOCy = (FOC 4 ch(gCC)T)xOC +65Cy
(3.52)
y = (g°C)T2C
which can be broken apart by superposition into an observer canonical nonminimal

system representation,

@0C = FOCL0 4 g9y
wOC — FOCwyOC + egcy (353)

Yy
y = (gcc)ngc + (gCC)TwyOC — (gCC)T(wSC _,r_w;)C)

At this point we point out that the minimal system state of (3.52) in observer

canonical form is the sum of our nonminimal states in OC form,
oc _, ocC oc
T =W, +w, (3.54)

however, it is important to note ¢ # w{® + wi°.

In general the process for determining states of a general state space form requires
the ability to construct A,b for this form strictly from the poles and zeros of the
plant, or equivalently from the denominator and numerator polynomials of G,. For

example, Jordan normal form system representation only requires the poles, \;, of
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the system

Al = v = | (3.55)

An 1

L = — -

when A\; # A, Vi # j. In the context of our observer, we can estimate the jordan

form matrices

b
-
|
o
<
|
o
~

(3.56)

where ); are estimated by computing the roots of the polynomial with coefficients
[1 (f9C—65°)T] Transformation of a state z in representation i to j is accomplished

using a general transformation matrix /T?, where 2/ = JT?2% with
IT: = (CcH)™! (3.57)

with C% C’ being the controlability matrices for representation ¢, j respectively. To
obtain z7 from w/° and w,!° must first convert our nonminimal states to OC form

before they can be summed to obtain our minimal state using

27 = 1T (1O° 4 w0)

J _ Jpoc (oCmAo, A0 | OCAO, ,AO
z’ ="T, < T, wy, + Twywy)

(3.58)
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where

9% = cl(e90)
OCT‘::‘O — CguC(c;luO -1 (359)

OCT:O — COC(cAO)—l

and our controllability matrices are computed as

cj = [ A ... (AJ)n—le ]
C:EOC — - 05’0 (FOC + 000 T)QCC . (FOC + egch)n—lggc ]
co° — [ 0, FOC9, ... (FOO)n-1g, ]

Coot (3.60)
Ci0=| g F40g, ... (FAO)-1g, ]

oc n—
C [ 9y FOCQ FOC 19y ]

-
cAo g, F40g, (FAO)n g, ]
similar to (3.58), jordan normal form state estimate can be computed as
&’ = "10¢ (* 100010 + “140010) (3.61)

where

"10¢ = ¢(¢2)!
OCpao _ (0C (a0y-1 (3.62)

OC 240 _ A0C(pAON—1
T;, =Cy, (C))

Noting that C{}f and C:,‘f are completely known and no estimates are required.
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The remaining controllability matrices are estimated as

ég _ | b’ AJbJ (A‘I)"_lb" ]
€00 = [ 47 (FO° +650gTGC - (FOC +66%9T 165 |
A 7 A (3.63)
Cgf = | §oc pocgec ... FOC)n—lgSC}
soc _ [ 4 5 n—19
Col = | 69¢ FO95C ... (FO°) 1950]

Here, we have no guarantee that éxoc will be non-singular, and we also are not
guaranteed that C,jif) and C‘f}f are not poorly conditioned subjecting the algorithm
to amplification of numerical errors when implemented. Alternatively to (3.61) we
can eliminate the need to invert C:° and C‘fyo using an alternative method to estimate

~0C

z%% using an additional online estimate,

‘,IX:OC _ FOC.’iTOC-!—ény-l-éSCU (364)

J A
for which we are then only required to compute ~T°¢ of (3.62). The state estimate

in jordan form is then
J ~
i) ="T19939¢ (3.65)

In general this second method using (3.64) and (3.65) will be used in the following
chapters. Care should be taken if the parameter estimate is initialized at 0 as @SC

will be initially singular.
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3.2 Matrix-regressor (MR) Adaptive Observers

Asymptotic stability of parameter error estimates to zero can be shown for the vector
regressor adaptive observer provided the input to the system is persistently exciting
(PE). However, the rate of convergence is not only very difficult to compute, but
also extremely slow. In order to generate adaptive observers with improved error
convergence, matrix regressors have been explored in leiu of vector regressors [22,24,
25]. In this section be begin by introducing the notion of strong persistent excitation
(SPE). We then present two matrix regressor based adaptive observers (MR-AOs).
The first has been reported previously in [24,25,40], and is discussed in 3.2.2, while
the second was introduced by the author in [22] and is a primary contribution of this

research. This second MR-AQ structure is discussed in 3.2.4

3.2.1 Strong Persistent Excitation

The drawback of the PE condition in (3.24) is that the degree of persistent excitation
€1 in (3.24) is not directly related to the convergence rate of 8 to zero in (3.15). More
importantly, it has been observed in practice that the convergence rate, though
guaranteed to be non-zero, is extremely slow. This motivates the notion of strong
persistent excitation (SPE), for which we consider a matrix of regressors (2 € R"*"

and the exponential stability of a(t) = 0 of the differential equation

~ ~

6(t) = —Q(t)Q" (1)6(¢) (3.66)

Theorem 1 (Strong Persistent Excitation 1). If there exist positive constants tg, €2

and py such that

p2 > X [Q)QT ()] > €, i=1,2,.., N, Vt > tg (3.67)
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then (i) Q is said to satisfy strong PE, and (ii) the origin 6(t) = 0 is exponentially

stable and satisfies the inequality

e—P2(t—to) < _”_fﬂ < e_GZ(t‘tO)’ Vt >t (3.68)
[16(to)ll

~

for any initial condition 6(ty).

The proof of Theorem 1 (as well as Theorem 2) is omitted as it follows directly
from properties of linear time-varying systems. We denote condition (3.67) as Q €
SPEN and €, as the degree of SPE of ().

A slightly weaker version can be formulated which allows for Q(#)Q7(¢) to be

occasionally singular, and is stated in Theorem 2.

Theorem 2 (Strong Persistent Excitation 2). If there exist positive constants T, to,

€3 and p3 such that Vt > t,

t+T
Tps > / N [QA)QT ()] dr > Tes, i=1,2,..,N (3.69)
t
then (i) Q is said to satisfy strong PE, and (i) the origin g(t) = 0 1is ezponentially
stable and satisfies the inequality

~

et < WOOIL o awo vy > g 47 (3.70)
16l

~

for any initial condition 0(t).

It should be noted that with the matrix regressor and the resulting differential
equation in (3.66), if € satisfies either the SPE condition in (3.67) or the condition
in (3.69), there is a direct relation between its degree of persistent excitation and the

convergence rate of (t) to zero in (3.66). This in turn implies that one can use the
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Figure 3-4: The equivalence of the relationship between u,y and u;,y; for MR-AO 1
is clear once initial condition errors decay.

degree of SPE as an on-line metric for evaluating parameter convergence in a given

dynamic system.

It is easy to see that if  satisfies either (3.67) or (3.69), it will satisfy (3.24) for

some positive constants tg, Ty, and €.

We now discuss adaptive observers which use matrix regressors rather than vector

regressors.

3.2.2 Matrix-Regressor (MR) Adaptive Observer (AO) I

The matrix regressor used in MR-AO I is composed of 2n vector regressors. To
generate these multiple vector regressors, denoted w;, instead of a single vector w as
in (3.9), we utilize additional filters of the regressors and system output y(t). The

base regressor is constructed as in (3.9)

— u
wo=Fuwy+79 . (371)

Y



3.2. Matrix-regressor (MR) Adaptive Observers 7

— F 0 g 0
F = ’gz
0 F 0 g

where F, g are defined as in (3.5). 2n — 1 additional regressors and output signals

are created as

w; = G (s)wo, 3 = GP(s)y, (3.72)
i=1,2,..,2n—1

where yo(t) = y(t), and G(()i)(s) = (;%)z, B > 0, and s denotes the differential
d

operator %. Here Gy(s) is a first order low pass filter, but in general any filter can
be used, in the following chapter we will use a combination of high and low pass
filters. With the total of 2n w;, we generate the matrix regressor and vector output

as

Yo
QI = [Wo,wl, ...,w2n_1], Y = U1 = QIO (373)

where Figure ?? depicts these signals in a block diagram form. For clarity it is helpful
to point out that one can construct an equivalent set of regressors by sequentially
filtering u and y as u; = (Go(s))Pu and y; = (Go(s))Py and then compute filters as
Wi = Fw; +glu; 5] fori=1,2,...,2n - 1.

We now present the matrix regressor adaptive observer, denoted as MRAO-I
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(see [24,25] for details):

. S _ (7

wo=Fawo+7
y

@ = GP(s)dy, i=1,2,--,2n—1

i =GP(s)y, i=1,2,---,2n—1

Y:[y Y Yon-t ]T 1)
E=Q]6-Y

6=0= —'yQIE
Qr = [wo,wl, , Wap—1 ]

where 6 = 6 — 0 is the parameter error, w; are estimates of the filter states w; of
(3.71)-(3.72) implemented by the observer and v € R* is a positive learning gain.
Whether for the vector regressor adaptive observer in (3.9)-(3.11) or the MRAO in
(3.71)-(3.74), a persistent excitation condition [40] must be satisfied for parameter
€erTors é(t) to converge to zero asymptotically. In the latter case, we previously
defined the notion of Strong Persistent Excitation (SPE) and below a theorem that

derives conditions under which parameter convergence takes place.

Theorem 3. If the external input u(t) = Z?zl sinwv;t it can be shown that (i) ; €
SPE,, and (ii) 6(t) = 0 in (3.73) ¢s exponentially stable and satisfies the inequality

Hé(t)“ < Ha(to)” e~renlt=t0) it > ¢ (3.75)
where €q is the degree of SPE of ;.

Proof. Using transformation matrices J and K the matrix regressor can be shown
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to be

Qs (t) = Jvo(t), Kvo(t), K vo(t), ... K2 ug(t)] (3.76)

where vo(t) = [sin(uv1t), cos(vit), ..., sin(v,t), cos(vat)] T, J and K are constructed as

T
J = R, (3.77)
TR,

K=Ry

with the transformation matrices T, R,, R; € R™",

sin vt
R
cos gt
Wyi = [ T] T2 ] Ri2

N -— o’ sin vot

T . )

— R <2
S

and R;; € R?*? is a block of R;. b;; and ¢;; € R are the gain and phase shift due to
G; at frequency v; respectively.

Ccos ¢;;  sin @,
Rij = by Pi Pi (3.79)

—sing;; cos¢;;
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T; € R™? is another transformation matrix,

- . -
0 v

Tj=| -2 0 (3.80)
0 —v

and K is a block diagonal matrix whose jth block is given by

bjcos¢; b;sin@;
K;=| " b5 bising; (3.81)
—bjsing; b;cos@;
where b; and ¢; are the gain and phase of Gy at frequency v;. vo(t) # 0 for all ¢ by

construction.

It can be shown that J is nonsingular [40]. We will now show that
v = [’U(], K’U(), KZ'U(), ...K2"_1v0] (382)

is nonsingular.

The block diagonal structure of K results in g(s) = ¢'(sI — K)~'b where c and
b are arbitrary vectors in R?". The structure of K in (3.76) implies that g(s) has n
pairs of complex conjugate poles and at most only one real zero for any b and c¢ in
R?", This in turn implies that there are no pole-zero cancellations in the transfer
function g(s). Therefore the triple {c, K,b} is controllable and observable which
implies that ¥ is nonsingular. This proves that ;(t) is non-singular for all ¢ which
proves (i). From Theorem 1 we conclude that there will exist an eq > 0 such that

QrQ] > eq Vt >ty This proves (ii) in Theorem 3. O
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It should be noted, that as represented above, the adaptive observer in (3.74)
will require 4n? + 4n — 2 integrators. As a result, for a given set of frequencies in
u(t), the degree of SPE eq may be rather small due to the filtering by a transfer

function of order 4n. This motivates the new MR-AO structure described in 3.2.4

which reduces this order to 2nZ2.

3.2.3 Stability of MR-AO 1

For the nonminimal system (3.71) and subsequent filtered states and output of
(3.72) we now analyze the stability of the matrix regressor error, Qr = Q- Qp
synthetic output error Y = Y — Y and parameter error 6 =60-6. We begin
by stacking the vector regressors which make up €; € R?"?" into two vectors
Wy = [wag Wey ** Wuzn—1]"]" € R? and W, = [w)y w); - - wyona]T]T € R?™ which

from (3.71) and (3.72) are constructed as

. (3.83)
W, = FwWy + gwy
with Fy € R2°x2* g e R?" defined as,
- - .
Ry = | P T =" (3.81)

IBIn _BIn 0
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with I, € R™*” an identity matrix. The estimate W of W is similarl
y y

Wu = Fwwu + gwu

I//Vy - FWWy +gWy

resulting in error dynamics of the nonminimal states

We additionally describe the construction of synthetic output vector Y’ = [y; - -

and its implementation Y” as,

Y'=FKY'+gvy

Y = FRY +gyy

where Fy € R?-1x2n-1 4 c R?"1 i5 constructed as

-p
B -8B 0

B —B 0

resulting in a synthetic output error dynamics of

Y' = F,Y'

(3.85)

(3.86)

: an—l]T

(3.87)

(3.88)

(3.89)

and the full output error of ¥ € R?* = [y (Y")T]. This error in the synthetic output

vector is purely a result of initial condition mismatch due to our observer initializing
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without a prior history of y.

We now cxpand the error E of (3.74) for use in the analysis to follow,

A

Y

Il
o
e

E=Q
10-QJo-Y

I
o

(3.90)

QJo— (O] —Q)e—-Y
=0]6+Q/0-Y

~—
Ey Eq

To analyze the stability of the MR adaptive observer in (3.74) we define a radially

unbounded Lyapunov function candidate
V= %~T§+ WTPyW + (Y PyY’ (3.91)

with positive definite Py € R2¥*™* satisfying Fy, Py + PwFw + Qw = 0 for any
positive definite Qy € R2*2* and positive definite Py € R?*~1X2"~1 gatisfying
FJ) Py + PyFy + Qy = 0 for any positive definite Qy € R**~1*?*~1_ Using b of
(3.74), W from (3.86) and Y’ of (3.89) the time derivative of (3.91) is given by

. AT i ~ ~ L i3 - ~ K3
ol (9 6+ M) +WTPyW +WTPyW + (Y)Y + (YY) PrY’

sV}

= 5 (BTO0+ 070, B) W Qu - (V)T QuY"

= §TOOTI+QT0-T) - WTQuwW — (V)T QwY” (3.92)
= —MFQQ,T(L ?Qﬁ?& + gTQf/) —WTQwW — (V)T QwY"

=—E]FEy— E]Eq+E]Y —W QuwW — (Y)"QwY’

Where we see the fourth and fifth terms are negative definite while the first term is

a negative quadratic term in E, and the second and third are linear in Ey. From
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this we can conclude that V < 0 outside of the compact set

S = {56 R2 () € RZ2" Y ¢ R . “QWH > HﬁTG +Y

} (3.93)

From (3.86) and (3.89) we see that ”ﬁTB “+ l}” exponentially decreases independent
of excitation and other signals. And therefore & exponentially shrinks to the null
set and we approach a globally stable system. Identical arguments to that of the
VR-AO show that regardless of excitation lim; ,, Fy = 0 and with () € SPE;, ]
will exponentially decrease to 0.

Here it is important to note a caveat to claims of arbitrarily fast convergence of
the observer. Clearly from the stability analysis our limiting factor to convergence
is Q and Y which determine the size of S. In theory, the filters F, g and Go(s) can
be made arbitrarily fast and therefore S would shrink arbitrarily fast. However, in
practice, numerical errors prevent using F, g and Go(s) which are too fast’ relative
the original plant poles. Obviously, 'too fast’ would be determined by the hardware

available..

3.2.4 Matrix-Regressor Adaptive Observer 11

G, Gs

Figure 3-5: Equivalence of multiple independent nonminimal systems is achieved by
an additional feedback term, ¢ f; in the output filter Gj. Since this 4 f; is known, mul-
tiple nonminimal representations can be used simultaneously to construct a matrix
of regressors.
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In this section, we present a second matrix regressor adaptive observer with an
inherently different method of generating the multiple regressor vectors. Recall that

the adaptive observer is built upon a nonminimal equivalent system of (3.3)

Iﬁ—lxn—l
#(t) = (F + 0,¢)a(t) + bpu(t) = | —fo 2(t) + O,y(t) + O,u(t)
len—l
(3.94)
y(t) = ¢ z(t)
and that of the true parameters,
0, =b, and 8, = fo —ay (3.95)

0, is independent of the filter F°C and 6, is biased by the filter characteristic poly-
nomial coefficients fo. This allows the creation of additional nonminimal represen-

tations for the same system using the true parameters of (3.96)

In—lxn—l
&) = | —f; z(t) + 0,y (t) + (fi — fo) y(t) + Ouu(t) (3.96)
N’

§fi
len—l %

The fundamental characteristic of matrix regressor adaptive observers is the gen-
eration of additional nonminimal state regressors which when excited will provide
responses linearly independent of any other regressor. In the previous section and

elsewhere in literature this was accomplished by creating virtual inputs and outputs,
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u; and y; respectively, by filtering the true systems input, v and output y. This new
approach creates additional regressors instead through gencration of an alternative
equivalent system, something not seen before in the literature. The key enabling
factor for this is that the same parameterization, 6,,6,, is used for every equivalent
system. With this understanding of the intracacies of equivalent systems, we present

an alternative matrix regressor adaptive observer, designated here MR-AO-IL.

We represent the plant using states w; that are generated as

sz u
wy=Fuw,+7 s (397)
Y
— F, 0 0
Fi = . g — g
0 F; 0 g
In—lxn—l 1
}%:: —jﬁ g= 0
i lenfl i ;
Q= [ Wy Wy s Wan_y ]

where f; # f; Vi # j. This leads to a total of 4n? integrators that make up the

matrix regressor ;.

With the above states, the plant output ¥ can be expressed as

1
2n—1
Y=y|1|=,0+) ww o7, (3.98)
. i=1
_ 0
8f, = i=1,2--,2n—1
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where w; is a unit vector directed in the ith dimension. It is the introduction of this
offset to 6 = —ap + fo which allows the construction of 2n error equations while only

filtering the input by filters of order 2n.

With the plant representation as in (3.98), we now generate errors

ei=(0+0F) @ —vy (3.99)

E= [60’613 "'782n—1]T

Since f; and f, are known for all 7, the offset d f; is known. Therefore, e;(t) can be
constructed at each instant of time using a single estimate of the parameter vector

for which we can now choose an adaptive law similar to that in (3.74) as
é = 52 —’)’Q[[E (3100)

where v € Rt and 0 =0—0is the parameter error.

Note that the true unknown parameters will be different for each filter, but all
related by known vector shifts 57, Therefore only one vector parameter estimation
0 of 6 is required. We now state the convergence result for MR-adaptive observer II,

similar to Theorem 3.

Theorem 4. Assume for all frequencies v; there exists a pair of filters i, j such that
sin(¢i; — ¢x;) # 0. If the external input u(t) = >°7_, sinvjt it can be shown that (i)
Q1 € SPE,, and (i) 6(t) = 0 is exponentially stable and 3T > 0 such that H9~(t)H

satisfies the inequality
”5@)” < ”b“(to)n emvealt=t0) g > 4o 4T (3.101)

where €q is the degree of SPE of .
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Proof. Using transformation matrices J and K; the matrix regressor can be shown

to be
Q[](t) = J[Kl'l)()(t), ngg(t), Kg’l]o(t), ...Kgn’ljo(t)] (3102)

where vo(t) = [sin(vit), cos(vit), ..., sin(v,t), cos(v,t)]T. As in Theorem 3, it follows

that vg # 0 Vt. J and K are defined as

J= (3.103)

where the transformation matrices T, R,, R; € R»*" are

sin vt
R;;
cos vt
Wy = [ T; T, ] Rio X
< -— ) sin vt
T
ot < =
S
Wy = TRpRls (3104)

and R;; € R?*? is a block of R;. b;; and ¢;; € R are the gain and phase shift due to
G; at frequency v; respectively.

ij  sin ¢y
Ry—by | 00 % (3.105)

—sing;; cos ¢y
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T; € R™? is another transformation matrix,

1 0
0 vj

T; = *’032' 0 (3.106)
0 —

and K; is a block diagonal matrix whose jth block is given by

Ky = bij cos ¢i;  byjsin ¢y (3.107)
—bijsing;; bi; cos ¢;;
where b;; and ¢;; are the gain and phase of G; at frequency v;.

It can be shown that J is nonsingular [40]. We will now show that for all ¢,
¥ = [Kjvg, Kovg, K309, ... Kontg] is not singular.

The block diagonal structure of Kj; results in each block K;; multiplying only
frequency j. Additionally by assumption 3i,k s.t. sin(¢;; — ¢xj) # 0 and it
follows that ¥; = [K;vg, Kojvg, - -+ , Kanjvo) is rank 2. Therefore, 3T,y such that
ftt+T A [P]dr > 0 m = 1,2,..,2n Vt > t; which implies ftHT Am Q)] dr >
0m =1,2,...,2n Vt > ty and proves (i). From Theorem 2 we conclude that there
will exist to, T, eq > 0 such that [ A\, [ Qf] dr > eq m = 1,2,...,2n Vt > t,.

This proves (ii) in Theorem 4. O

Similar to MR adaptive observer I, as represented above, the adaptive observer
in (3.100) will require 4n? integrators. However, unlike MR adaptive observer I, no
signal is filtered by a transfer function of order greater than 2n, which has obvious
advantages. Additionally, MR adaptive observer II is advantageous when the band-

width of the plant is not well known. This is because, unlike MR adaptive observer I,
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the filters of adaptive observer II can be distributed throughout the predicted range

of the unknown plant’s bandwidth.

To facilitate faster convergence, equation (3.74) should include positive definite
gain matrix I'. A similar proof to that of Theorem 3 can easily be derived for this

case as well but was omitted here for ease of exposition.

3.2.5 Stability of MR-AO 11

For the nonminimal systems (3.97) we now analyze the stability of the matrix re-

gressor error, {0y = Qpr — 1;r and parameter error 6 = 6 — 6.

We begin by expanding the error E = [eg €; --- eg,_1]" for use in the analysis

to follow. First note that from (3.99)

ei=(0+6f) @~y (3.108)
= (0+8F) @i — (0 +6F,) ws (3.109)

= (B+6F)Ta; — (0+6F) (@ — @) (3.110)

= 0" + (0 + 6F,) @ (3.111)
(3.112)

which can then be written in vector form as

E = Q],6 +Eq (3.113)
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with
_ . -
Eq =050+ 5??5" (3.114)
| F i |
Additionally we compute the nonminimal state errors w; = w; — w;,
w; = F&; (3.115)

To analyze the stability of the MR adaptive observer in (3.99) we define a radially
unbounded Lyapunov function candidate
2n—1

1~T~ ~T ~
V=26"0+ ;wj P& (3.116)

with positive definite P, € R?"*?" satisfying F;' P, + P,F; + Q; = 0 for any positive
definite Q; € R2"*2" for all i € {0,1,...,2n — 1}. Using 8 of (3.99), &; from (3.115)
the time derivative of (3.116) is given by

2n—1

. 1 /AT~ ~x . L 5
V= 5 (0 0 + GTH) + (w:Piwi + @ P;) (3.117)
=0
1 D 2n—1
= (ETQ},e + oTQ,,E) - ; 57 Qi (3.118)
_ —_ 2n—1
=0T 00— 0 QB - ) & Qi (3.119)
=0
2n—1
= —E; By — EByEq — Y @] Qiw; (3.120)
=0

(3.121)
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Where we see final summation term is negative definite while the first term is a
negative quadratic term in Fjy and the second is linear in Ey. From this we can

conclude that V < 0 outside of the compact set
S= {56 R*™ () € R . “QT5H > |1 Eall} (3.122)

From (3.115) we see that ||Eq|| exponentially decreases independent of excitation
and other signals. And therefore S exponentially shrinks to the null set and we
approach a globally stable system. Identical arguments to that of the VR-AO show
that regardless of excitation lim;_,, Ey = 0 and with Q) € S PEy;, 6 will exponentially

decrease to 0.

Once again, as with the MR-AO-I we can in theory achieve arbitrarily fast con-
vergence of the parameter error with persistent excitation of the system implying

SPE. However, we are still limited by the presence of S.

A few comments are now in order to address differences between MR-AO I and
II. First, in order to rapidly decrease the size of S of MR-AO-I we would need to
increase the speed of the base filter. However, using a base filter which is very fast
relative to the plant will result in poor SPE and poor learning in general. In MR-
AO-IT a number of filters can be used, with a range of speeds, from extremely fast
relative to the system, to on the same order of the system. Introduction of scalar
time varying gains for lerning from each regressor which start small but increase to
unity at the same rate the error decreases allows poorly conditioned fast regressors
when slower regressors contain error due to initial conditions, but using slower better
conditioned filters once errors are expected to have decayed sufficiently. Secondly,
the sequential filtering of regressors in MR-AO-I will significantly attenuate signal
strength at higher frequencies, thereby potentially significantly reducing the degree of
SPE if the input signal contains high frequency content. The MR-AO-II alternatively
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only filters the original signal with its full strength. And third, as the order of the
plant increases the number of regressors increases and when large would require a
large number of filters to be assembled for MR-AO-II, as these filters must be spaced
significantly apart in the frequency domain in order to maintain sufficient SPE it
may become difficult for higher order plants. For these higher order plants, the
best course of action would likely be a combination of multiple base regressors as
constructed in MR-AO-II each sequentially filtered as in MR-AO-I in order to create
at least 2n regressors. If resources permit, more than 2n regressors can increase the

degree of SPE for a given input resulting in Q € R**™ with m > 2n.
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Chapter 4

Adaptive Observers for the modified
SP model

Contents
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In the previous chapter we discussed adaptive observers for linear time invariant
(LTT) strictly proper single-input, single-output (SISO) systems. For our battery
management system (BMS) task, as can be seen from the model summarized in
section 2.3.2, our system does not fit this description due to the presence of two

static nonlinear functions, a nonlinearity at the output of the dynamic system and

1
ocp

a nonlinear feedthrough, and fL ., respectively (Figure 5-1). In this chapter we
assume that f,_ is known, but still present, and modify the adaptive observer to

work in the cases of fL _ known and unknown.

over

95
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~

Figure 4-1: Schematic of true, predicted and estimated signals of the modified SP
model for implementation of the MR-AO I
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4.1 MR-AOQO I for the modified SPM, overpotential

known

For a physical cell the only measurements available are the input, I, and the potential
across the cell terminals, V. For the nonminimal states of an adaptive observer to
converge to their true states a measurement of the output of the dynamical system
is required. We can compute an a-priori prediction of this signal, designated ¢ in

figure 4-1, as
(4.1)

where Vocp is the predicted open circuit voltage after the estimated overpotential has
been subtracted from the measured cell voltage and ¢ is the predicted dynamical
system output. In the ideal case where f1_ = fL  and A(}cp = fop we have
that Vocp = Voep and § = y. It is the synthesis of this signal, which will mimic
the dynamical system output independent of its estimate that enables the use of an

adaptive observer for this system despite the presence of nonlinearities on the output

and feedthrough.

We first validate the performance of the adaptive observer described in Section
3.2. The problem is to identify the parameters the SP model defined by (2.34)-
(2.39), using I and the corresponding prediction of y, ¢, from measurements of V,

first assuming both f1 and fb . are known.

cp over

To test the adaptive observer under realistic PE conditions a UDDS drive cycle
[56] is used as the cell input and repeated for 3 hours. The UDDS signal is an urban
dynamometer driving schedule used by the United States Environmental Protection

Agency to test fuel economy representing city driving conditions. Examining the
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frequency spectrum of this signal confirms that it is indeed persistently exciting.
Figure 4-2 shows both the input profile as well as the cell voltage and internal state of
charge. A total of 6 parameters are estimated by the adaptive observer, representing
the 3 numerator coefficients and 3 denominator coefficients of the equivalent transfer
function from I to y. The filter Q; was chosen as in (3.74), with @y determined using
Fi, ¢u1, 91 as specified by (3.34)-(3.40) and &; as in (3.72) with Go(s) = s3553 and
the scalar gain v = 3. The MRAO-I described in (3.74) was evaluated with a 30%

corruption in the six parameters what correspond to the 3rd order transfer function

of the SPM.

Input Current
100

50 | | | | | i |

06 -
=05
§ 0.4,

0.3

Figure 4-2: Input current, cell voltage and state of charge of the cell for all simulation
results

Figure 4-3(a) shows the corresponding parameter estimates obtained using the
predicted output 3 = y. Also shown in Figure 4-3(b) is the estimated output of the

cell, which is a nonlinear transformation of the dynamical error used for the adaptive
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learning. Figure 4-3(c) is the corresponding SO(C' cstimate error, which corresponds
to the estimation of the state variable ¢, defined in (2.34). Given that a key goal of
a BMS is an accurate estimation of SOC, Figure 4-3 clearly shows that assuming ;cp
and fJ,., are known a matrix regressor adaptive observer can successfully estimate

internal states and correctly identify the underlying diffusion dynamics.

The results of Figure 4-3 are based on the assumption that fy.r and f, are
fully known. We now relax this assumption and assess the need for estimating the
nonlinear components of the SPM. We begin with a numerical evaluation of the
system considered previously, and introduce a 50% reduction in R;. From (4.1), it

follows that this in turn leads to errors in ¢ where

y=(fl) " (V = fle(D) (4.2)
i= (L) (V= flhe(D) (4.3)
ey =9—y=—kO05R;I (4.4)

where k; € R* is some time varying scalar gain. This therefore introduces errors
in parameter estimation as well. Figure 4-6(a) shows the corresponding parameter
estimates obtained using the corrupted output ¢ which clearly illustrate the lack of
their convergence. Also shown in Figure 4-6(b) is the estimated output of the cell,
which is a nonlinear transformation of the dynamical error used for the adaptive
learning. Figure 4-6(c) is the corresponding SOC estimate error, which corresponds
to the estimation of the state variable ¢, defined in (2.34). Given that a key goal of
a BMS is an accurate estimation of SOC, Figure 4-6 clearly shows that uncertainties
in f1

over Cannot be ignored. For this reason, estimation of the overpotential should

be added to the adaptive observer and is addressed below.
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Overpotential (fover)

I » O =+_’VOUE1"

Figure 4-5: Overpotential basis function representation
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Figure 4-3: MR adaptive observer when fover = fover (a) normalized parameter estimates,

gﬁ, where 6; is the i’th element of the true parameter (defined in (3.73)) (b) cell voltage
estimate error (actual cell voltage can be seen in Figure 4-2) , (c¢) SoC estimation error
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Normalized Dynamical Parameter Estimates

Figure 4-4: MR adaptive observer with corrupted foer (a) normalized parameter esti-
mates, gf, where 0; is the i’th element of the true parameter (defined in (3.73)) (b) cell
voltage estimate error (actual cell voltage can be seen in Figure 4-2) , (c¢) SoC estimation
error
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4.2 Augmented MR-AO I for the modified SPM,

overpotential unknown

In the ideal case, when (}cp is perfectly known, it follows that a variable yy can be

synthesized as

wo =Y+ foer(I) =y+v'a (4.5)
with
L o
Y= fQFI) La=| 7 (4.6)
I fN.(I) | | an |

This in turn leads to an underlying linear regression model of the form

Yvo = tig 0 (4.7)
where
Wa 0,
Ho = Wy 70 = Oy (48)
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based on (3.71) and (2.32) The combined nonlinear MRAO observer is proposed as

Gvi = fi; 0
‘i)u(] = F‘Duo + gul

Gyo = Fiyo + 9,9

T (4'9)
[ &l o v ] i=0
fri =9 G () fio 1<i<2n

G(()i_zn)(s)G,(,i_%H)(S)ﬂo n<i<2n+N-1

where n is the order of the dynamic system (2.29) and N is the number of basis
functions used for (2.32). Géi)(s) = (;%)i, b > 0, is used to create the first 2n — 1
additional regressors and Gjp(s), a high pass filter, is introduced in the generation of
the last N filters required to assemble a full rank matrix of regressors. Recall from
Section 3.2 that although a low pass filter, Go(s), was used, any filter can be used.
Design of F, g,, g, is given by Equations (3.33)-(3.40) described in Section 3.1.2. The
reasoning behind the use of Gy(s) will be described shortly.

In order to estimate the parameters, #, we need to generate an output error e;
using yyvo and 9y;,7i = 0,1,...,2n + N. However, as noted above, yyq is a synthetic
variable only available when the nonlinearities are known. We therefore use variables

9(t) and V,,(t) defined in (4.1) to generate the output errors as follows

e = Yvi — Yvi

- T A ;L
y+via 1=0 (4.10)
Yvi = Gf,’)(s)gjvo 1<i<2n

G(()i_zn) (S)Géi_zn‘*‘l)(s)gvo 2”523 2n+N_1
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Using these output errors, the parameter estimate adaptive law is,

0=-T,0VE

0= [ Lofio, T'1fty, - - -, TonyNftontn—1 ] (4.11)
T

E= [ €0,€1,---,€mEN-1 ]

where I', is a projection gain akin to the projection algorithm of [27] defined as

I,=1-T,—Ty

T ~ ~ A
SL L), al8) > 0N (V£ul8)TOE > 0

0 otherwise | (4.12)

I,=

T ~ A A~
. SRR, £0) > 0A (V@) TOE > 0
b

I

0 otherwise

where f,(0) and f,(6) are convex functions

T li o
_ 0 QOe - ”0mam . T
fa(o) - 2€p ||9mam” + 612) ) Qo - TyTy
o (4.13)
GTQae — |®mazx > O2n
) = L0~ Lonall ,
€p ”amax” + & TN

using T, T, of (3.38) and with I* € R¥** an identity matrix, and 0¥ € R¥*¥ 4
matrix of zeros. Use of the transformation matrices Ty, T, is required to maintain

compatibility between this projection gain, I', and the constraint projection gain I'.
of (3.45). T, ensures the parameter estimate of the dynamic system 8,, = [0, 6]]7

éuy < 5} and the overpotential

remain within a convex set ©,, = {6,, € R*™ :
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parameter estimates, &, remain within a convex set 0, = {& € RV : ||&| < @}
where

0= Homax“ + €p (4.14)

0 = ||omaz|| + €p

For this work conservative bounds 6,,,; = 10, @ = 1 are chosen ensuring the true
parameters, 6, € O,, and o € ©,. ¢, = 0.1 defines a finite region at the outer
edges of ©,, and ©, between which I', smoothly transitions from an identity matrix
to what is known as a projection matrix. [60] Equation (4.11) can be rewritten in

summation form as

. n—1 In+N-1
6= _Fp (Z F,-ﬂ,-ei + Z Fjﬁjej) (415)
i=0 j=2n

where fi; € R*™N j > 2n are the regressors which have been high pass filtered.
I; € R2+NVx2n+N are diagonal tunable gains, which can be further broken down into

two components

T
r, = | e  i=0,1,...2n+N—1 (4.16)

71/,‘ IN

where 4,, € R" and v,, € R*. Since the nonlinear observer above used ¢, defined in

(4.1), rather than the true y, @, in (4.9) can contain errors as fL

over 13Y TOt equal

1

over- S these errors in w, are due to incorrect estimation of &, we have introduced

a high pass filter G}, which can attenuate the effect of &;, but retain the component
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of v in fi;, i > 2n. In particular, we choose Gy(s) such that ||Gy(s)||,, < 1 and

(i) (i—1) -l ” <
womax (GG ) (1 - F) el | < e
J={1,2,...,2n+ N} (4.17)
=1L couill}
Bode Diagram

§ «|

;. -

102 10 109 Fmaqc;my (:;;s} 10° 10 102

Figure 4-6: Bode diagram of the nonminimal system states and the high pass filter.
All signals which pass through both of these filters will be attenuated by at least e,
which here is 1072

where [G(S)]; denotes the j™ element of a transfer vector G(s). Additionally we
define v,, =1, 2n<i<2n+ N and

\G?“@H@I—Fr@dﬂm)A

i€{0,2,...,2n -1}

Yo, = €b ( max

jeTk=uy (4.18)

For the complete nonlinear battery model in (2.34)-(2.39), a nonlinear adaptive

observer is now completely specified given by (4.1), (4.9)-(4.17). The following the-
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orem summarizes the stability properties of the nonlinear observer.

Figure 4-7: Nonminimal representation of the battery including overpotential non-

linearity, for this section we assume f,, is known allowing it to be inverted and be
transparent to the adaptive observer.

Theorem 5. Let ) € SPE, the nonlinear observer in (4.1), (4.9)-(4.17) generates
bounded parameter estimates 6 of the true parameter 6 in (4.8) and bounded state

estimates @; of the nonminimal state w; in (3.72) with
) n4+N-1
[ee =]+ > lan) — i)l < e (4.19)

i=0

where €,(t) is monotonically decreasing with t to a value of O(ep).

Proof. We begin with a state space description of the ideal plant (3.71)-(3.73) and

its additional synthetic outputs required to create a matrix regressor.

. F,, 0 9zi
Wig = Wig + 3 (4.20)
| gczi F 9e
e g
F; 9
0 0 0<i<2n+ N
UJE,- = WZ}E
0 I E=u,andf =y

| ——
C;
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with F, g of (4.9), and C,;, F.;. g,; such that

Coi (s — F) ™' g =
G (s) 0<i<2n (421)
GE(s)G " (s) 2n<i<2m+ N -1

Equation (4.21) implies that W,-,g,E,g,.,@ all have dimensions which vary with ¢,
where §i,6;r,Wi,5 € R™, where m=i+n when 0 <i<2npand m =14 —n+n(i —
2n+1) for 2n <1 < 2n+ N — 1 with n, being the order of the high pass filter used.

We can then construct the nonminimal state estimates,
Wie = FiWig +7:€
Wgi = CiWig 0<i<2n+N, (4.22)

§=u, and€=gj

To show the stability properties of the adaptive observer (4.8)-(4.16) we construct a

Lyapunov function candidate

2n+N-1
1o~ 5T i
Vi= 56 0+§;y Z:; Wi PWig (4.23)

where 6 = 6 — 6 is the parameter estimate error of  defined as in (4.8), and the
errors within the construction of the nonminimal states are, W;¢ = W,-,g - Wie. To

compute V;, we use (4.10), (4.11), (4.20), and (4.22) and note that the time-derivative
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of (4.23) can be simplified as

2n+N—-1 2n+N-1

Vi=00+ Y (WLPWiu+ WLPWiu)+ > (W] PWy + W, PW,,)
B 2n+N-—-1 =
= —é‘TFpQ’E - Z (W,LQzﬁ/z,u)
2n+N-1 =

~ — o~ _ - . _ ~ —T ~
+ Y (W RFWy +3.0 - ) + (@ - )3l + W, FRW,,)
i=0
(4.24)

where Q; > 0 and P, solves F:Pi + BF; = —Q; with F;, g, of (4.20). Expanding ey
of (4.11) we see that

=070 fh(Voop) (4.25)

(4.26)
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V.
45,
4.0+ €q
Voo l
V;JL'!I T
3.5+
3.0 — -—kge,;,
1 I 1 1 i 1 c;s
0.0 0.2 0.4 0.6 08 1.0

vy g

Figure 4-8: Due to the monotonicity of olcp the error in the predicted open circuit
potential V,, will result in the same sign but scaled error in the predicted dynamical
output ¥

where k; € RT, a bounded time-varying gain,

1 1
R
max, Bfégyg(y) min, a %yz(y)

(4.27)

The error of the subsequently filtered regressors is

GY(s)e 1<i<2n
g=9q (2) ¢ = (4.28)
G ()G (s)ep 2n<i<2n+ N —1

Additionally, the error in our a-priori prediction of y, ¥ is

j—y=W' 0—kr'a)—w'e

= kv G -
IS =

€a
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Using these errors in (4.24) we see that

) 2n+N-—1 N 2n+N-1 _ N 2n+N -1 . B
Vi=— 3 UL - Y. (Whe) - Y (Wie,)
2n-:l:\70 1 = 2n+Nz:10
Z (Wi, P Kuiea) + (Rusea)g] PWiy ) + 2; 67T, W,C, 0
(4.30)
T, = T (4.31)
K In

Unfortunately, we are not assured that e, decays exponentially as we were with just
a linear system due to our use of an a-priori estimate of the dynamical system output
y instead of the true y. With the construction of a second Lyapunov candidate we

show that e, and e, are of the order €, from (4.17). Let

Va=a'a (4.32)
and recall from (4.15) that
) ) 2n+N—-1
a=0= F;} Z Yo, Vi€i (4.33)

where I';, € RV*V is the lower right block of I'p, the projection gain in (4.12), and
7y, were defined in (4.18). Taking the derivative of (4.32) and expanding e; we arrive

at

) 2n+N -1 2n+N—-1 _
Vo=-a'l, ( > VWJ%Z.) a+a'r, ( > ou@ 0+ 0)7,,i) (4.34)

1=0 i=0
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We now derive bounds on each term in the right hand side of (4.34). Due to our
projection algorithm we have “ON“ < 0. From (4.17) and (4.18) we have ,, |&;(t)|| <
es(2n + N)vTa| + e ||e™@(0)|| < e(2n + N)umas2[a] + e [|e"'@;(0)|| as well as

Yo, [|0i]] < €b2Zmaer Where 2mqr = max{|u(t)|, |y(t)|} resulting in

2n+N-—-1
y ~T T x
Vo< —-a'ly Z ViV; Vi | O

=0

2n4+N-1
+e Y |aTTiu| x (4.35)
i=0

(20202 + (210 4+ N)Upmar 20 + 0(0))

The first term is quadratic in & and negative since () and therefore [v1, V2, . s Vont N—1]
is SPE. The second term is linear with &' v and a sum of bounded constants scaled
by €, which can be made arbitrarily small via design of the filter G;. Therefore & is
asymptotically convergent to a set of size €,. This in turn forces the third term of
(4.24) to yet another small value proportional to €, resulting in asymptotic conver-
gence of the remaining parameter and state errors to an arbitrarily small compact

set on the order of €. O

To efficiently depict the effectiveness of this algorithm we turn to simulation,
Figure 4-9 shows the normalized parameter estimates converging to 1 as expected

and the state of charge estimation is once again to a level of less than 1%.
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Normalized Dynamical P: ter Estimat
2-
14 %E’L
04
—a
b
24 ____6“ (@)
-3 — b0
4 —
—48,
.5 L3
0 05 1 15 2 25 3
Time (h)
Normalized fy.- Parameter Estimates
- %
04
14 —&| ®
—
-2 __a’
—
39 —
0 05 1 15 25 3
Time (h)
Cell Voltage Estimate Error
0.05
0
(c)
-0.05
0.1
0.15
0.2 T T
25 3
0.05 -
- N
(d)
-0.05 -
0.1
25 3

Figure 4-9: Full MR adaptive observer for both @p and foer (a) normalized dynamical
parameter estimates, g‘%, where 0; is the i’th element of the true parameter (defined in

(3.73)) (b) normalized fyyer parameter estimates, i, where o; is the i’th element of the

true parameter (defined in (2.32)) (c) cell voltage estimate error (actual cell voltage can be
seen in Figure 4-2) , (d) SoC estimation error



Chapter 5

Experimental Validation of Adaptive

observers using Panasonic 18650 cells

In this chapter the augmented adaptive observer is experimentally validated using
a commercially available 18650 cell. Before this can be accomplished, the final as-
sumption of known f};cp must be satisfied and an experimental procedure for testing
cells must be presented. We start with a procedure for estimating the parameters
which define the resting open circuit potential, fjcp. This algorithm is then validated
using experimental data. This process is performed for each dataset collected in
later sections to provide an accurate estimate of the state of charge throughout the
experiment. Next, the experimental procedure and excitation signal are presented,
followed by results of the augmented adaptive observer running using experimental

data.
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Figure 5-1: Block diagram of the electrochemical model used to represent a Lithium-
Ion battery cell after simplifications are made for the observer.

5.1 Estimation of the Resting Open Circuit Poten-
tial

In this section the parameters required to determine either f,, of (2.37) or fgcp of
(2.44), from their underlying half-cell potentials are estimated. The structure of the
SP model poses several challenges when it comes to on-line parameter estimation.
The first is the presence of the nonlinearity for, which causes difficulty in determining

the outputs of the linear dynamics on-line.

Previously, adaptive observers were developed for the system (2.34) for scenarios
in which both f,,., and f(}cp were known as well as when only f(}cp was known.
Here we now develop a procedure to estimate the model parameters required to
obtain fjcp and fi.p. Due to the nature of the open-circuit nonlinearity and the high
sensitivity to parameters throughout the majority of a cell’s operating voltage as well
as the expectation that the parameters which define the resting OCP are very slowly
varying, a offline approach is taken for its calibration. This could be extended to a
recursive procedure. The algorithm of this chapter does not require states estimated
by the adaptive observer, an important fact to establish stability and accuracy of
the estimate. The only knowledge assumed of the system is a conservative estimate

of the slowest pole in (2.34).
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We begin with the generation of a signal, k, the integral of the current

k(t) = /t I(7)dr. (5.1)

0

Using this signal, it directly follows that the state of (2.15) can be rewritten as
TE(t) = o k(t) + B* (5.2)
where o, ¥ € R are parameters we wish to estimate, compactly assembled as
T
aocp = [ at Bt a” B~ ] . (53)
With ¢f parameterized as in (5.2) we can define the surface concentrations as
t = atk(t) + B+ T (5.4)

If we collect input-output data when g =~ 0, then we will have an approximation of

the surface concentrations as in (5.2) and hence the open circuit potential becomes

Voep % frp(ty Oocp) = U (aTk + ) U (a K+ B7) (5.5)

In order to collect data that allows the simplification in (5.5), we determine an
upper bound of gt in (5.4) with a lower bound on the poles appearing in (2.18).
With a conservative estimate of the slowest pole in (2.18) designated as —ap,, we

then construct additional signals

p;(t) = —a;p;(t) + a;|I(t)]

Va' € Qmin, loamina 102amina losamim 10
J

(5.6)
4a'min}
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and a composite of these which provides an upper bound on the relaxation of the

cell,
pe(t) = max p;(t). (5.7)

Using this setup p.(t) can be used as a conservative estimate of the quantity g (¢).

If a sufficient quantity of base filters are used in (5.6)

7 (t) < nhpe(t) (5.8)

where 7 is an unknown constant. We therefore empirically choose a limit py;,, such
that when I = 0 and p.(t) < piim, We can approximate the nonlinearity using (5.5)

leading to Vo (t) = foop(K(t), Oocp)-

5.1.1 Experimental Results

Data was collected using a custom battery cycler and two Panasonic NCR18650B
lithium ion cells in a laboratory setting. Temperature of the ambient air is kept
constant and the cell casing temperature only varies by £2%. The cycler’s maximum
sampling rate of 20Hz is used to obtain the most versatile data sets. Additional
details of the battery cycler are proprietary and have been omitted. A number
of experiments were run, in total cycling each cell close to 80 times. Each distinct
experiment began with an input profile as seen in Figure 5-2. The resulting capacities

computed at the start of each experiment are presented in Figure 5-5.

Unlike the later sections in which signals were all continuous, here we use discrete
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measurements. For all discrete t; such that T, < t; < T; and for which

C
()| < liim = —
10 (5.9)

pc(ti) < Plim = 0.2

are satisfied, we computed discrete signals k; = k(¢t;) defined in (5.1) and p; = pc(t;)
defined in (5.7) as well as measured signals V; = V(¢;) and I; = I(¢;). These signals

are accumulated into a set of sampled sequences of data Q}mp as,

(.
¢ = {K1,Ko,...kN}
a7 (02, pr} (5.10)
V = {‘/lyvéa"'VN}
\ I = {I,L,..1yx}

Using (5.5), and the sampled set (5.10), the estimate error e;, a cost function Joe

and weights for each sample are defined as

ei(éocp) = (‘/z - fécp(’q'iaéocp))
N
Joco(Bocp) = Y (i(Bocp)) wyi(Bocp)wpitwrs

=1
A 1
wsilboep) = (lafocp/anl)
_ 1
Wt = (pi + fp)
_ 1
o= (IIz‘l +61>

The three weights are introduced in order to ensure that the data which corresponds

(5.11)

Ki yoocp

to samples when the cell is closer to its equilibrium are used most heavily. Ideally Q}mp

in (5.10) would only contain measurements when I = 0 and p = 0, however, this may
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never be the case in normal operation. By addition of the first two weights w,; and
wy;, our data collection process is simplified greatly. The third weight corresponds
to the inverse of the differential of the open circuit potential local to the current
capacity measure ;. This ensures that the capacity error is also minimized when
minimizing the voltage error e; and is essential to prevent over-weighting at extreme
high and low capacities where the open circuit potential is extremely sensitive to

lithium concentration. The resulting estimate of the parameter of (5.3) is

9;@ = arg min Jocp(Bocp) (5.12)

Ooc P

where this minimization is performed using the interior point method in MATLAB.

0TI,
g Ul

0 5 16 15
Time [h]

Current (A)
o

~

Figure 5-2: Tailored input current for estimation of (5.3), foe. Beginning with a fully
charged cell, a series of 15 minute discharge pulses of I(¢) = —1.38A4 each followed by
30 minutes of I(t) = 0 are performed until a minimum voltage, V = 2.5V is reached,
held for 30 minutes at constant voltage, followed by 30 minutes of I(t) = 0. The
discharge sequence is then reversed with pulses of I(t) = 1.38A until a maximum
voltage, V = 4.2V is reached.

The resulting parameters in 6, corresponds to those in (2.15) and (2.17) as

N +3 gt B

S RFaLE T (6.43)

a i
at  a-

The fourth degree of freedom within 67001, absorbs the unknown initial condition,
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Figure 5-3: The top plot shows how the sampled sequence [2' were constructed from
pe(t). The bottom plot shows the resulting optimal f,, (%, ;) in green. For com-
parison, the corresponding voltage profile for the data shown above is also provided.

A~

B~ = c; (to).

The parameter estimates é;cp were determined as in (5.12) using data collected
from a number of experiments. For the two cells used, these estimated parameters
from each experiment are distilled into a plot (Figure 5-5) of the decreasing capacity

trend that would be expected under the cycling and excitation which the cells were

subjected to.

The benefit of the algorithm presented above, in comparison to the general ap-
proach of using a slow charge/discharge cycle of the cell, is that the process of this
section only requires points of relaxation spread over the operating voltage. This
allows a cell to be pulsed, similar to what may be experienced when a vehicle is used
for a series of trips with sufficient time between trips. The conventional method

requires the battery be taken out of use and subjected to a 48+ hour calibration
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Figure 5-4: The relationship between the measured voltage from Figure 5-3 and

~

the estimated equilibrium open circuit potential f;.,(k(t),focp) from (5.5) and (5.12)
with Capacity(t) = £(t) — min; x(t) are shown in blue and red respectively.

test. In contrast, this method can be accomplished in under 8 hours, while being

used.

It should be noted that one can replace the batch procedure for estimating the

parameters of f;., in (5.11),(5.12) by a recursive procedure.

This algorithm was designed using experimental data hence the empirical choices
for Ij;, and pyi, in (5.9). Using the OCP calibration input profile of Chapter 5.2 and
a values for limiting signals in (5.9) estimates éocp are consistent with the parameters
resulting from routines used at Bosch for their model parameterization. The benefit
of the algorithm presented above in comparison to the general approach of using a
very slow charge/discharge cycle of the cell at a current of C'/25 is that the process

of this Chapter only requires points of relaxation spread over the operating voltage.
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Figure 5-5: Cell capacities computed prior to each experiment performed. The
number of cycles is computed as Cycles(t) = 5 j:] |I(7)|dr. A downward trend is
observed and expected; inconsistent drops of capacity per cycle is expected due to
differences between experiments.

This allows a cell to be pulsed, similar to what may be experienced when a vehicle is
used for a series of trips with sufficient time between trips. The conventional method
requires the battery be taken out of use and subjected to a 48+ hour calibration test.

Whereas, this method can be accomplished in a few hours.

5.1.2 Recursive OCP Estimation

The above procedure would ideally provide a new estimate of the equilibrium OCP
every time a sufficient amount of data is collected, for example, at 11, T etc in figure
5-6. Without loss of generality we assume there is an initial estimate é;cp = égcp.
This initial estimate could be generated by either using a set of calibration data
collected before the cell is deployed or a manufacturer supplied estimation. Such
a scenario would use f;cp(égcp) for To < t < Tj. During this time data would be
accumulated into ﬁ},cp of (5.10). When sufficient data has been collected at T; a new

estimate of the equilibrium OCP parameters would be computed 67;@ = égcp and the
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Figure 5-6: Schematic for implementation of Chapter 4 and Section 5.1 together.
The adaptive observer will run cﬁontinuously for all time. For Ty, < t < T; an initial
estimate of f,e, designated f,,(6o,,) is used. At T; data collected in 2, is used to

estimate fécp(éécp) which will then be used by the adaptive observer for Ty < t < Ts.

This process is repeated for the duration of use.

adaptive observer would then use fc’,cp(éécp) for T; <t < T5. Determination of when
sufficient data has been collected within ﬁﬁ,cp could be as simple as when there are

data points within V in each of the five ranges,

Vi<3
3 <V; <3.33
3.33 <V; < 3.67 (5.14)
3.67<V;<4
4 <V;

at T, when sufficient data has been collected to generate an updated estimate é;cp =

égcp and the adaptive observer would then use f(’,cp(égcp) and the process would repeat.

Due to its highly nonlinear cost function the minimization of (5.12) requires a
reasonable initial estimate of the true parameter. If the cost function of (5.11) is
reformulated as a function of both the previous estimate é’gc;,l and a correction term

ik
005, as

Toop (0521, 805 ) = Joop(0521 + 66%,) (5.15)

ocp 1 “Yocp



5.2. Estimation of linear dynamics and overpotential 125

Then the initialization of 5éfcp within the minimization algorithm can be 0 and all
information previously used is no longer discarded. At each T} the new correction

term is then computed as

59{,‘; = arg min Jc',cp(éfcz,l*, 56%_) (5.16)
80k,
with
Ghe _ pk—1x L siks
Gk = =t 4 50k (5.17)

to be used within f;, of (5.5).

5.2 Estimation of linear dynamics and overpotential

Having presented a matrix regressor based adaptive observer for the reduced SP
model of (2.34)-(2.39), we now wish to validate this adaptive observer via experi-
ments with a consumer 18650 lithium ion cell. These cells can be found in laptops,
power-tools and electric cars. Experiments require additional considerations beyond
those previously outlined, specifically the experiment design. Experiment design typ-
ically consists of selection of the signals which will be measured and excited, selection
of the sampling rate of these measurements, the hardware to be used for both, as
well as design of an excitation signal before implementation of the adaptive observer

of Chapter 4.

Some of the decisions for the experiment design are constrained by the resources
available and laboratory requirements. Without destruction of a cell, the only mea-
surements available are the current, potential across the terminals and the temper-

ature of the outer casing. Both the current and voltage are required by observer
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algorithms, the temperature is assumed constant for these models and is recorded to
ensure that this assumption is valid. In order to gather the most flexible data sets,
the highest sampling rate possible is preferred. Internally the system samples at the
kilohertz frequency, but due to data transmission limits, data can only be recorded at
a frequency of 20H z. A potentially complex task of choosing which hardware would
best suit the experiments to be performed was unnecessary as only one system was
available which was capable of accomplishing the tasks required. The hardware used
was a custom cell cycler designed for Bosch by PEC.

Design of the excitation signal was the largest task. An excitation signal can be
characterized by two aspects, the shape of the signal (or waveform) and 2nd order
properties such as the spectrum, ®,(w), where w is frequency, not the regressor of
previous chapters. Common excitation signals are sum of sinusoids, swept sines,
filtered white noise, pseudo-random signals and binary signals [29]. System identifi-
cation literature commonly refers to these signals as being informative if they are able
to distinguish between any two models being considered by the experiment. This
quality of "informative" is directly related to the condition of PE in (3.24). Similar
to PE conditions previously mentioned, a input is informative for linear models of
order n when the signal spectrum is nonzero at at-least n distinct frequencies.

The asymptotic properties of the estimate depend only on the input spectrum,
not the actual waveform. As the optimal input design will depend on the system
which is unknown, optimality of the input is difficult to achieve. Therefore in practice
it is sufficient to choose a important frequency band and use a signal which has a
flat spectrum across this band. [29] As our model contains a free integrator, slow
poles as well as direct feedthrough, the frequency band of importance is across the
full spectrum.

To guarantee a wide flat spectrum, of the previous list, filtered white noise or

random binary signals are common. However, neither are ideal. Filtered white noise
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possesses a very high (theoretically infinite) crest factor,

_ max; u2(t)

T \/hmw—m IS w2(t)

(5.18)

The crest factor is a metric of the waveform of a signal. A good signal waveform is one
that has a low crest factor [29]. Clearly from inspection of (5.18), C, > 1, resulting
in an optimal crest factor of 1. The physical interpretation of the optimization
of the crest factor is the optimization of the signal to noise ratio when limits are
imposed on the input, where noise in our case should encompass both signal noise as
well as discretization crrors. Binary signals possess the ideal C;. = 1, however, the
nonlinearity in the SP model necessitates a signal which is not binary. Instead, a
signal is generated using a sum of multiple random binary signals modified to result

in a low crest factor.

In practice random binary signals can be deterministically synthesized using a
pseudo random binary signal (PRBS). This signal maintains white noise like prop-

erties while being easily generated using a shift register.

6%ﬂ1=[0 000000010 1]
o) = ( mod 3 ((68)Toli—=1))) oaupli—1) ] (5.19)

ui(?) = ok (%)

where mod ; is the modulo operator, and subscripts designate elements of a vector
o(j:k)- 0(1) is a shift register, where the new value entering on the left is the modulo 2
value of o] o(i —1). Where of is the PRBS polynomial of length k. The length of the
pseudo random sequence before repeating itself will be 2¥ —1 with every permutation
of binary vectors with length k appearing with the exception of all 0’s. A listing of

polynomials for alternative length PRBS sequences can be found in [2,33]



Chapter 5. Experimental Validation of Adaptive observers using Panasonic 18650
128 cells

As previously mentioned a binary signal is not sufficient to identify a nonlinearity
in the system. Therefore N = 5 PRBS signals are summed each with different initial

shift register values,

un (i) = Z ul(i)la(j)(O)zl (5.20)

with every other element of ¢(0) = 0. The resulting signal maintains white like
properties, however, the crest factor has grown to C, = v/5. As N PRBS signals
are summed the crest factor grows as C, = /N further decreasing the quality of the

signal. Instead of us the signal is modified using

N+1—up (i) ;
PO un(d) >0 (5.21)
—( +l]2]—uN(z) uN('l) <0

resulting in a signal with C, = 1.16 for u;. The above algorithm works for any
odd N. The final remaining characteristics required to define the excitation signal
are the base period and peak amplitude. For the experimental results shown in
the following section, the base period is 10 seconds resulting in a roll-off of the flat
frequency spectrum at 0.1H2. Resulting in a signal Ipgrs(t) generated from the

sequence uy (%) as

Ipps—n(t) = krun(2) + Tbias, iTPrs <t < (i + 1)Tprs (5.22)

where k; scales the pseudo random signal «)y which has a maximum amplitude of
1, the Ij;,s term can induce a mean current to the signal resulting in a charging or
discharging signal with the pseudo random signal as excitation on top of the bias

current.

With the details of the experimental setup described and a excitation signal
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defined with a low crest factor. The experiment is divided into two sections. In the
first a full charge-discharge cycle are performed to estimate the equilibrium OCP
parameters using the algorithm of Section 5.1. Second, the pseudo random signal
ug generated using (5.21) is used in two different scenarios. In the first scenario the
cell is initialized to a voltage in the middle of one of bands in which the negative
electrode is unobservable, 3.58V and the excitation signal Ipgrs of (5.22) is used with
Iias = 0. The second scenario adds a small bias current to the excitation signal to
slowly sweep through the full range of SoC while exciting the cell. Results from this
second scenario will be presented using the augmented MR-AO of Chapter 4.

Preliminary analysis was was performed using batch estimation tools to confirm
that the model described in Chapter 2 is sufficient to capture the dominant response
of the cell. Here, it was noticed that due to the limit imposed on the maximum
current for the experiment the overpotential did not leave the nearly linear regime
for low currents. This low current was chosen for two purposes, predominantly, to
ensure the SP model assumption of low C-rate remains valid. As the cells used
are energy cells, not power cells, we can expect £1C to be on the brink of model
invalidity. Secondly, safety concerns in the laboratory led to conservative experiment
design. The effect of this is that the overpotential does not need a full 4 basis
function approximation, instead it is assumed to be linear to the input I and only
one parameter is augmented to the standard adaptive observers described in Chapter

3.

Using the adaptive observer of Chapter 4 implemented assuming the model struc-
ture of (2.41)-(2.46) and an excitation input Ipgs_5(t) generated using (5.22) with
Tprs = 20sec, k; = 1.375A and Ip;es = —0.125A4 a NCR18650 Panasonic cell slowly
discharged for 7 hours.
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Figure 5-7: Excitation signal I into the system and the resulting measured cell
voltage. A small bias in the excitation signal results in a slow discharge of the cell

while being excited.

Despite the differences between the true cell dynamics and the model (2.41)-
(2.46) the dominant phenomena are correctly adapted to by the adaptive observer

resulting in state of charge estimates within 1% of the true value. Where the true
value is determined by & () = & k(t) + 8~ using &, 8~ from (5.12) and &(t) from

(5.1).



5.2. Estimation of linear dynamics and overpotential 131

SoC estimate error

0.05

02k : : :
o] 1 2 3 4 5 6
Time (h)
SoC
09 T
—
—t
085F
08
0.75
0.7
0.65
06 i g i .
o 1 2 3 4 5 6
Time (h)

Figure 5-8: State of charge estimate and SoC estimate error.

The adaptive parameters converge to values which are appropriate for the cell,

unfortunately, the true parameters cannot be determined.
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Figure 5-9: Resulting parameter estimates for the dynamical system and the over-
potential approximation

The resulting estimated output voltage and its estimate are shown in Figure 5-10

where the error converges to within +£10mV" of the measured voltage.
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Figure 5-10: Estimated cell voltage and the corresponding error, zero mean error
after 1 hour which does not decay further is the result of our approximation of the
cell as our modified SP model.

5.3 Discussion

Although the true cell kinetic and dynamic properties are more complex than the

modified SP model assumed, the matrix regressor adaptive observer provides accu-
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rate output estimation as well as internal state estimates. Even through a projection
algorithm is implemented to ensure stability of the overall system, the projection
gain is never engaged and parameters estimates appear quite robust regardless of
this projection. These well behaved parameter estimates may be partially due to the
optimally exciting signal which were used. A deeper analysis of the frequency spec-
trums of the input, output and their ratios indicates that the diffusion may indeed
by better represented by higher order transfer functions. If this is true, even signals
which are SPE of the order 2n+ N may not provide the optimal parameter estimates.
Instead SPE of the order of the true system is ideal. Due to the modularity of the
modified SP model higher order diffusion dynamical systems could be explored with-
out significant changes required of the adaptive observer proposed, however, this is

left to future work.
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Conclusions and Future Work

This thesis enumerated multiple developments in electrochemical modeling and adap-
tive observers in general. The first and fundamental component was a modification
of the SP model with attractive features such as the encapsulation of lithium diffu-
sion as a linear dynamical system independent of nonlinearities and decoupling of
the nonlinear relationships defining the kinetic properties of lithium ion transfer and
open circuit potential respectively. A second development defined a set of guidelines
reducing the design parameters for adaptive observers from on the order of n? to a
single tuning parameter. This enables rapid implementation and prototyping. Third,
a new variant of adaptive observer, referred to here as matrix regressor adaptive ob-
server II (MR-AO II), is derived for fast parameter convergence. This new observer
uses multiple simultaneous equivalent system representations leveraging a linearity
property between parameters equating the nonminimal system to that of the true
system to allow tracking of a single set of parameters. A novel selection of both low
pass and high pass filters used to generate additional regressors in the MR-AO I in
addition to augmentation of the underlying equivalent system with nonlinear basis

functions constitutes a fourth development extensively validated through numerical

135
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simulation and theory. This adaptive observer combined with an independent of-
fline algorithm to update effective electrode capacity and available lithium adapts
every parameter of the modified SP model to account for aging or manufacturing
differences. The offline equilibrium open circuit potential estimation algorithm is
designed to operate using data collected from general use, eliminating the need for
very slow capacity calibrations which could take days to run. Validation of this ob-
server and ocp algorithm in hardware using commercially available Panasonic 18650
cells completes the goals originally set forth for this research.

The developments presented pave the way for fast, computationally efficient,
advanced battery management systems with the potential to increase the effective
capacity of a battery or alternatively reduce the size, and therefore cost, of batteries

in various applications.

6.1 Future Work

There are a number of directions which could be explored as extensions to this work.

Some of which are minor while others could require significant exploration.

6.1.1 Shaping of the full nonminimal system state

In the equivalent system design section, each filter F, g were shaped independently.
Alternatively shaping of the full regressor state w = [ W, wyT ]T could be explored.
This would require use of the nominal plant model. Sensitivity of this resulting
transformation to error in the nominal plant is unknown and could potentially yield
a better performance when the nominal plant is close to the true plant, but worse

performance when the nominal plant estimate is poor. For this reason, in addition to

the complications imposed to estimate the minimal state representation states from
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the resulting transformed regressors, this transformation was not explored here.

6.1.2 Higher order approximations of the model dynamics

There are a number of models which fall between the DFN and the modified SP
model in complexity which still rely on ordinary differential equations to describe
the diffusion dynamics. Less coarse discretizations in the x domain would extend the
accuracy of the model to higher currents, however, the resulting model will include
algebraic relationships which can not be eliminated by inversion as was the case for
the modified SP model. This would require the computation of multiple predicted
outputs 7; which would all contain errors until the system was identified. The effect
of these errors is unclear, however, as they would be the result of solving an algebraic
equation, the sum of all predicted output errors should be zero. This property may
be able to be leveraged to show stability of an adaptive observer on this system.
Alternatively, a higher order approximation to the diffusion dynamics of the SPM
could also be made similar to [36,46]. The solid particle diffusion dynamics can be
shown to be more accurately represented by a transcendental transfer function of

the form,

Cos($) _ —bp sinh ( s/e) 61)

I(s) ( s/e)cosh( s/e)—-sinh( s/e)

This can be approximated using higher order transfer functions. Incorporation of

this new diffusion dynamical model into the modular modified SP model would only
require incorporation of additional constraints defining the relationship between the

higher order transfer function coeflicients.
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6.1.3 Extension of the MR-AO II to discrete time observers

The original inspiration for MR-AO 1II was a question of the optimal sampling time
when identifying discrete time systems. Clearly, the Nyquist frequency provides a
upper bound on the sampling rate, however, in theory there is no lower limit. To
generate a discrete time adaptive observer when the system dynamics are not well
known, it would help performance to be able to use multiple discretizations simulta-
neously. Unfortunately, the relationship between parameters of different equivalent

systems is not a simple shift of parameters.
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