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Preface

Eigenvalue theory is a fundamental pillar of applied mathematics, providing essential
tools for analyzing the stability, controllability, and structural properties of complex
systems. From classical linear algebra to modern engineering applications, eigenval-
ues and eigenvectors play a crucial role in different domains, including control theory,
quantum mechanics, data science, and high-performance computing. As engineering
and computational sciences continue to evolve, new challenges and applications
emerge, demanding innovative numerical methods and computational strategies.

This volume, Bridging Eigenvalue Theory and Practice — Applications in Modern
Engineering, brings together a collection of contributions that explore both the
theoretical foundations and practical implementations of eigenvalue analysis. The
chapters present a balanced perspective, ranging from fundamental mathematical
insights to real-world engineering and computational science applications.

The book begins with Chapter 1, which offers a pedagogical perspective on eigenval-
ues in two-dimensional spaces, emphasizing geometric interpretations and invariant
subspaces to enhance conceptual understanding. Chapter 2 builds on this founda-
tion, exploring the role of eigenvalues and eigenvectors in controllability analysis,
with applications in linear and nonlinear control systems. Chapter 3 then introduces
matrix exponentiation techniques using eigenvalues, focusing on applications in
quantum mechanics and dynamical systems.

A deeper mathematical treatment follows in Chapter 4, which delves into the spectral
perturbation theory of Hermitian matrices, addressing fundamental challenges in
dealing with degenerate eigenvalues. Chapter 5 presents a hybrid parallel scheme

for solving nonlinear eigenvalue problems using multiplicative calculus, improving
computational efficiency and accuracy for engineering applications.

The transition to large-scale and data-driven approaches is marked by Chapter 6,
which explores the eigen-analysis of multi-agent and large-scale systems using
machine learning algorithms. This theme continues in Chapter 7, where eigenvalue
methods are applied to mitigate multicollinearity in machine learning and high-
dimensional data analysis, with a detailed discussion on Principal Component
Analysis (PCA).

The final chapters highlight engineering applications of eigenvalue-based techniques.
Chapter 8 presents the use of principal components and factor models for space-time
data in remote sensing, addressing challenges in multidimensional image analysis.
The book concludes with Chapter 9, which examines small-signal stability analysis of
virtual impedance-based parallel inverters, demonstrating the impact of eigenvalue
analysis in electrical power systems.



Through these contributions, this volume offers a comprehensive exploration of
eigenvalue theory's role in contemporary science and engineering. By bridging
fundamental theory with computational advancements and engineering applications,
it serves as a valuable resource for researchers, practitioners, and students interested
in the interplay between spectral methods and modern technology.

I would like to extend my sincere gratitude to all the authors for their valuable con-
tributions, as well as to the reviewers whose insightful feedback has helped refine the
content of this book. Special thanks go to the Publishing Process Manager, Mrs Ivana
Barac, for her invaluable support and expertise throughout the editorial process.

We hope this volume inspires further research and innovation in eigenvalue-based
methodologies and their applications across scientific and engineering disciplines.

Bruno Carpentieri

Faculty of Engineering,

Free University of Bozen-Bolzano,
Bolzano, Italy
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Chapter 1

Perspective Chapter: The Concept
of Eigenvalue in 2-Dimensional
Spaces and Its Connections with
Geometric Scaling and Invariant
Subspace

Marcela Parraguez and Raul Jiménez

Abstract

Eigenvalues and eigenvectors are typically introduced mechanically in introduc-
tory Linear Algebra courses in fields, such as engineering, science, and mathematics
education. An alternative teaching method emphasizes a conceptual understanding by
linking these concepts to one-dimensional invariant subspaces and geometric vector
scaling. This pedagogical shift fosters a deeper comprehension by highlighting practi-
cal applications. By focusing on geometric interpretations, this approach not only aids
university students in grasping abstract concepts but also demonstrates their practical
relevance, effectively sidestepping the dense formalism usually associated with Linear
Algebra. Encouraging students to visualize transformations and their effects holisti-
cally contributes significantly to their mathematical maturity and problem-solving
skills.

Keywords: vector space, eigenvalues, geometric scaling, invariant subspace, linear
transformation

1. Introduction

The concept of eigenvalue is undoubtedly one of the most widely applied princi-
ples in Linear Algebra. Its applications are well known in structural dynamics, graph
theory, economics, the theory of equations, and stability, among others [1-4]. This
concept is strongly linked to that of linear transformation and eigenvector because it
defines an invariant direction of the eigenvector, meaning that the vector does not
change direction when the linear transformation is applied to it. The role of the
eigenvalue for this invariant direction is to “scale” the eigenvector without altering its
direction and, in some cases, its orientation. In the scenario described above, the
concepts of linear transformation, eigenvalue, and eigenvector are strongly related.
We will now discuss the concept of eigenvalue and its connections according to
Figure 1.
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Invariant Geometric
Subspace Scaling
Figure 1.

Concepts interacting with eigenvalue.

Specifically, in this chapter we are interested to show the construction of eigen-
values in R* connected with geometric scaling and one-dimensional invariant
subspaces.

2. Theoretical framework and literature review

A useful group of concepts in Linear Algebra is eigentheory as mentioned in Carrel
[5] and Wawro et al. [6], that is, the study of eigenvectors, eigenvalues,1 and
eigenspaces. We mention eigentheory because it is a set of conceptually complex
notions, which are built from the understanding of multiple key ideas for Linear
Algebra: linear transformation, vector spaces, basis of a vector space, matrix equation,
determinant of a matrix, characteristic polynomial, and kernel of a matrix, among
others. Investigating the construction of eigentheory in students—who learn—and
teachers—who teach—these topics contribute to what is known about how teachers
and learners conceptualize eigentheory [6-11].

This chapter addresses an aspect of eigentheory that has received relatively little
attention in higher education research, namely, the interaction between eigenvalues,
geometric scaling, and associated invariant subspaces.” Below is an example in 2,
where the three previous concepts are explicit.

Consider the linear transformation T : R> — R?, which describes a symmetry
respect to a fixed line L passing through the origin, as shown in Figure 2. This
linear transformation has the line L as an invariant subspace. Besides, the line L’
perpendicular to L and passing through the origin is also an invariant vector
subspace. Therefore, this linear transformation has only two non-trivial invariant
subspaces, which are L and L’. We observe that a matrix associated with T with
1 0
0 -1
A2 = 1, which scale geometrically to the eigenvectors v; = (1,0) and v, = (0, 1),
respectively.

respect to a certain base Bis (T); = ( ) whose eigenvalues are A = —1 and

" Let T: B2 —R? be a linear transformation. A scalar 4 € R is called eigenvalue of T if and only if there exists
v,v # 0, v € R?, such that T(v) = Av. If M is an eigenvalue of T, the vector v € R? is called the eigenvector of
T associated with the eigenvalue A.

* Let V be a vector space, S<V and v €S=-T(v) €S, where T is an endomorphism in V.
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L L

Figure 2.
Geometric vepresentation of L and L’ invariant subspaces of &*.

3. Methodology: Content analysis

The data for this study come from the work Content Analysis methodology: An intro-
duction to its methodology [12], which we have used for: (1) the presentation of eigen-
value in an introductory one- or two semesters in Linear Algebra for undergraduates, as
opposed to the proposal to present (2) eigenvalues via invariant subspaces of R?.

This comparison of two different ways of constructing eigenvalues will provide us
with two paths of construction, the first through the classical concept and that involves
scaling of the eigenvalue and another that involves the concept of invariant subspace.

The indicators to carry out this study and to be able to classify the mathematical
objects that make possible the interaction in a systemic way between eigenvalues,
geometric scaling, and associated invariant subspaces will be given via the matrix/
symbolic, vectorial/symbolic, functional/symbolic, and geometric/symbolic algebraic
representations, which are shown in Table 1, where A represents the matrix associ-
ated with the linear transformation T on a vector space V, 4 eigenvalue of A, and S
invariant vector subspace of V.

As a study technique, a content analysis, as mentioned in Krippendorff [12], was
made, which considered the definition of eigenvalue, the invariant subspace, the

Matrix/symbolic algebraic representations

Scalar 2 Ax = Ax (A-A)x=0 det(A—A)=0

Vector/symbolic representations

v Av = (A=Mp=0 veS — AveS

Functional/symbolic representations

T(v) T) =W (T—Apw=0 veS—Tw)eS

Geometric/symbolic representations

Dilatation Parallelism of homothecy Null projection Invariant direction

Table 1.
Indicators via representations of the intevaction between eigenvalues, geometric scaling, and invarviant subspaces.
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Research question Path of inquiry Categories
Problems regarding the interaction 1. The eigentheory as a theoretical 1.1 Theoretical
with eigenvalues and other concepts framework proposal

in Linear Algebra How are the eigenvalues and other

. L 1.2 Justification
concepts of the interaction interpreted?

2. Methodology framework 2.1 Eigenvalue

How do we access the interaction .
2.2 Invariant

between eigenvalues and other
subspace

concepts?
2.3 Geometric
scaling

2.4 Analysis
techniques

2.5 Outcomes’
presentation

Table 2.
Deductive categorization.

multiplication of a vector by a scalar, and analysis of Linear Algebra books included in
the undergraduate bibliography courses on these topics, since, according to Mayring
[13], a system of categories constitutes the central instrument of content analysis.

The categories were established in two stages in light of the objective of this book
chapter. First, a deductive or top-down categorization was carried out [14], in which the
definition of the path of inquiry was considered as that theoretical-methodological
approach that allows us to address a study problem [15]. The outcomes are mentioned in
Table 2.

Categories Vector space R*

1.1 Theoretical proposal 1.1.1 Related concepts
1.1.2 Specific definitions of Linear Algebra
1.1.3 Mathematical representations
1.1.4 Examples that illustrate vector space

1.2 Justification 1.2.1 Specificity of the examples
1.2.2 Analysis of the types of representations

2.1 Eigenvalue 2.1.1 Definition
2.1.2 Representations

2.2 Invariant subspace 2.2.1 Definition
2.2.2 Representations

2.3 Geometric scaling 2.3.1 Definition
2.3.2 Representations

2.4 Analysis techniques 2.4.1 Focus on representations and arguments used
2.4.2 Colours diagram

2.5 Outcomes’ presentation 2.5.1 New approach
2.5.2 Geometric interpretation
2.5.3 Projections
2.5.4 Engineering applications

Table 3.
Categories applied to the concept of eigenvalue in R*. Interaction indicators.
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From the categories mentioned in Table 2, in a second-stage linear algebra text-
books were analyzed, and examples were constructed to show how the concept of
eigenvalue, in the vector space R?, interacts with invariant subspace and geometric
scaling concepts, which resulted in Table 3, in which indicators were obtained that
were called interaction indicators.

Based on the interaction indicators given in Table 3, the following sections are
presented.

4. Presentation of eigenvalue in an introductory Linear Algebra
undergraduate course

The concept of eigenvalue is introduced in a classical undergraduate Linear Alge-
bra course through a definition for a square matrix, preferably with coefficients in the
field of the real numbers, as shown in Figure 3.

Once the definition of eigenvalue has been given, a theorem (Figure 4) is
presented, which provides the procedural tools of how the eigenvalues of a matrix are
determined.

In the previous scenario, an example is shown, which represents what is generally
presented in the classrooms of classical Linear Algebra courses to operationalize the
calculative dimension of the Theorem cited in Figure 4.

Example: Determine the eigenvalues of A = ( ; ;) eM,(R).
Solution: The expression 4 € R is obtained from the following equation,
|A — AI| = 0, that is: ‘ 1;1 23 ; ‘ = 0, from where it is obtained, via calculation of the

determinant that (1 — 1)(2 — 1) — 6 = 0, which implies that A =4 v 1= —1. From

Definition Let A be a matrix of n x n order. A A scalar is called
eigenvalue of A if exists a non-zero vector x such that Ax = Ax . The
vector x is called the corresponding eigenvector to A of A.

Figure 3.
Definition of eigenvalue [16].

Theorem 7.1.2. Let A be a matrix of n x n order and A a real
number, then the next statements are equivalent:

a) Ais an eigenvalue of A

b) The sistem equations (AI - A)x = 0 has non-trivial solutions
¢) In R", there exist a non-zero vector x such that Ax = Ax

d) Ais a solution of the characteristic equation (Al - A)x =0

Figure 4.
Theorem that allows us to work on the calculative dimension of eigenvalue [17].
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the above calculation and according to the theorem cited in Figure 4, we then con-
cluded that the eigenvalues associated with the matrix A are 4 and —1.

Based on the last example, the way in which eigenvalues are presented generally
empbhasizes the calculative aspect of the detriment of the interpretive dimension,
which is often unconnected with other mathematical concepts. However, the intro-
duction of eigenvalues through invariant subspaces facilitates a systemic integration
between the calculations and their geometric interpretations. We propose that this
approach presented in this chapter allows for a deeper, more systemic understanding
of the representations and concepts that are presented in Table 1 and that are neces-
sary for a deeper understanding of the concept of eigenvalue, as will be demonstrated
in the next section for R%.

5. Presentation of eigenvalue via invariant subspace in R” and examples

In this section, we will address the concept of eigenvalue in R? because of scaling
and the invariant direction of its associated eigenvector. The linear transformations
defined in the plane have the characteristic that when acting on a vector, they may or
may not alter its direction. We will focus our attention on those linear
transformations T for which there are vectors whose images do not change direction.
We observe that not all linear transformations have this property. A classic example is
the endomorphism rotation Ty : R* — R?*, where 6 is the rotation angle, whose matrix

cos@  —senf
send  cos |’

representation with respect to the canonical basis is the matrix [A] = {
Particularly for 6 = 90°, this transformation changes the direction of any vector
on which it acts, therefore, there are no vectors that maintain their directions
under the action of T. This implies that this linear transformation T'9p- has no
eigenvectors in R? since no vector is transformed into a multiple of itself and,

therefore, cannot have real eigenvalues. In fact, this matrix has complex eigenvalues
given by A =i and A = —i, with eigenvectors over C? given by [_ﬂ and “} ,

respectively.

In this case, complex eigenvalues modify the magnitude and orientation of the
eigenvector. In effect, the eigenvalues of the matrix [A];, are given by the numbers
A = r(cosf £ isend) = re*". If we assume that an associated eigenvector can be written
in the polar form v; = r1¢"%, on the equality Avi = vy, the product Av; = ret et =
rr1€'®*9) shows us that the eigenvector v, is scaled (dilated or contracted) and
undergoes a rotation. From now on, we will consider the case of real eigenvalues and
eigenvectors, from which in equality A = 7(cos@ + isend) = 0 the only possibility that
they are real is if it were true that senf = 0. Therefore, eigenvectors are real for
0 = kx,k € Z, that is, for example, 180° rotations, which correspond to a change of
direction but not of direction of the eigenvector.

We can then establish that a non-zero vector v is a vector proper of a linear
transformation T if under the action of T, the vector does not change direction. From
this, v is a proper vector of T, if v and its image T'(v) have the same direction. We can
also say that v # 0 is a vector proper of T < v is parallel with T'(v) < exists 1 € R, such
that T(v) = 1 v.

This last equality suggests that we can pose the concept of eigenvector in terms of
the concept of generated space. Indeed, the expression T(v) = v is equivalent to say

6
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T(v) € (v) because the vectors of (v) subspace are multiples of v. From this statement,
the role of the scalar 4 is highlighted from two points of view: First, from the algebraic
point of view, it introduces the concept of eigenvalue associated with the eigenvector
v, and in turn, allows us to establish that the vector T'(v) belongs to the subspace
generated by v. Second, from the geometric point of view, equality

T(v) = v establishes that A fulfills a scaling function that can mean a dilation or
contraction of the vector v without losing its direction. It makes sense then to label this
address as an invariant address under T. Thus, we can establish that if 4 is an eigen-
value associated with the eigenvector v, then:

we ) =w=kv = Tw) =T(kv) =kT(v) = klv =tv,con t = k. (1)

Orw e (v) = T(w) € (v) tells us that the vectors belonging to W = (v) remain
in W under the action of T. This property of (v) as a subspace satisfies a more general
definition, which is stated below.

Definition 1: Let V be a vector space. Let T e L(V) =
{T : V — V/alinear transformation }. A subspace W is called invariant under T
(T — invariant) if Vr € W we have T(r) e W [18].

From Definition 1, it can be deduced that (v) is a one-dimensional T—invariant
space. We can thus state the following theorem.

Theovem 1: Let TEL(V). Letv # 0 and W = (v). T has an eigenvalue if and only if
W is T — invariant.

The justification for the statement of Theorem 1 follows from W = (v) is one-
dimensional. Therefore, if W is invariant, then T'(v) € W = (v) . This means that
there exists 4, such that T'(v) = Av from which T' has an eigenvalue. Conversely, if 4 is
an eigenvalue of T, there exists v # 0, such that T(v) = Av. Then, from (1), we have
W = (v) is T — invariant.

According to Definition 1 and Theorem 1, we can say that every line in the plane
passing through the origin is an invariant one-dimensional subspace of a linear trans-
formation in R?.

We recall below the definition of eigenspace associated with an eigenvalue, to
enunciate an associated theorem that links the concept of eigenvalue with invariant
subspace.

Definition 2: Let T € L(V). The eigenspace defined by an eigenvalue is given by
S, ={veV:T()=w}.

Theovem 2: Let T € L(V). If Ais an eigenvalue of T then S, is an T—invariant
subspace.

In the context of the above scenario, two examples are presented, to highlight the
geometric scaling and the invariant subspace associated with its eigenvalue.

Example 1. Let A = (:; i) € M,(R) whose eigenvalues are 4y =2 and 4, = —1.

The eigenspaces are S;, = (v1) = ((1,1)) and S, = (v,) = ((3,1)). We can see from
Figure 5 that these subspaces are invariant under transformation T'(v) = Av and that
they maintain their direction.

Example 2. Consider the following linear transformation T : R* — R” represented

-1 0
1 1

A1 =1and 4, = —1, with eigenspaces S), = ((0,1)) and S,
these invariant subspaces.
Figure 6 shows the following.

with respect to the canonical basis by the matrix A = ( ), whose eigenvalues are

((=2,1)). Figure 6 shows
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Figure 5.
Si, ={(1,1)) and S;, = ((2, 1)) are invariant subspaces of R®.

R
k. 4(0,1)
(-2,1) R
~ SAZ
S

Figure 6.
Sy, = ((0,1)) and S;, = ((—2, 1)) are invariant subspaces of R>.

First: The vector (—2, 1) is located in the second quadrant and belongs to the line
defined by S;,, so any multiple of this vector has the same direction and under the
action of T, any of these vectors remains on the line S;, since:

k(~2,1)€S;, = T(k(~2,1)) = kT(~2,1) = —k(~2,1) €S;, with k € R.

We can then move between the algebraic definition of eigenvalue, its geometric
interpretation, and invariance as a subspace, as shown in Figure 7. To exemplify the

Algebraic definition

7 =[]

R
T (2D
R
Invariant subspace m "

Geometric scaling

Figure 7.
Interaction of eigenvalue ., = —1, with geometric scaling (dilatation) and the associated invariant subspace.
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(3 8-

// s
4 g Lo S

Ar/

R
(=D ©1)
[-1 1] [—2]='2'[1] P i

T(0,2) € ((0,1))

R

Figure 8.
Interaction of eigenvalue A, = 1, with geometric scaling and associated invariant subspace.

latter, consider the vector v; = (1, 3}) € ((=2,1)), v1 = (1, ) €((—2,1)), because

(D) ()5 )eccan

Second: The vector (0, 1) defines a direction, in this case, coinciding with the Y axis.
Any other vector multiple of it remains in the same direction under the linear trans-
formation, which coincides with the fact that it defines an invariant subspace of
dimension 1. This direction is determined by the subspace ((0,1)) and geometrically
corresponds to a straight line, as shown in Figure 8.

6. Application of the eigenvalue

It is then presented in R?. An application of eigenvalues interacting with geometric
scaling and invariant subspaces is presented in a Structural Vibration problem.

The study of infinitesimal free vibrations of elastic systems is of great interest in
classical vibration theory. A model, which has generated much interest in the litera-
ture as a prototype for vibrating structures, is a thin rod of length L (Figure 9) with
longitudinal vibration governed by the equation

2
%(EA%) :pA(;—lzj,O<x<L,t>0 2)

with fixed-free end conditions #(0) = 0 = #'(L). Here, A = A(x),E = E(x), and
p = p(x) are the cross-section area, Young’s modulus, and mass density per unit
length, respectively.

It is well known that for free vibration of frequency w, the longitudinal displace-
ment u(x, ) can be written as u(x,t) = u(x) sin(wt), where u = u(x) satisfies the
eigenvalue equation

Figure 9.
Thin rod.

9
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4 EAd—u + ApAu = 0,0<x<L 3)
dx dx

where 1 = w?. For convenience, we will assume that the rod is uniform with fixed-
free end conditions, i.e., attached left-hand and free right-hand end.

To better understand the phenomenon of bar vibration, we will apply the finite
difference technique in Eq. (3). This will help to better understand the phenomenon
since it will be analyzed in small parts of the bar. To do this, let us consider the domain
Q = (0, L), which represents the possible universe of points into which the rod will be
subdivided.

Consider the following partition into z points of :

h
| | | | 1 ! | |
[ ' \ ' | [ \ [
0 x X X; Xis1 Xy Xn =1L

where i = % = x;41 — Xi, 0 <i <z — 1. Since we are going to look at the continuous
Eq. (3) in detail, we need to consider its terms in the same way. That is why physical
quantities A = A(x), E = E(x), and p = p(x) must be evaluated point to point:
E,’ = E(xi), pPi = p(xl-),A,- = A(xi),ui = u(u,)

Since Eq. (3) contains derivatives, we will use a second-order approximation for
the second derivative:

£ (i) zf(xi“) — 2 (%) +f(xi1)

2 (4)

From: £ (EA Z—J"C)zE"“A"“(“i*l_LZZ)_EiA"(“i_”i’l), we obtain the discrete version of (3):
Bt BAG ) 4 5 Aui=0,i =1, ..., .

By multiplying by h and rearranging, we obtain:

—kiui_1+ (ki + Riy1)u; — Ripatip1 — Amu; = 0,i =1, ...,n (5)
where k; = % and m; = p;A;h are called stiffness and mass parameters. The stiff-

ness parameter containing E;A; is related to elastic properties of the rod. While the
mass parameter containing p;A; is related to density by area unity. The stiffness matrix
is given by the symmetric tridiagonal positive definite matrix:

ki+k; —k; 0 0

-k ko+ks —k3 : 0

K= ) -
0 0 —kn1 kygtkn,  —ky

0 0 —k, ky

containing the stiffness parameters and the diagonal positive definite matrix
containing the mass parameter is M = diag{m, ...,m,}. The boundary conditions
uo = 0 = upy1 — u, imply that Eq. (5) can be written as:

(K — AM)u = 0 (6)

where u = (uq, ... ... ) Eq. (6) is called generalized eigenvalue problem, the
eigenvalue A = »? is known by natural frequency and the eigenvector is known by

10



Perspective Chapter: The Concept of Eigenvalue in 2-Dimensional Spaces and Its...
DOI: http://dx.doi.org/10.5772 /intechopen.1007590

Figure 10.
Vibration modes [1].

vibration mode. For #n = 4, Figure 10 shows the vibration modes satisfying the jth
modes cross the axis (j—1) times.

We observe from Figure 10 that:

Mode 1: crosses O times axis

Mode 2: crosses 1 time axis

Mode 3: crosses 2 times axis

Mode 4: crosses 3 times axis

Eq. (6) provides important information about the discrete model related to the
thin rod. Indeed, in Figure 11, a fixed-free spring-mass system is proposed to repre-

sent the thin rod. The eigenvector u is related to the displacements about the 7; mass
and the eigenvalue 4 is related to the vibration frequencies. Natural frequencies are

kl kz

my me my

Figure 11.
Spring-mass system [1].

11
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related to vibration modes through the product Au, contracting for A <1 vibration
amplitude of masses. For 1> 1, the vibration oscillations are expanded.

Using the Cholesky decomposition of M, let the B matrix be defined by
B = B’ = diag{./m1, \/m3, ..., /My }, satisfying M = BB’ and setting v = By, 4
the ith eigenvector. Multiplying Eq. (6) by B!, we can transform generalized eigen-
value problem to an equivalent simple eigenvalue problem

J—p=0 @)

where ] = M~Y2KM~%/? belongs to a special matrix called Jacobi matrix, which is
symmetric tridiagonal positive definite matrix, negative co-diagonal element. Jacobi
matrices have different positive eigenvalues and the eigenvector corresponding to the
i eigenvalue in ascending order has i — 1 change of signs. Rewriting the eigenvalue
Eq. (7) in the form:

Jv = M. (8)

From Eq. (8), we can establish the linear transformation J : V — V, which trans-
forms an eigenvector v into a multiple vector Av with A associated eigenvalue. Apply-
ing Theorem 1, we have that the eigenspace W = <v > is J-invariant and then
Jv)=lweW.

Example 2. Let us consider the spring-mass fixed-free vibrating system

Let us consider the spring-mass fixed-free vibrating system in Figure 12. The

stiffness and mass matrices are given by K = (k1+k2 _kz) = ( 13 _0‘7) and

o -07 07
_(m 0\ _ (15 o0
M_(o mz)_(o 2.3)‘

Eq. (6) is now written by (( _ﬂf7 70(_)}7) -2 ( 1(')5 2?3 )) v=0.

And the equivalent equation with Jacobi matrix J = ( 08667 703769) is

—0.3769  0.3043

0.8667  —03769 1.0 0 _ . Lo
(( 03769 03043 ) /1( o 10 )) v = 0. Hence, the eigenvalue equation is

0.8667  —03769 ), _
<7O.3769 0.3043 )U = .

Computing the eigenvalues using MATLAB function eig(K, M) or eig(J), we have:
A1 = 0.1153 and 1, = 1.0557. The corresponding eigenvectors are v; =
(—0.4483,—0.8939) and v, = (—0.8939, 0.4483) and we have equalities:

0.8667 —03769 ) [ —0.4483) _ —0.4483
(70.3769 0.3043 ) ( 7048939) - 0'1153( 7048939)

0.8667 —03769 ) ( —0.8939 \ __ —0.8939
(70.3769 0.3043 )( 0.4483 ) - 1'0557( 0.4483 )

Figure 12.
The spring-mass fixed-free vibrating system.
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"

05

Figure 13.
Scaling of eigenmodes.

We can establish the linear transformation J : R* — R? and write eigenvalue’s
equations J(v1) = 4yv1 and J(v2) = Av,. So, in this case, the vector v; is contracted by J
in 44 = 0.1153 <1 and the vector v, is expanded in 4, = 1.0557 > 1. Figure 13 shows
this fact. Furthermore, J(v1) € <v1> and J(v;) € <v, > because both, <v; > and
<>, are invariant subspaces.

We see the scaling of the natural frequencies over the eigenmodes and that they
maintain the initial direction. This is an interesting geometric property about natural
frequencies and vibration modes. Furthermore, each eigenmode v defines an invariant
subspace defined by W = <v>. Additionally, for 4; = 0.1153, the oscillations will
produce a contracted vibration mode, otherwise, 4, = 1.0557 > 1 essentially maintains
the vibration oscillation modes.

7. Discussion and conclusions

Linear transformations play a very important role in Linear Algebra and its appli-
cations. Within mathematics, they allow us to observe phenomena associated with the
transition between vector spaces and how these affect their vectors when they are
transformed. In the particular case of endomorphisms (transformations of a vector
space itself), the most common way to study their behaviors is to do it locally; that is,
their behaviors in subspaces of vector space. This is possible by choosing an arbitrary
vector in subspace and seeing how this vector is transformed from its original nature.
One way to measure this alteration is through the concept of eigenvalue, which
naturally appears as a factor scale of the alteration. It is valid to ask whether the
chosen vector, once scaled by the eigenvalue, remains in the subspace and whether
this is related to the concept of invariant subspace. Indeed, from the definition of
eigenvalue, the scaling of a vector subspace must, by definition, belong to the sub-
space. This is due to the definition of subspace, which among its properties establishes
that the multiples of a vector of the subspace remain in the subspace.

We have then shown that the concept of eigenvalue is related to the concept of
scaling and invariant subspaces.

Exploring one-dimensional invariant subspaces within a vector space, using a
linear transformation, provides an alternative approach to addressing the concept of

13
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eigenvalue. This approach, which prioritizes subspaces before defining eigenvalues as
roots of a characteristic polynomial and before identifying eigenvectors, facilitates a
deeper understanding of how various concepts of Linear Algebra—such as bases,
scaling, linear transformations, vector spaces, and subspaces—are interconnected. In
addition, this approach enriches the appreciation of the theoretical structure of Linear
Algebra by examining how the geometric scaling of a transformation integrally affects
across invariant subspaces. In fact, eigenvectors are recognized as vectors of R?
privileged direction, because they retain their direction and meaning, under the action
of an endomorphism in R%.

As a result of the interaction between eigenvalue, geometric scaling, and invariant
subspace in R?, the following conclusion is established.

When we consider an endomorphism in R with an associated matrix A, each
eigenvalue A has at least one eigenvector v associated with it. The set of all scalar
multiples of an eigenvector v, given by {av : @ € R}, defines a one-dimensional
invariant subspace. This subspace is invariant because applying A to any vector in this
subspace simply scales it by 4, and its result remains in the subspace.

Geometrically in R?, these invariant subspaces are visualized as lines through the
origin. Each line is the direction of expansion or contraction, and the amount of
expansion or contraction is given by the eigenvalue 1.

In R?, the one-dimensional invariant subspaces associated with a matrix are the
directions in which the vectors are simply scaled by the eigenvalues of the matrix by
linear transformation, without changing their orientations in R*. These subspaces and
eigenvalues offer a deep understanding of how transformation affects vector space R*.

Finally, the conceptual triad presented in the chapter—eigenvalues, geometric scal-
ing, and invariant subspace—has been applied to structural vibration problems in the
context of %, which can be extended to other applications in structural dynamics but
it is necessary to reinterpret the conceptual triad.

Moreover, we consider from the perspective of teaching and learning eigenvalues
in % in an undergraduate course, this triad enhances the interaction between rela-
tionships and properties that can be visualized through representations, such as those
shown in Table 1. Specifically, one-dimensional invariant subspaces can be
represented as lines passing through the origin and corresponding to sets of eigenvec-
tors associated with an eigenvalue. In this sense, the three concepts of the triad
complement each other and provide the students of these topics with an opportunity
to “visualize”, which algebraic symbols alone cannot, facilitating reflections on both
the concrete and the abstract aspects of Linear Algebra.
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Chapter 2

Eigenvalues and Eigenvectors in
Controllability Analysis

Raju K. George and Abhijith Ajayakumar

Abstract

This chapter demonstrates the effectiveness of spectral theory in analyzing con-
trollability property of linear and non-linear systems. System design, which is at the
core of control system theory, relies heavily on spectral properties of the system
matrices. With the aid of eigenvalues and eigenvectors, the state, input, and output
matrices can be chosen so that the system behaves in a desired manner. We start by
introducing the notion of controllability for linear time-variant (LTI) systems in terms
of the spectral properties of the controllability Gramian derived from the state transi-
tion matrix of the system. We also define steering control using eigenvalues and
eigenvectors of the controllability Gramian, which steers the system from an arbitrary
initial state to a desired final state. For LTI systems, the eigenvalues and eigenvectors
of the state matrix are used to characterize controllable and observable systems.

Key concepts such as the Popov-Belevitch-Hautus(PBH) eigenvector test and
Kalman’s rank condition are introduced to illustrate how these spectral tools guide the
analysis and design of control systems. For nonlinear systems, the spectral properties
of the controllability Gramian help in developing a computational algorithm for
steering control. This chapter explores how spectral methods help in developing
suitable control strategies and give a better understanding of system dynamics and
system design.

Keywords: controllability, observability, eigenvalues, eigenvectors, dynamical
systems

1. Introduction

Consider a one dimensional system

dx

The solution of the system is x(t) = 3¢~ % as in Figure 1.
Now add a term sin ¢ called the forcing term or control term. Then the system is
given by
dx
A 2x + sin t,x(0) =3 (2)
19 IntechOpen
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The solution or the trajectory of the system is changed, as in Figure 2. The
evolution of the system is changed by adding a new forcing term to the system. Thus,
the system with a forcing term is called a control system.

The controllability problem is to check the existence of a forcing term or control
function u(t) such that the corresponding solution of the system with the initial point
x(to) = xo will pass through a desired final point x(¢1) = x1.

Consider a control system characterized by a differential equation of the form

Time (t)

Figure 1.
Solution of the system (1), x(t) = 3¢~ *. Observe that the system does not has any forcing terms.

x(t)

Time (t)

Figure 2.
Solution of the system (2), x(¢) = 3 [2sin ¢ — cos 1]+ %e’zt. Observe that the solution of the system have changed
significantly after the addition of a forcing term.
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x(t) = ax(t) + bu(t),x(to) = xo (3)

where a, b (b # 0) are constants. We have to find a control term u(¢) so that the
solution x (¢) passes through x(z¢) = x¢ and x(¢1) = x1. Choose a differentiable func-
tion z(¢) satisfying z(t9) = xo and 2(¢1) = x1. For example, take

(%1 —x0) (

t) =
z(t) =x0 + t —to

t—to)
Clearly z(to) = xo and 2(¢1) = x1.
Define a control using the function z by

Then Eq. (3) gives

That is,
x—z=a(x—2)

and (x —2z)(tg) = 0. Take y = (x — 2). Then the above equation becomes an initial
value problem of the form,

d
d_Jt} =ay, y(to) =0

As the above system is in variable separable form, we can easily solve it and the
unique solution of the system is

y(t) = x(t) —2(t) = 0

That is, x(¢) = 2(¢) is the solution of the control system satisfying the required
condition x(¢o) = xo and x(t1) = x1. Note that the control function #(t) not only steers
the system from the initial state x¢ to the final state x1, but also steers the system along
the prescribed trajectory z(t). Such a notion is called the Trajectory Controllability [1].

Now, consider an n-dimensional dynamical system defined on the time interval
[to,t1] characterized by the following equation:

x(t) = A(t)x(r) + B)u(t), x(to) =xo (4)

where, x(¢) €R" is the state vector and #(¢) € R™ is the control input vector. A(t) =
a;j(z)] € R™" and B(t) = [b;;(t)| € R**" are continuous in some interval [to, ?;] and are
called state matrix and control matrix, respectively. If the state and control matrices of
Eq. (2) do not change with time, then the system is called linear time-invariant (LTI)
otherwise, it is called a linear time-variant (LTV) system. We will also consider
nonlinear systems of the form

x(t) =A@)x(t) + B@t)u(t) +f(t,x(t)), x(to) =x0 (5)
where f{(z, x(¢)) is a nonlinear function.
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2. Fundamental matrix solution and transition matrix

Let {x’o i=1,2, ..., n} be a basis of R”. For each 7, let ¢;(t) € R” be the unique
solution to the homogeneous system

%(t) = A(t)x(t) (6)

with initial condition x(¢o) = x’b. Now, {¢;(t) :i=1,2, ...,n} is the basis of the
solution space of the homogeneous system (4). Consider the #» x # matrix

() = [¢1(2) (2 (O] ... [ (2)] @)

with # linearly independent solutions of (4) as columns. ®(t) is called a fundamen-
tal matrix solution and it satisfies ®(¢) = A(t)®(t). Clearly, ®(¢) is non-singular for
each t; that is, all eigenvalues of @(t) are positive. It is clear that any matrix ®(¢) is a
fundamental matrix solution to the homogeneous system (4) if and only if ®(t) is a
solution matrix to the corresponding matrix differential equation X(t) = A(£)X(t) and
the columns of ®@(¢) are linearly independent. For any non-singular matrix M e R**",
consider the matrix ®(t)M. We have

A(®E)M)

= b(0M = (A(0)0()M = AD)@()M

Also, the columns of ®(¢)M are linearly independent. Thus, for any non-singular
matrix M € R””, ®(¢)M is also a fundamental matrix solution of Eq. (4). Then, the
state transition matrix of the homogeneous system is defined by

D(t,t0) = O(t)D (t), to<t<t;<oo (8)
The state transition matrix ®(z,to) has the following properties:
1.0(t,t) = I,, Vt€E|tg, ), where I, denote the n x #n identity matrix.
2.07Y(t,tg) = D(to, 1)
3.9(.,.) satisfies the semi-group property

D(t,5) = O, 7)D(7,5), Vg <Tt<s<t; <00

4.0(t,t9) = A(t)D(t,t0)
5.®(t,to) is the unique solution of the matrix initial value problem
X(t) =A@0)X(t), X(to) =1,

The state transition matrix ®(¢, o) for Eq. (4) is given by the Peano-Baker series:

T 3 01

A(Gl)J A(O‘z)do‘zdo‘l
3 01 lop) " (9)
+J A(ol)J A(az)J Aloy)dosdordor + ..

to to to

D(t,tg) =1, +J

to

A(oy)doy + J

to
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This series converges uniformly and absolutely for all £o <t <t; < 0. If Eq. (4) is a
LTI system, that is, if A(z) = A, then the state transition matrix reduces to the matrix
exponential given by

(=10 | ys(t=to)’

o 3 + .. (10)

D(t,t9) = A7) = I, + A(t —tg) + A?

For a diagonal matrix A, computing the matrix exponential is straightforward. Let

a, 0 - 0 ad 0 - 0
0 a; - O 0 a
A= z , we have A* = % fork =1,2, .... Then,
i 0 - 0 : 0 - 0
0 0 - a, O 0 .. ﬂffl
> o (t—0) 0 0
JAli-ta) _ 0 POV ACETY 0
: 0 0
0 0 e Y2 0dh(t —to)
eﬂ1(t—fo) 0 0
0 e (t—to) 0
- 0 0
0 0 eee pMn(t—t0)

For some special classes of matrices, the tools of eigenvalues and eigenvectors
make the computation of matrix exponential easier. Remember that for two similar
matrices A and B such that A = PBP !, the similarity matrix P is the matrix whose
columns are the linearly independent eigenvectors of B. Rigorous analysis of eigen-
values and eigenvectors is available in the book “A Course in Linear Algebra” by
George and Ajayakumar [2].

i. When A is a diagonalizable matrix, that is, if there exists P such that A =

d 0 - 0
-1 0 dZ . . . .
PDP ", whereD = | = o | the matrix whose diagonal entries
0 o - d,
are eigenvalues of A
At=t0) _ ,(PDP™)(t—t0)
2 3
t—1t t—1t
:I—i—PDP’l(t—to)—i—(PDP’l)z( ) +(PDP*1)3( 3'0) 4o
2 3
-1 2p-1y (£ —t0) 3p-1y (£ —t0)
=1+PDP '(t —to) + (PD’P )T+(PDP ) T
15 2, 1.5 3 1
=P I+D(t—t0)+5D (t —1to) +§D (t—to)” + - |P

= PPt
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ii. Suppose A1, Ay, ..., 4, are the eigenvalues of A with a basis of generalized

eigenvectors {01,0y, ...,0n}. Let P= (91 | D | ... | D). Then, A canbe
4 0 - 0
' ' 0 4 = 0|
written as the sum of two matrices S and N, whereS = P| = 0 P
0 oo o Ay

and N is nilpotent with index of nilpotency k <# (This is called the Jordan-
Chevalley decomposition of a matrix. Refer to Ref. [3] for more details.) Then, by
the properties of the matrix exponential,

eh(t—to) 0 0
0 ehlt=to) ... 0 kg ,
eA(tfto) = |p . . . 0 p1 Z l_'Nz (t _ t0)1
: : .. =0 b
0 vee vee e/ln(tftﬂ) 1

If ®(z,20) is the state transition matrix in Eq. (4) with initial condition x(¢y) = xo,
then any future state x(¢) can be written by using the state transition matrix ®(t, o) as

x(t) = ®(¢,10)x0

Hence, the name transition matrix for ®(t,t(). Now, a solution to the non-
homogeneous system (4) can be obtained by using the transition matrix as follows.
Let ®(z,t0) be the transition matrix of the homogeneous system x = A(t)x. Consider
the transformation

z(t) = D(to,t)x(t)
Then
x(t) = ©(t,1t9)z(t) (11)

Differentiating with respect to ¢,

x(t) = D(2,10)2(t) + P2, 20)2(2)
This implies that
A(t)x(t) + B(t)u(t) = A(t)D(t, to)z(t) + D (¢, t0)2(t) = A(t)x(t) + D(t,10)2(2)
Thus, we have
B(t)u(t) = @(t,t0)2(2)
and as @ 1(t,29) = @(to,1),
2(t) = O(to,1)B(t)u(r)

Integrating over ¢, to z,

t

2(t) — 2(to) = J (to, 7)B(c)u(c)dx

to
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which implies,

z(t) =z(to) + Jt D(2, 7)B(r)u(z)dr

to
Since z(to) = xo,

z(t) =x0 + Jt ®(tg, 7)B(7)u(z)dr

to

Using (11), we have

x(t) = ®(¢t,t9)x0 + D(z, tO)Jt ®(to, 7)B(t)u(zr)dr

to
By using the semi-group property, we have

x(t) = O(t, to)xo + Jt ®(t, 7)B(v)u(7)dz (12)

to

as the required solution to the non-homogeneous system. For a thorough exposi-
tion of the fundamental matrix and transition matrix, refer to Ref [4].

3. Controllability of linear systems

Definition 1 (Controllability): The system (4) is controllable in a time interval
[to,t1] if, given any two states xo,x1 €R”, there exists an admissible control function
ue 32([t0, t1], R™), such that the corresponding solution of (4) with the initial condi-
tion x(t9) = x also passes through the desired final point x(¢1) = x1.

For a concise introduction to controllability, refer to Refs [5, 6].

3.1 Characterization for controllability

From the definition, Eq. (4) is controllable if and only if there exists
u € Z*([to, t1], R™) such that

X1 = x(ﬁ) = q)(tl,to)X() + Jtl (D(tl,’l')B(T)u(T)dT

to

Then,

%1 — O(t1, to)xo = r O (t1, 7)B(c)u(c)de

to

Denote x1 — ®(t1,20)x0 = w, then

w— Jtl O (t1, 9)B(e)u(c)dr (13)

to
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Thus, the system (4) is controllable if and only if for every w € R”, there exists
u € Z*([to,t1), R™) such that Eq. (13) is satisfied. Define an operator C :
L*([to,11]; R™) — R” by

Cu — r O (11, 7)B(c)u(x)dx (14)

to
Thus, the system (4) is controllable if and only if the operator C is onto. Obviously,

C is a bounded linear operator and C defines its adjoint operator C* : R —
Z*([to,t1], R™) in the following way:

(C*v,u) o = (v, CuYgn, V¥ 1€ L ([t0r t1], R™), 0 ER”

_ <1), Jtl o(n, f)B(T)u(r)d1>

to RrR”

~ | 0.0 0B () e

= | (B'(@)®" (r, 7)o, u(z))pndz

to

(BT()®"(t1, . Jv,u)

R™

32
Hence, the adjoint operator of C is the linear operator C* : R” — Z?([to, t1]; R™),
given by
(C*v)(t) = BT (t)®7 (t1,t)0 (15)
The composition of C and C* defines a bounded linear operator
CC* :R" — R” by,
11

cCro = J o(t1, 7)B(0)B ()07 (81, 7)oz (16)

to

Clearly, the operator CC* can be realized as an # X # positive semi-definite matrix,
called Controllability Gramian of the system (4) and is denoted by W(zo,1). The
following theorem relates controllability of (4) and the properties of linear operators

C,C*and CC™.
Theorem 1: The following statements are equivalent:

i. The system (4) is controllable.
ii. The operator C is onto.
iii. The adjoint operator C* is one-one.
iv. Zero is not an eigenvalue of the Controllability Gramian W(to,t;) = CC™.
Proof: Clearly, (i)<(ii) by definition of the operator C in Eq. (14).
Now, let us show (ii) = (#ii). Suppose that C is onto. We have to show that C* is

one-one. It is enough to show that C*v = 0 if and only if v = 0. Let » € R” such that
C*v = 0. As C is onto, there exists u € 82([t0,t1]; R™) such that Cu = v. Then
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(v,v) = (Cu,v) = (u,C*v) = (u,0) =0

This implies that v = 0. Hence C* is one-one.
To prove (iii) = (iv), suppose 4 is an eigenvalue of CC*, that is, there exists v # 0
such that CC*v = lv. Now,

IC*v||> = (C*v,C*v) = (CC*v,v) = (Av,v) = |||*>0

Now, if 2 = 0, then ||C*v||> = 0, which implies that C*v = 0, which is a contra-
diction to the one-oneness of C*. Hence 4> 0.

(iv) = (i) Suppose that zero is not an eigenvalue of CC* = W(to,t), this implies
the invertibility of CC* = Wi(to,t1).

Define a control function

u(t) = BT )@ (t1, )W (t0, t1) 1 — @(t1,£0)x0)] 17)

Using this control, the state of the system is given by

x(t) = ®(t,to)xo + Jt ®(t,7)B(7)BT (7)®T (t1, 7)W (to, 1) [x1 — D(t1,20)x0)dr

to
Then,

x(t()) = (D(t(),to)xO + Jto q)(to, T)B(I)BT(z')(DT(tl,T)W—l(to,tl)[xl - d)(tl,to)xo]dr =Xy

to

and

x(tl) = (D(tl,t())x'o + Jtl (D(tl,T)B(T)BT(T)CI)T(tl,T)Wil(to,tl)[xl — (D(tl,t())xO]dT

to

= (I)(thto).x?o —+ W(to,tl)wil(to,h)[xl — CI>(t1,t0)x0] = <I>(t1,t0)xo +x1 — ‘I)(tl,to)x’o = X1

Since, xo and x; are arbitrary, the system is controllable.

Spectral analysis has much more to do with controllability analysis of linear -
time-invariant systems, that is, when A(¢) = A and B(t) = B are constant
matrices. The Popov-Belevitch-Hautus (PBH) condition gives a relation
between the left-eigenspace of the state matrix A and the column space of the
input matrix B.

Definition 2 (Left eigenvector): Let A be anz x # matrix. A non-zero row vector v
is said to be a left eigenvector of A if vA = v, for some scalar .

Note that v is a left eigenvector of A if and only if o7 is a right eigenvector of A”.

Theorem 2: If the system (4) is LTI, then it is controllable if and only if for every
left eigenvector v of A, vTB # 0.

Proof: Suppose that system (4) is not controllable. That is, rank[Q(A,B)] = r <n.
By Kalman controllability decomposition [7], there exists a non-singular matrix T
such that
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Let 9 be an eigenvector of AJ, corresponding to the eigenvalue A. That is AT,7 = 1.
This implies that 9T Ay = 7. As Ay, is a real matrix both A and 7 are eigenvalues of

Ay, and because of the similarity of A and A both 1 and 7 are eigenvalues of A also.
Now, define v = [0y, {)T]Tfl. Then,

Ay A
vTszTT< . 12>T1

0 Ap
A Ap
= (01,r 5T)< 0 4 )Tl
2

=(0 2TAp)T™
=(0 w)Tt=n"

B
Also, v"B = (0, f;T)TlT( 01>T1 ~-0

To prove the converse part, we need the notion of Controllability Matrix.
The matrix Q(A,B) = [B|AB|---|A"'B] is said to be the controllability matrix
of the LTI system (A4, B). (4, B) is controllable if and only if the controllability
matrix has full rank. This is the celebrated Kalman’s theorem (Proof is given in
Appendix A). Suppose that there exists v # 0 such that v"A = 1A and v"B = 0 is
satisfied. Then,

v"Q(A,B) = v" [B|AB|--|A"'B]
= [v"Bjo"AB|--[pT A" 'B] = [0|2"B|-|2* "B] = 0

which implies that rank[Q(A, B)] <n. Hence, the system (4) is not controllable.

Note 1: The PBH condition states that an LTI system (A, B) is uncontrollable if and
only if there exists a left eigenvector of A that is simultaneously orthogonal to all
columns of B. This helps one identify the possible choices of input matrices B such that
the system (A, B) is controllable.

The following example establishes the significance of eigenvalues and eigenvectors
in system design and in establishing its controllability.

Example 1: Consider a damped harmonic oscillator, given by

3.6’1 0 1 X1 bl
[ ) } = k d ( ) + < )u, where k is the spring constant, 7 is the mass
X2 - & - & X2 bz

and 4 is the damping coefficient. Suppose that we want a critically damped system,

which provides a fast response without overshoot. For a critically damped system, the
eigenvalues are real and equal. Critical damping occurs when the damping ratio,

(= R‘le;li) =1, where 1 is an eigenvalue. We can choose a desired natural frequency w,
for the system. Then, the eigenvalues for critical damping are 4y = 4, = —@,. Then,

we get k = mo? and d = 2mw,. If we want a natural frequency of 5 rad/s and a mass of

0 1
1kg, then k = 25N /m and d = 10Ns/m. That is, A = { ’s 10] . The left
eigenspace of A is E; = {(5v,v)|v € R}. The orthogonal complement of E; is
Fy = {(—v,5v)|v €R}. Thus, for any choice of B not in F, the given system will be
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5
controllable. For instance, if B = <1) ¢ F1, the system (A, B) is controllable and for

-1
B= ( 5 ) € Fy, the system (A4, B) is not controllable.

In the following example, given a state matrix, we will see how to find possible
input matrices such that the system is controllable, with the help of the
PBH eigenvector test.

10
Example 2: Consider a linear system % = Ax + Bu, where A = (1 ) ) and

b
B= < ! > . The eigenvalues of A are 1, 2 and the corresponding left-eigenspaces are
2

Ei={(v 0)peR}andE, = {(v v)|lve€R}.If we have to choose a B such that
controllability is guaranteed, B should not be orthogonal to the left eigenvectors
corresponding to 1 and 2. We can easily find that the orthogonal complement of E; is
F1={(0 w)weR}andthatofE,isF; = {(w —w)jweR}. Thus, for any choice
of B not in F; and F,, the system (4, B) is controllable. As a particular instance, for

1 0
B= (2) ¢ F1, F,, the system (A, B) is controllable and for B = < 1 > eFq, (A, B)is

uncontrollable.

The next theorem gives an explicit expression for steering control in terms of
eigenvectors of the controllability Gramian matrix.

Theorem 3 [8]: For the control system (4), the control function defined as

CiVj

u(t) = BT ()®7 (t1,1) P

(18)

steers the system from x to x1, where 4; is the ith eigenvalue of the Gramian
matrix W(to,t1), {v,} is the orthonormal basis of R” generated by eigenvectors
corresponding to {4;}} ; and c/s are the coordinates of the vector x; — ®(t1,%0)xo with
respect to {v, }.

Proof: Since W(to, 1) is a symmetric matrix, it has # linearly independent eigen-
vectors v1, 03, ..., v, forming an orthonormal basis of R". Consider the vector
x1 — ©(t1,t0)x0. As {v;|i = 1,2, ...,n} forms a basis, there exist scalars¢;,i = 1,2, ...,n
such that

n
X1 — @(h,to)x‘o = Z CiV; (19)
i—1

is the unique representation of x; — ®(t1,%0)xo with respect to the given basis.
Now, we claim that the control defined by Eq. (18), steers the system (4) from x to x;
during the time [to,#]. From equation, we have
to

x(tg) = ®(to,t0)x0 + J D(20,5)B(s)u(s)ds = xo

to

and att = tq,

1

x(t1) = ®(t1,20)x0 +J D(21,5)B(s)u(s)ds

to
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using Eq. (18), we have

31

x(t1) = @(t1,t0)x0 + J @ (t1,5)B(s)BL (5)®T (t1,5) znjc—uids

to “—'v;

D(t1,t0)x0 + Z J (t1,5)B(s)B” (5)@" (t1, s)vids = ®(t1,tyx0 + Y %W(to,tl)vi

to

n
(D(tl,to X0 + Z Aiv; = (tl, to)Xo + ZC,‘I)Z‘ = (D(tl,to)Xo +x1 — q)(tl,to)xo = X1
i=1 4i i=1

Hence, the system is controllable.
Example 3: Consider the damped harmonic oscillator system discussed in Example 1,

. 0 1
with A = (

5
and B = ) . Suppose that we need to steer the system from
-25 -10 1

0 1 . .
0 to 1) Let us compute the steering control using the above theorem. We can see

6.452 —12.5

-125 313

is provided in the Appendix part). The eigenvalues are 4; = 1.252, 4, = 36.5 and the

0.9233> (0.3841
2 =

—0.3841 —0.9233

that the controllability Gramian matrix is, W(0,1) = ( ) (MATLAB code

corresponding eigenvectors are v; = ( ) , respectively. Then,

the control input (Figure 3)
Civ;

u(t) = BToT (t1,1) o

_ 848625 o 5 11845 o . 54750 5 1480625 o

= 28561 28561°  F )~ g7 ke 28561 ¢ ¢

Also, from Eq. (12) we can see that the trajectory is

1010 <980t2 28190t 15281>

<x1(t)) B 13 169 169
x(t)) J10r-10 (490087 128210t | 64679
13 169 169
4 / 2 X, () :
3 / %,(t)) |
=2 L :
1 / :
. 0 — /
0 o
.// |
0 0.5 1 0 0.5 1
t t
(a) (b)

Figure 3.
(a) Control input. (b) Steered state trajectory.
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4. Observability of linear systems

Observability is another core notion in control systems theory that focuses on the
ability to derive the internal state of a system from its output measurements. A system
is considered observable in control theory if its complete state can be uniquely inferred
from the given output information. Because an observable system enables for reliable
monitoring and assessment of its internal dynamics, it is critical in devising successful
control strategies. Consider the system (4) with an output equation as follows:

x(t) = A(t)x(t) + B(t)u(r)
y(t) = Ct)x(z)

where, y(t) € RF and C(t) € RP*” are the output vector and output matrix,
respectively. Now, we have the following formal definition for observability.

Definition 3 (Observability): The system (20) is said to be observable over a time
period [to, 1] if it is possible to determine uniquely the initial state x(¢9) = x¢ from the
knowledge of the output y(¢) over the time period [to, #1].

Let ®(z,t0) be the state transition matrix of the homogeneous system %(t) = Ax(z).
The unique solution is given by

(20)

x(t) = ©(t,t9)x0
Then, the observation equation can be written as

y(t) = Ct)x(t) = C)D(t,t0)x0, to<t<t

4.1 Characterizations for observability

As we have seen in the case for controllability of Eq. (4), we define an operator ./ :
R" — 32 ([to,tl];Rm) by,

(Mxo)(t) = Ct)D(2,t0)x0 (21)

That is, (Mx)(t) = y(¢). The initial state is mapped to the observed function. As
we need to uniquely determine x( from y(.), the system (20) is observable if and only
if / is one-one. Here, the adjoint operator of /4 is A * : 3’2([1,‘0, t1); R™) — R” given
by

51

My = J o7 (2, £6)CT (D)o (2)dz (22)

to

The observability Gramian ./#* ./ : R* — R” is given by

51
M M = Mt t1) J ®7 (2, £0)CT (2)C (1) (z, to it (23)

to

From any initial state xo, we have a unique state given by

x(t) = ®(¢,10)x0
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Thus, observability problem reduces to finding the unique initial state x( from the
knowledge of y observed on [to,t1]. Like Theorem 1, for the controllability of system
(4), we have the following theorem for observability of system (20).

Theorem 4: The following statements are equivalent:

i. The system (20) is observable.
ii. The operator . is one-one.
iii. The adjoint operator ./ * is onto.
iv. Zero is not an eigenvalue of the observability Gramian M (to,t1) = A" M.

Proof: Proof is similar to that of Theorem 1.

Some kind of interconnections between controllability and observability can be
observed. This interconnection is called duality. To delve into the notion of duality,
we define the notion of adjoint systems.

4.2 Duality between controllability and observability

The relationship between controllability and observability is dualistic: A system is
controllable if and only if its adjoint system is observable. This duality is essential for
engineers to understand how manipulation of system inputs can affect the ability to
observe its states accurately. This interdependence guides the design of feedback
systems and state estimators, ensuring both properties are optimized for better per-
formance. In this section, we will establish the duality between controllability and
observability.

Definition 4 (Adjoint Systems): A system with state x(¢) is said to be adjoint to a
system with state p(t) if (x(t), p(¢)) is a constant. That is, if £ (x(t), p(¢)) = 0.

Theorem 5: The systems

%(t) = A(t)x(t) (24)
and
pt) = -AT)p() (25)

are adjoint to each other.
Proof: By the product rule for differentiation concerning inner-product,
we have

%(<x(t),p(t)>) = (x(0),p(t)) + (x(),p(r))

= (AW)x(t),p()) + (x(0), AT (O)p (1), )
= (x(t), A(E)p () + (x(2), AT () (1)) = (x(2), 0) = 0
Hence, (x(¢),p(t)) is a constant, proving that the systems (24) and (25) are adjoint
to each other.

The state transition matrices of the above systems are also related as shown in the
following theorem.
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Theorem 6: If ®(z,1)) is the transition matrix of the system x(t) = A(¢)x(z), then
@7 (t9,¢) is the transition matrix of p(¢) = —AT (t)p(¢).

Proof: By using the properties of transition matrix, we have I = ®(t,1¢)®(to, ).
Differentiating w.r.t. ¢,

0 = @(t,10)PD(to,t) + P, t0) P (20, 1) = A(t)D(t,20)D(t0,t) + D(t,20)D(t0, ) = A(t) + D(¢,20)D(20,?)

This implies that ®(t,to)®(to,t) = —A(t) and hence ®(to,t) = —D(to,t)A(¢). Thus,
we have

d[® (to,1)]

h = —AT(t)®T (t0,1)

Therefore, ®7 (to,t) satisfies p(t) = —A” (t)p(t). Further, ® (to,t9) = I. Thus,
@7 (t9,¢) is the transition matrix to the adjoint system p(t) = —AT(t)p(2).
Theorem 7: Consider the linear control system

x(t) = At)x(t) + B(t)u(t) (26)
and the input-free observation system

x(t) = —AT(t)x ()
y(t) = BT (1)x(1)

System (26) is controllable if and only if adjoint system (27) is observable.
Proof: Suppose that the adjoint system (27) is observable.

(27)

#
System (27) is observable<Mi(to,t1) =J [@T(to,T)}T[BT(T)]TBT(‘:)(DT(tO,T)dT is invertible

to

11
@J ®(to, 7)B(x)BT (£)0 (to, 7)ds is invertible

to

11
@[ ®(t1,20)DP(to, 7)B(7)BT (2)®T (t1,£0)®T (to, 7)d7 is invertible

Jto

as both ®(t;,t0) and ®7 (t1,¢0) are invertible,

51
@J ®(t1,7)B(7)BT (7)®T (t1, 7)dr is invertible

to
SWI(to,t1)is invertible
©System (26) is controllable

Thus, system (26) is controllable if and only if adjoint system (27) is observable.

The notion of duality asserts that if a linear system is controllable, it shares similar
structural properties with its dual, observable system. This means that the matrices
associated with controllability and observability exhibit analogous patterns. Under-
standing duality is essential in designing balanced and well-behaved control systems,
ensuring that controllability and observability are appropriately matched for optimal
performance and stability. The concept of duality aids in the translation of similar LTI
system conditions from the case of controllability to the case of observability for
adjoint systems.
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We can also obtain the following PBH observability condition for the LTI system
(20) in terms of eigenvalues and eigenvectors.

Theorem 8: If the system (20) is LTI, then it is observable if and only if for every
right eigenvector w of A, Cw # 0.

Proof: Suppose that the system (18) is observable. Then, (—A”, C”) is controlla-
ble. By Theorem 2, for any left eigenvector w of A, w”C” # 0. Taking conjugate
transpose, for any right eigenvector w of A, Cw # 0. Similarly, the converse follows.

Example 4: Consider the observation system with the same state matrix A as in the
previous example and C = (¢;  ¢3 ). The eigenvalues of A are 1 and 2, with the

0
corresponding right-eigenspaces E; = { ( v ) lv ER} and E; = { ( ) [v ER} Note
—v v

that the orthogonal complements of E; and E; are F; = { < w > lwe R} and
w

Fi = { (1:))) lw ER}, respectively. So, for (C, A) to be observable, choose a C which

does not belong to both Fy and F». In particular, for C= (1 2), (C, A) is observable,
whereas for C= (1 0), (C, A) is unobservable.

4.3 Controllability of nonlinear systems

In this section, we discuss the controllability of the nonlinear system (5). We
assume that the following conditions are satisfied.

a. The linear part of system (5) is controllable and ||®(z,s)|| <m, for all ¢,s € [to, t1].
b. Letb = Supt(,gtgtl”B(t)” <oo

c. The function f satisfies Caratheodery conditions, that is, f (£, x) is measurable
with respect to ¢ for all x € R” and continuous with respect to x for almost all
t € [to, t1]. Further, f is Lipshitz continuous, that is, there exists a constant a > 0
such that ||f (z,x) —f(t,y)l| <allx — y|| for all x,y € R".

We can reduce the controllability problem to a solvability problem. For
x € C([to,t1]; R"), let us define

51

X1 — q)(tl,t())x() — J

to

D(21,5)f (5,x(5))ds = i Cx,Vi (28)
i=1

where {v,} is the orthonormal basis of R” generated by the eigenvectors
corresponding to the eigenvalues {4;} of W(to,t1). Here C;ClS are coordinates of the
vector x1 — @ (t1,¢0)x0 — :01 D(t1,1)f (t,x(t))dt with respect to the orthonormal basis
{vn}. Now, the control defined by
Cx; Vi

u(t) =BT ()@ (11,£)) 7

i

(29)

i
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steers the system (5) from x¢ to x;1 during [to,?1], provided x in (26) satisfies

x(t) = ®(¢,89)x0 + J q)(t,S)B(S)BT(S)d)T(tl,S)Z %ds + J D(z,5)f (5, 2(5))ds

to i 1 to

(30)

We apply Banach fixed point theorem for establishing the solvability of the
Eq. (30). We define a mapping F : C([to,t1]; R") — C([to,t1]; R") by

(Fx)(t) = ®(t,t0)x0 + J @(t,5)B(s)BT (5)®7 (t1,5) Z %ds + J D(2,5)f (s,2(s))ds

to i 1 to

(31)

The solvability of Eq. (30) follows if we prove that F has a fixed point. We first
prove the following lemmas.

Theorem 9 [8]: Under the assumptions () and (c), we have the following
inequality:

n n
Cx; Vi Z ¢y Vi
Ai Ai

i=1 i=1

1 2l
< —maJ Iy(s) — x(5)llds
e,

where || = min {|4|, |A2], ., ||} # 0,%,9 € C([to, t1]; R*) and {v,} is the ortho-
normal basis of R” generated by the eigenvectors corresponding to the eigenvalues
{4} of W(to,t1). Hence, ¢ s are coordinates of the vector x; — ®(t1,0)x0 —

;01 D(14,1)f (t,x(t))dt with respect to the orthonormal basis {v, } and c;is are coordi-
nates of the vector xq — ®(¢1,%)xo — tt D(t1,2)f (2, (t))dt with respect to the ortho-

0
normal basis {v, }.
Proof: We have

sﬁ Xi:(cx,-”i — &y,0)
_ |71| ' J: ®(t1,5)f (5,9(s))ds — J;lé(rl,sy‘(s,x(s)wf
< i | 10w 6o ~fo.xtlds < ima 1y 6

Theorem 10: Under the assumptions (), (b), and (¢) and

m2b?

any—%)<7ﬂ—@y—%)+1><1

the operator F is a contraction.

35



Bridging Eigenvalue Theory and Practice — Applications in Modern Engineering

Proof: Let x and y be solutions of system (5). Then,

|[Fx — Fy|| = sup

j@ )B(s)B(s) (Z o )d +j )(f(s,x@))—f(s,y(s)))H

= o J (t,5)B(5)B" (5)®" (5) ZM ds
tEtQ,h] - }.i
L
+ sup ] ot f<s,y<s>>)H
t€fto,t1]
< sup [ 100 86176 |76 Q B
tE€[to, 1] It p

+ sup L 1@ )[[IIf (55 (5)) —f (s y(5))l

tE€to,t1] Jto
Z (Cx, — ny)vl‘
- Ai

i 1

t
< sup mthJ
to

tEto,ta]

,Mm sup J allx(s) — y(s)||ds

t€to,t1]Jt0

< sup mzth |71|ma.[ ly(z) — x(7)||drds + msupJ allx(s) — y(s)||ds

tEto,t1] ] Jto

1
szbzmma(tl - to) lly — x|| +ma(ts —to)|ly — x||
2

2
<ma(t, — to )(m|,1l|) (t1 —to) +1>||y x||

1
m(ti—to) (%_fl’z(tﬁto)ﬂ)

Theorem 11 [8]: The system (5) is controllable if A(#) and B(t) satisfy assumptions
(@), (b) and the function f satisfies the assumption (¢) and is Lipchitz continuous with
Lipshitz constant

Since a < , F is a contraction.

1
m(t1 —t0)< il (t1 —1to) +1)

a<

An algorithm for the computation of steering control and controlled trajectory is
given by:

7 g,

w'(t) = BT (00" (t1,0)Y % (32)

t t

D(z,5)B(s)u" (s)ds + J O(t,s)f (s,x" (s))ds (33)

to

x"T(t) = D(t,t0)x0 + J

to

where x°() = x0, 7 =1,2,3, ....

Proof: By Lemma 11, the operator F is a contraction. Hence by Banach contraction
principle F has a unique fixed point. Thus, the Eq. (28) is solvable. And thus the
nonlinear system is controllable. The computational algorithm follows directly from
Banach contraction principle.
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5. Conclusions

Eigenvalues and eigenvectors of the matrices associated with a control system play
a significant role in identifying control theoretic properties. The controllability and
observability of a system can be determined with the aid of eigenvectors and the idea
of orthogonality, this is the content of the famous PBH theorem. Apart from qualita-
tive analysis of the system, eigenvalues and eigenvectors can be employed in comput-
ing the steering control. The implications of spectral studies in system design, as dealt
with in the examples in the text, are noteworthy. The plant, input, and observation
matrices can be chosen so as to make the system controllable and observable. In this
chapter, we have dealt with systems in the state-space form, whereas there are more
applications of eigenvalues and eigenvectors in the transfer-function approach.

A. Appendix

The Kalman’s rank conditions for controllability and observability of LTI systems
were proposed by the Hungarian-American electrical engineer, mathematician, and
inventor Rudolf E. Kdlman (1930-2016).

Theorem 12: If the system (4) is LTI, then it is controllable if and only if the
controllability matrix

Q(A,B) = [B|AB|-+|A"'B]

is of full rank. That is, Rank (Q (A, B)) = n.

Proof: Suppose that the system (4) is controllable. That is, Rangespace(C) = R". As
Q(A, B) can be considered as a bounded linear operator from R — R”, to show that
Q is of full rank it is enough to prove that Rangespace [Q (A, B)] = R". Clearly,
Rangespace [Q (A, B)] CR”. Now, let v € R". By Theorem 1, there exists
u € Z*([to,t1); R™) such that Cu = v

11 11

®(t;,7)Bu(r)dr = v = J AU By(t)dr = v

to

Cu:v:>J

to

Expanding ¢“® %) and by using Cayley-Hamilton theorem, we have

r [Po(1)I 4+ P1(2)A + ... + Py_1(z)A" | Bu(r)dr = v

to

where each P;(7) is a polynomial function of 7 that appears during the expansion of
¢4t This implies that v € Rangespace [Q (A, B)]. Therefore, R” C Rangespace(Q (A, B)]
and hence Rank[Q (A, B)] = n.

Conversely suppose that the system (4) is not controllable. Then by Theorem 1
W(to,t1) is not invertible and hence there exists v # 0 € R” such that W(to,¢1)v = 0.
This implies that vTW(to,¢;)v = 0. Therefore,

11
(Wo,v) = <J eA(t1t>BBTu(T)eAT(t1t)vdr,v> =0

to
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This implies that

T t
J T A BBT A0y JlIIBTeAT“l‘”vIIz =0
to

to
As BTeA" (1) is a continuous function on [to,t1], this implies
BTeA (v — 0,V teto, 1] = vTeA B = 0,V € [to, 2]

In particular, for t = t1, v"B = 0. Further, differentiating v"eA®“ B w.r.t. t and

evaluating at ¢ = ¢1, we get vTAB = 0. Successively differentiating and evaluating at
t =11, we get

vVIB=9TAB=-.-=0TA" 'B=0

That is, vLRangespace ([B| AB|---|A" 'B] ). This implies that

Rank [B| AB|---| A" 'B| <n. Hence, the result follows by contraposition.

Theorem 13: If the system (20) is LTI, then it is observable if and only if the

observability matrix

C
CA
O(C,A) =rank
CA;FI

has full column rank. That is, rank[O(C, A)] = n.
Proof: Proof follows from duality and Kalman’s rank condition for controllability.

B. Appendix

B.1 MATLAB code for Example 3
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syms t;

A=[0 1;-25 -10]; % state matrix

B=[5;1]; % control matrix

x0=[0;0]; % initial state

x1=[1;1]; % final state

Phi=expm(A*t); % transition matrix
Wec=gram(ss(A,B,[],[]),’c’); % Gramian

disp(Wc);

[V, Dy = eig(Wc); % Eigenvalues and Eigenvectors of Gramian
c=inv(V,,)*x1;

s1=(c(1)*V,, (:,1))/D,, (1,1);

$2=(c(2)*V, (:,2))/D, (2,2);
u=transpose(B)*transpose(expm(A*(1-t)))*(s1+s2) % Control input computation

syms y
aa=int(expm(A*(1-t))*B*u);
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y=expm(A*t)*x0+aa % Trajectory computation

tiledlayout(2,2)

nexttile

fplot(u,[0,1],’g")

nexttile

fplot(y(1),[0,1],’r)

hold on

fplot(y(2),[0,1],’b’)
legend(’x_1(t))’,’x_2(t))’,’Location’, northwest’)
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Chapter 3

Solution for Matrix Exponentiation
Using Eigenvalues

Dawit Hiluf Hailu

Abstract

In this chapter, we introduce the application of Sylvester’s formula for systems
with degenerate eigenvalues to obtain their analytical solutions. To illustrate its utility,
we include two additional methods for analytical solutions: the adiabatic approxima-
tion and the Magnus expansion. In quantum mechanics, the Schrédinger equation is a
mathematical expression that describes the time evolution of a physical system where
quantum effects, such as wave-particle duality, are significant. This equation serves as
a framework for analyzing quantum mechanical systems. Similar to how Newton’s
laws govern the motion of classical objects, the Schrédinger equation governs the
behavior of quantum entities. However, unlike classical motion, quantum mechanics
deals with the probabilities of different trajectories. The ability to obtain analytical
solutions to such equations provides an in-depth understanding of the dynamics and
also allows for the identification of controlling parameters, as analytical functions can
readily reveal these insights.

Keywords: matrix exponent, eigenvalues, eigenvectors, Sylvester formula,
degenerate eigenvalues

1. Introduction

Generally speaking, physical systems are dynamic, meaning they evolve. The
dynamical evolution of quantum mechanical systems is described by the Schrédinger
equation, which characterizes their dynamic properties. Given an initial quantum
state |w(0)) at time ¢ = 0, a physical law is required to determine the state at any
subsequent time ¢, that is, a quantum law of evolution. Since a state vector contains all
known information about a system, we need a general physical law to describe how
this information evolves in response to the specific physical conditions affecting the
system. This exploration focuses on how the system responds to external perturba-
tions. Although the details of this law may vary between systems, it can be expressed
in a universally applicable form.

The dynamics of quantum mechanical systems without external perturbations can
be effectively studied using the Schrédinger equation, assuming a constant Hamilto-
nian. Solutions to such systems are often, though not always, achievable through
analytical approaches. However, this typically requires making assumptions or
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approximations about the system, simplifying its complexity to allow for analytical
solutions. These simplifications help focus on the relevant aspects of the system,
excluding extraneous information. Obtaining such solutions aids in identifying con-
trolling parameters, which is valuable for experimental design and understanding the
system under investigation. According to Bohr, such states are known as stationary
states, referring to quantum states that do not change over time, though they still
possess significant physical properties.

Our aim in this chapter is to demonstrate the use of Sylvester’s formula for
dynamical systems with degenerate eigenvalues. We will first introduce some
approximations and assumptions that justify the use of analytical solutions. Among
the various methods for obtaining analytical solutions, we have chosen Sylvester’s
formula because it is particularly suitable for systems with degenerate eigenvalues.
Sylvester’s formula requires only the knowledge of eigenvalues, making it an ideal
candidate for our purposes.

Our approach to obtaining solutions via eigenvalues is grounded in quantum
mechanics. In this context, a quantum state can be viewed as a vector in Hilbert space,
with measurements on the state described as operations or time evolutions, such as
those induced by interacting laser light. This can be represented as a matrix acting on a
state vector, where the eigenvalues correspond to the energy of the state. This descrip-
tion applies to any observable or physically measurable quantity in quantum mechanics.
It is the eigenvalues of these observables that correspond to the measured values.

Strictly speaking, observations in quantum physics do not typically yield the
observables themselves as outcomes but rather the expectation values of these
observables. This indicates that the connection between theory and experiment is
through the expectation values of the observables. It is important to note that these
expectation values are real numbers corresponding to the outcomes of measuring the
observables. We work in the Heisenberg picture, where observables are time-
dependent, specifying the changing expectation values of the observables. Mathemat-
ically, the expectation values are given by a fixed linear function, (O), mapping
observables to real numbers.

To reiterate, in quantum mechanics, the Schrédinger equation is a
mathematical formulation that describes the time evolution of a physical
system where quantum effects are significant. The Schrédinger equation of
motion is used to study quantum mechanical systems. This approach requires
knowledge of the Hamiltonian and the initial state of the system att =t to
determine the state of the quantum system at a later time ¢. The Hamiltonian, typically
denoted by H or H, corresponds to the total energy of the system. Its spectrum
consists of the possible outcomes when measuring the system’s total energy. Due to its
close relation to the time evolution of a system, the Hamiltonian is fundamentally
important in most formulations of quantum theory, generating the time evolution of
quantum states.

Each measurable parameter in a physical system has an associated quantum
mechanical operator, with the Hamiltonian being the operator associated with the
system’s energy. The Hamiltonian includes the operations associated with kinetic and
potential energies. Applying the Hamiltonian to the wave function produces the
Schrédinger equation. In the time-independent Schrédinger equation, this operation
yields specific energy values known as energy eigenvalues. Beyond determining sys-
tem energies, the Hamiltonian operator also generates the time evolution of the wave
function.
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In this chapter, we will explore the Hamiltonian of a system interacting with an
electric field. We then use the Hamiltonian to describe the system’s equation of
motion. The evolution of the system can be described either through the probability
amplitude and the time-dependent Schrédinger equation or using the density matrix
formalism in Liouville’s description. Using the equations for the density matrix ele-
ments, we will form a set of observables through a linear combination of the coher-
ences and populations. We then obtain the equation of motion in a larger space and
seek an analytical solution, assuming the perturbation fields have the same time
dependence but potentially different strengths.

2. Analytical approximations

Once the equations of motion for quantum systems are established, it is evident
that they can be solved numerically. However, our focus in this chapter is on explor-
ing some of the analytical approaches to solving these equations. It is important to
recognize that these analytical solutions are approximations and may not be as precise
as those obtained through numerical methods. Nonetheless, they often provide valu-
able physical insights.

The systems of equations we aim to address in this chapter are coupled equations
of motion, as fully derived in such as Refs. [1-3]. These equations take the form of the

following equation of motion (see Eq. (1)) for the observable vector S. The observable

vector S consists of the expectation values of the observables, which are linear com-
binations of the coherences and populations. Since the observable vector exists in a
larger space, it contains more elements. For a quantum system with N distinct states,
the vector has N> — 1 elements if normalization is imposed. For example, in a two-
level system, the observable vector has three elements and is commonly referred to as
the Bloch vector [4, 5].

A key aspect of the derivation is that the Hamiltonian and the density matrix can
be expressed as linear combinations of generators, thereby forming a closed Lie
algebra. It is worth noting that the discussion in this chapter is equally applicable to
time-dependent Schrédinger equations in Hilbert space, as well as other equations of
motion with a similar form.

2S=gS 1)

In contrast to the Schrédinger equation, the vector Sin Eq. (1) describes the state
of the system, while the matrix g represents its Hamiltonian, with dimensions
(N? —1) x (N? —1). As mentioned earlier, such equations can be solved numerically
to obtain exact solutions. However, there are instances when approximate solutions
are necessary. These approximations can provide valuable insights into the physical
system despite the loss of exactness. We emphasize that by adjusting all or selected
parameters, we can approach the exact solution more closely. Furthermore, analytical
calculations can be useful, and sometimes preferable, for identifying the most essen-
tial or controlling parameters. Understanding these controlling parameters is crucial
for proposing and designing experimental setups.

In this section, before we delve into using Sylvester’s formula to obtain analytical
solutions, we will first examine two other methods for obtaining analytical solutions:
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the adiabatic approximation and the Magnus expansion. We will provide a brief
overview of these two methods.

2.1 Adiabatic approximations

In the context of this discussion, adiabaticity or adiabatic approximation
refers to the scenario where the perturbation on a physical system changes very
slowly over time. This slow change allows the system to align with the same eigenstate
before and after the interaction with the perturbation. Because the variation in per-
turbation is gradual, the system has ample time to adjust to its instantaneous
eigenstate. Essentially, this means that once the system is prepared in an instanta-
neous eigenstate, it remains in that state as long as its eigenvalue is separated from the
nearest states by a finite energy gap. Physically, this implies there is no transition
between adiabatic states. This characteristic is reflected in the structure of the adia-
batic Hamiltonian, where the matrix elements of the transformed Hamiltonian (the
Hamiltonian in the adiabatic picture) are zero or negligibly small, except on its
diagonal.

Mathematically, this can be achieved by considering a unitary transformation
matrix U that diagonalizes the matrix g in Eq. (1). The adiabatic approximation is a
method used when the Hamiltonian of the system changes slowly compared to the
evolution of the system’s state. This approach assumes that the system remains in its
instantaneous eigenstate as the Hamiltonian varies. The key idea is that if the changes
in the Hamiltonian are slow enough, the system can adjust its state adiabatically,
meaning there is no transition between different eigenstates. This method is particu-
larly useful for systems where the Hamiltonian varies due to external influences such
as slowly changing fields.

The adiabatic approximation simplifies the problem by reducing the time-
dependent Schrédinger equation to a set of simpler equations that are easier to solve.
This method provides a good approximation when the conditions of slow variation are
met and can give significant insights into the system’s behavior under slowly changing
conditions.

Following transformation rules, let us now multiply both sides of Eq. (1) by a
unitary transformation matrix U~ whose time derivative is zero.

d — —
-1% ¢ _ 171
Ut S =U"gS (2)
4 (U*@) = U%S 3)
dt g

By multiplying the right-hand side (RHS) of Eq. (3) by the identity matrix
I = UU %, the matrix g can be readily diagonalized. This transformation results in a
diagonal matrix A = U_lgU, whose elements are the eigenvalues of g.

% (U—1§> - A(U‘@) (4)

For convenience, let us denote the transformed observable vector as S’ = U™'S.
Therefore, the equation of motion for this new observable vector is
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%? _AS )

In this approximation, the transformed observable vector S’ evolves according to a
simplified set of equations where the Hamiltonian is diagonal. This allows us to
express the solution in terms of the eigenvalues of the Hamiltonian matrix. Recalling
that we are using the adiabatic approximation, the solution takes the form

S'(t) = eMS'(0) (6)

Since we are seeking the solution for Eq. (1), we can obtain it from the solution in
Eq. (6) by multiplying the final equation by U, thereby transforming back to the

original observable vector §(t) =US’ (¥)

US'(t) = UeMS'(0) 7)
S(t) = UeMU1S(0) (8)

By inserting the identity matrix on the RHS of Eq. (7), we arrive at Eq. (8). This
solution can be expressed component-wise as follows:

ZUk] " U3LS;(0) )

where /; is the eigenvalue.

Example - i: Let us illustrate the adiabatic approximation method by applying it to
a two-level system and deriving the solution for the coherence vector, or Bloch vector.
Consider a two-level system with ground state |0) and excited state |1), coupled by a
coherent laser light of Rabi frequency #Q and detuning A = #(w; — w). Assume the
system is initially prepared in the ground state.

Solution: To begin, we construct the coherence vector using generators that form a
closed Lie algebra, as discussed in Refs. [4, 5] and related references. For clarity and
future reference, we restate here the relationship between the generators and the
components of the coherence vectors as

uo1 =10)(1] + [0) (1],
vor = —(10)(1| — [0) {11, (10)
w1 =10)(0] — [1)(1]

The equation of motion for a two-level system in terms of SU(2) symmetry takes
the following form:

S1 0O A O S1
i Sll=|-A 0 —-Q S,
dt (11)
S3 0 Q 0 S3
d — —
—S =98
dt s
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One can readily obtain the eigenvalues and eigenvectors of g as follows

0 0 0
A=]0 —vV-A_-? 0
0 0 —AZ2 - Q?
_Q A A (12)
A Q Q
U= 0 7\/—A2—£22 VA2 - Q2
Q Q
0 Q 0

Therefore, by substituting the values and noting that §(0) = (0,0,1)7,
reflecting the initial preparation of the system in the ground state, where

S = (uo1,v01, wl)T, and performing some algebraic manipulation, we arrive at the
following result:

S(t) = UeMU~18(0)

1, AQ
(1+2(e e Zt)) i
QV-AT-Q? (13)

A%+ Q?

Q? 1
A2 L 22 (Gt Aot
< + 5 (e + ™) o

§(t) = | Z(—eht 4

N R

If we introduce Qo = v/ A? + Q?, which gives 1; = —V—A? — Q = —iQ, simi-

larly, we obtain 4, = V—A? — Q? = iQ, see Figure 1. With these definitions, the
solutions can be rewritten as

Eigenvalues
0.6 |
045 i
0.2} !
1 i —h
0.0}

[ ] —n
-n.z; e
~04f i
-0} !

o 1 2 3 4

time (reduced units)

Figure 1.
Eigenvalues for a two-level system with coupling laser in the reduced unit.
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AQ
—(1— cosQ
Q% ( Ot)
- Q .
S(t) = o sin Qot (14)
0
2 2
— % — % cos Qot
0 0
To leverage the advantages of having an analytical solution, let us pause and examine
what insights we can gain from the solution obtained in Eq. (14). Firstly, based on the
definition used to construct the coherence vector, as seen in Eq. (10), it is important to
note that the solution describes the evolution of the vector at time ¢ after the system has
been perturbed by a laser field. The elements of the coherence vector consist of the real
and imaginary parts of the coherences (i.e., py; of the density matrix) and the popula-
tion differences between the two levels (i.e., p,, fora = 0,1).
Furthermore, we use this solution as a starting point for our objectives. For exam-
ple, considering the well-known example of complete population transfer in a two-

level system, our goal would be to achieve §(t) = (0,0, — 1), see Figure 2. Referring
to Eq. (14), this requires that

AQ
—(1— cosQot) =0
Q3
Q
— sinQyt =0
IR sin £2¢ (15)
A Q?
- cos Qot = —1
Q

It is evident that the solution depends on A and Q, as well as their combinations.
From these equations, we observe that the desired condition is met when Qot = +x
for a negligibly small detuning A — 0. This condition implies Q¢ = +iz. Specifically,
on resonance where A = 0, the solution takes the form

Observables vs Time

0.5
0.0 — Sy(=ug)
— S2(=vo1)
—0.5} — S3(=m1)

%

-10}

0 20 40 60 80

time (reduced units)

Figure 2.
The vesult shows a complete population inversion as outlined in the text. Solution is obtained using Eq. (49).
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(16)

Let us now make a dimensional analysis and work with dimensionless quantities
for simplicity. To this end, it is helpful to work with reduced units. Reduced time is a
concept used in various fields of science and engineering to simplify the analysis of
dynamic systems. Scaling the time variable often helps to make equations dimension-
less or to compare systems with different time scales more easily.

In the context of our scenario involving laser pulses and quantum states, reduced time
is used to normalize the time variable based on characteristic timescales of the system,
such as the duration of the laser pulse or the natural oscillation period of the system.

For example, if ¢ is the actual time and o is a characteristic timescale (like the
duration of a laser pulse), the reduced time 7 can be defined as:

T =

(17)

t
o

This way, 7 becomes a dimensionless variable that simplifies the mathematical
treatment of the problem. When dealing with differential equations, this normaliza-
tion often helps to reduce the number of parameters and reveals the underlying
structure of the equations more clearly.

In our context of population transfer between quantum states, reduced time could
help in comparing how different laser pulses (with different durations or intensities)
affect the population dynamics in a standardized way. To this end, we keep on using
the reduced time scale throughout.

Utilizing and 4, = v —A? — Q% = iQy, the expression becomes

0
S@)=| sinQgt (18)
— cos Qot

If the goal, on the other hand, is to induce coherences between the ground and excited
states—achieving equal population distribution between the two states—the desired out-

comes would be either §(t) =@ ,O,O)T or §(t) = (0,3, O)T, depending on the nonzero
real or imaginary part of the off-diagonal element in the density matrix. The solution from
Eq. (14) imposes several conditions to achieve this, notably Qt = +% and At = £ 2.

Following similar reasoning as above, one can derive various other solutions
depending on the desired population distributions, such as transferring a third or a quarter
of the population to the excited state or vice versa. These solutions can guide experimen-
talists in designing and conducting experiments that meet specific conditions. The condi-
tion |€|, known as the pulse area, indicates the strength of the laser pulse: a pulse area of
7 corresponds to a strong laser field, while § indicates a weaker applied laser field.

To summarize, the analytical approach provides valuable insights into the physics
of the system under study. It allows us to predict and understand how different
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experimental parameters, such as pulse area, affect the quantum dynamics, thereby
guiding experimental design and interpretation.

2.2 Sylvester’s formula

The approach outlined in subsection (2.1) assumes that the Hamiltonian of the
system commutes with itself at different times. However, in the case of ordinary
differential equations (ODEs) with time-varying coefficients, such as the one under
consideration here,

ZS(t) =g)SE), S(0) =S5, (19)

with §(t) = (S1(t) ..., Su(t)) and g(¢) is an » x n matrix, (the general solution) is
given by
t

aﬂ:TeLWW 5(0), (20)

where 7 denotes time-ordering,

oo

g 1¢ , /
T Jo EZEJ J Tig(t) g(t))}
n=0 0 0 (21)
-> J i .. jo”’ldt; ¢t)) .g(t))

0

Assuming the matrices commute at different times, meaning the commutator

[g(t1),2(t2)] = O for all £, t,, the time-ordered expression takes the form ejog(t/) % The
evaluation of such exponential is extensively studied [6-10], but is beyond the scope
of the present paper.

For example, the dynamics of the two-level system investigated in this chapter are
approached using a Magnus series [4-6]. However, one can employ various proposed
methods from the references to approximate or exactly solve these equations. This
section uses Sylvester’s formula to derive analytical solutions for the coupled differ-
ential equations.

2.2.1 Sylvester’s formula for distinct eigenvalues

Another method to solve Eq. (1) involves Sylvester’s formula, a widely recognized
tool for solving exponential equations. Specifically, given an N x N coefficient matrix
g(t), our objective is to solve the initial value problem related to the linear ordinary
differential equation governing the coherence vectors’ equation of motion (refer to
(1)). For clarity and convenience, we rewrite this equation along with its initial
condition as
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S(t) =g(®)S), S(0)=So (22)

The solution can be expressed as

- (t1)dt1 _,
S(t) = eJtUg S(0) (23)

S(t) = %S (0) (24)

Let G(t1) = [yg(;) dt}. We assume all entries g;; of the matrix g are integrable

functions. Consequently, we define the integral of the matrix as the matrix
whose entries are integrals of the corresponding elements of g, expressed mathemat-

ically as [g(¢)dt:= (f g;(t) dt). Sylvester’s formula provides a method for computing

the exponential of a matrix using only its eigenvalues [11, 12]. Therefore, foran N x N
matrix, the solution to its exponential can be obtained by finding its eigenvalues and
applying Sylvester’s formula. Using this approach, we can express the exponent in
Eq. (24) as

N?-1 szth —
S =N Gley =t (25)

=1 k=1 VT

Let y; denote the eigenvalues of G(t1), I represent the identity matrix, and e’

signify exponent of the eigenvalues.

It is important to note that Sylvester’s formula can be applied in two distinct ways.
The first approach involves directly substituting the matrix G and its eigenvalues into
the formula, as indicated in Eq. (25). Here, the computation relies solely on knowing
the eigenvalues of the matrix.

The second approach, which also requires knowledge of eigenvectors and eigen-
values, utilizes spectral decomposition. Below, we will illustrate both methods and
derive the solution for a two-level system whose equation of motion corresponds to
the Bloch equation. It is essential to emphasize that, for practical purposes and sim-
plicity, we assume the matrix elements (specifically those of the Hamiltonian) to be
integrable either analytically or numerically.

With Sylvester’s Formula: Let us apply Sylvester’s formula to derive the
analytical solution of the coherence vector, or Bloch vector, for a two-level
system. Similar to before, we assume the system is initially prepared in the ground
state. The equation of motion for a two-level system in terms of SU(2) can be
expressed as

e 0 A 0 S1
Z|S|=[-20 2|l (26)
Ss 0 Q 0 Ss
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its solution, assuming the matrix g is commutable with itself at different times, can
be written as

S(t) = %M S(0) (27)

where G(#1) jog 11)dt1, and it explicitly is expressible as

0O A O
t t
G= g(tl)dtl = J dti1| —A 0 —-Q
Jo 0
0O Q O
2
0 J Adtq 0
0
t t
_ _J Adty 0 _J Qir, (28)
0 0
¢
0 J Qdtq 0
0
0 A 0
=] -A" 0 —-Q
0 Q' 0

where A’ and Q' are the integrated values of A and Q, respectively.
The next step is to determine the eigenvalues of g. Since our matrix is low-
dimensional, we can find the eigenvalues by solving the characteristic equation

det(g — AI) = 0. This yields the eigenvalues {0, —V-A? Q2 VA7 - 9’2}. By

substituting the initial values of the coherence vector §(O) = (0,0, —-1)", which fol-

lows from the definition of the vector S = (u01, Vo1, wl)T, we find that the solution can
be expressed as

S(e) = ¢)$(0) = liev ﬁ M} -5(0)
J k=1 Tk 7’]

_ {e (G = 1213x3)(G — 1313x3) St (G = 7113x3)(G = r313x3) Lo (G — 11l3x3)(G — ral3x3)
(r1—1r2)(r1—71s) (ra—r)(ra—71s) (r3—r)r3—r2)

5(0)
(29)

Introducing { = /A2 + @ and recalling the eigenvalues to be y; = 0, y, = —i(,
and y; = i{, we substitute these values into Eq. (29). After performing some algebra,
the solution takes the following form:
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/Q/
A? (1— cos{)
S(t) = ? sin¢ (30)

A? Q7
— ? - ? cos{

Examining the solution in Eq. (30) reveals that it has a similar form to the one
obtained using the adiabatic approximation, as seen in Eq. (14).

With Spectral decomposition: We use the spectral decomposition method here,
which involves factorizing a matrix into its canonical form. This process represents
the matrix in terms of its eigenvalues and eigenvectors. It is important to note that this
method applies only to diagonalizable matrices. Recall that an matrix is diagonalizable
if it has » independent eigenvectors.

et =) "perpt (31)

Since our matrix G (dropping the time argument for clarity) is diagonalizable, it
follows that there exists an invertible matrix P such that G = PDP~, where D is a
diagonal matrix containing the eigenvalues of G, and P is a matrix whose columns are
the eigenvectors of G. In this case, ¢¢ = Pe®P~'. We employed the Taylor series
expansion of the exponential function along with the relation (P~'GP)" = P'G"P.
Thus, for eigenvectors 7;, the eigenvalue function is given by

Gn; = rjn; (32)

Also, using Frobenius covariant where Q= njn]-T we have:
€ = Ze’injnf (33)
j

The Frobenius covariants of our matrix are the projection matrices associated with
its eigenvalues and eigenvectors. Using these covariants, the solution can be expressed
as:

S(e) = Y ey (n7(0)) (34)

j

the term anS (0) represents a scalar product.

To reiterate, Sylvester’s formula provides a method for computing the exponential
of a matrix using only its eigenvalues. Therefore, for any N x N matrix, one can
obtain the solution of its exponential by determining its eigenvalues and applying
Sylvester’s formula. We have expressed the Magnus solution for our coherence vector
in terms of the eigenvectors as follows:

S@) =S e, (anS(O)) (35)
j
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If we define Q; = n]n]T as the projection operator, where 7; is an eigenvector of the

matrix, and Q; satisfies the idempotent rule Q2 Qj. This means that applying Q;
twice to any vector yields the same result as applymg it once.
Using Q; = ;7],;1],7", the solution can be re-expressed as:

S(t) = ZeVJ’Q]-S(O) (36)
j
where the projection operator Q; = njan is incorporated into Sylvester’s formula as
follows:
N 1G -yl
14
G=11-—=, 37)
j#k=1 Ve — }/]

Let G(t1) denote the integral [y (t;) dt}, where g(t1) is the matrix. Suppose vj are

the eigenvalues of G. It can be shown that Sylvester’s formula acts as a projection
operator.

Proof: If G has # distinct eigenvalues, any vector |¥) in the #-dimensional space
can be expanded in terms of the 7 eigenvectors

=> nlk) (38)
k=1

From the eigenvalue equation, we derive or obtain
Gli) = 7elf) (39)

Therefore, to verify if Q;, defined as [ ?ék 1 y; o~ is a projection operator, we apply
it to the state |q) as follows:

N-1G _ y]
Q) ﬁélk_ll Ye =Y ) (40)
Qjlq) = 54lg)

where we used that G|j) = 7,|j)

j#kj=a, (G-rl)im)=0lg)

j=k (G=r)im) =1ig) o

Hence, an operator with eigenvalues 0 or 1 is a projection operator. It is worth
noting here that |m) represents the eigensystem.

Let us revisit the example discussed in subsection (2.1) and apply Sylvester’s
formula to obtain the analytical solution of the coherence vector, or Bloch vector, for
a two-level system. As before, we assume the system is initially prepared in the
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ground state. Initially, the equation of motion for the two-level system in terms of
SU(2) is:

4 S1 0O A O St
% S, = —-A 0 —-Q S, (42)
S5 0 Q o0/\s,

its solution, assuming the matrix g is commutable with itself at different times, can
be written as:

S(t) = S5 (0) (43)

where G(t1) = jég(tl)dtl and is expressible as:

0 A 0
t t
G= J g(tl)dtl = J dti1| —A 0 —-Q
0 0
0O Q O
t
0 J Adtq 0
0
¢ ¢
_ _J Adt O _J Qdr, (44)
0 0

0 A 0
=|-A 0 -
0 @ o0

where A’ and Q' represent the integrated value of A and Q, respectively.

The next step is to obtain the eigensystems, that is, eigenvalues and eigenvectors,
of g. Since our matrix is low dimensional we can find the eigenvalue by solving the
characteristics equation det(g — AI) = 0 yielding eigenvalues of

{O, VAT Q2 VA — Q’z} and unnormalized eigenvectors

Q A A
N %% oY
n= V-A? —Q? VAT Q7 (45)
o - Q Q
1 1 1

Therefore, plugging the initial values of the coherence vector, §(O) = (0,0,-1)"

which follows from definition of the vector S = (#01,v01, wl)T, we find the following
result for n71S(0)
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A”
A 4+ Q7

Q2

-1 |
Q?

2(A7 + Q)

Therefore, our solution is now as follows:
S(t) =Y ey (1'S(0))
j (47)

S(t) = ey (71S(0)) + €, (13.S(0)) + 733 (n3 S(0))

with ¢ = VA? + Q2 noting that y; = 0, y, = —i{ and y3 = i{, we then obtain

o A A’
A | (A% y Qo € Q?
S(t) = €O 0 <?> +e ¢ _ —ZC 2_4,2 +e 4 —1 — 2—52 (48)
Q Q
1 1 1

which, after some algebraic manipulation, the solution becomes

A;zl (1— cos¢)

S(t) = — sin¢ (49)

A QP
— ? — ? Ccos C
Upon inspection, solution Eq. (49) reveals a form similar to that obtained with the
adiabatic approximation, as shown in Eq. (14).
The plot in Figure 2 concurs with the expectation mentioned earlier: the use of a
laser pulse with an area of 7 completely transfers the population from the ground state

to the excited state. Consequently, the state vector solution yields S(¢) = (0, 0, —1)",
with w; = —1 indicating complete population inversion.

2.2.2 Sylvester’s formula for degenerate eigenvalues

So far, we have explored Sylvester’s formula for systems with distinct eigenvalues.
Now, let us consider systems with degenerate eigenvalues. In this context, a degener-
ate eigenvalue y corresponds to two or more different linearly independent eigenvec-
tors. Mathematically, this statement can be expressed as GV; = yV; and GV, = yV>,
where V7 and V; are linearly independent eigenvectors.
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The eigenvalues, in the context of this chapter, represent measurable values of
physical observables, while the corresponding eigenstates represent the possible states
in which the system may be found.

In such cases, the standard Sylvester’s formula is not directly applicable to obtain
the solution. This implies that when dealing with degenerate eigenvalues, modifica-
tions are necessary for Sylvester’s formula to be used effectively to obtain the required
solution. To address this, let m; denote the algebraic multiplicity of the eigenvalue y;.

The exponent in the solution §(t) = eGg(O) takes a modified form, as discussed in
[12], which states:

=3 rfbk (yj) (G - yjl)l [1G-n™ (50)
k=0

j j#=1

where the sum is performed over all distinct eigenvalue y;, and where the by, (y])

are the scalars

k
by, (YJ) = % ;—yk e (f:_ mmj (51)
Y=Yi

Example - ii: Consider a three-level A system with states {|0), |1),|2)}. In this
system, there is no direct coupling between states |0) < |2), while levels are coupled
by a coherent light with a half Rabi frequency a(t) = 2Q, (t). Similarly, levels |1) < |2)
are coupled by another coherent light with a half Rabi frequency () = 2Q(t), where
a(t) and f(¢) are defined as the half Rabi frequencies of the pump and Stokes lights,
respectively, see Figure 3(a). The Hamiltonian of this system, which has been exten-
sively studied [13-15], possesses three distinct eigenvalues. To seek an analytical
solution using Sylvester’s formula, we need to map the Hamiltonian into a larger
space. One approach to achieve this is through the Lie algebraic method outlined in
Ref. [16]. In this approach, physical observables are expressed in terms of generators
of a Lie group, where the Hamiltonian and density matrix can be represented as linear
combinations of these generators. It is shown that the Hamiltonian in this expanded
space, denoted as g, takes the form of a matrix:

Pulse Intensity Eigenvalues
I i ! 1 Y1
12| i 2| i
10: I rz
i | 1 | —n
0.8 { !
| { — el [ £ = ] o EmmAn 7]
0.6 | f “eRila. L3 o |
— B 1t o L2570 ¥s
| =1 ~ Tee, L !
4 1 i T SERIZRART 4L ] ek 6
I i -2 . 4
02| { f 3 | "
0.0[— . e} -3} R > ) P T s

0 v A 3 4 0 1 2 3 4
time (in reduced units) time (reduced units)

(a) (b)
Figure 3.
(a) The pulse profile of the coupling lasers for the three-level system, showing the blue pump laser and the ved
Stokes laser. (b) The eight eigenvalues, with two of them being identical, specifically o.
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0O 0 O A 0 p 0 0
0O 0 O 0 -A —a O 0
0 0 O s —a 0 0 0
-A 0 -5 O 0 0 2 O
0 A «a 0 0 0 —p V3p
—f a O 0 0 0 0 0
0 0 0 2« p 0 0 0
0 0 0 0 —vV33 0 0 ©
The eigenvalues, Yj> of this Hamiltonian are thus obtained to be as follows.
V12 = 0,
Va4 =\ —4a? — 4> — A?
=t/ )

N \/ —20? — 2% — A’FA\/4a? + 4B — A?
75,6,7,8 = \/i

The plots of these eigenvalues are shown in Figure 3(b), and as we can see, two of
the eigenvalues are zero, specifically y; = y, = 0, while the remaining six eigenvalues
are purely imaginary. Therefore, due to the presence of degenerate eigenvalues, we
need to use the second form of Sylvester’s formula, denoted as Eq. (50). Here, G refers
to the matrix obtained after integrating its elements, denoted as G;(t).

Assuming the system is initially prepared in the ground state with the initial

_ T
condition of the vector S(0) = (0,0,0,0,0,0, -1, — \/ig) , the evolution of the eight-

dimensional coherence vector is then obtained using Sylvester’s formula. The solution
takes the form:

S(t) =e%S(0)

8 8 8
G — 7.l
(b0(71 — O) +h1(y2 = O)(G }/( O ngg) H — )/klgxs + Ze}’; H Vrlgxs
kA, 2k—3 =3 A= VT TR
S(0)
(54)

where Ig,g is an 8 x 8 identity matrix, and the scalar elements b, (forn = 0,1)
corresponding to the two degenerate eigenvalues (with y;, = 0) are expressed as

1 d° ¢ 1
boly, - (55)
(i) = 0! dy? [Hz_a(if - }’kl)] y=0 H2:3(_yk)
and
1d e’
b1(y; =8
(7 ) 1! d]/ [Hk 3(y ]/kI)‘| /=0

(D) ~ TTis (1= %) (56)

JiREA
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3. Conclusions

In conclusion, we have explored analytical methods for solving the evolution of
quantum systems with varying eigenvalue spectra. These analytical solutions are
pivotal for gaining deep insights into system dynamics, facilitating precise predictions
under different conditions, and validating theoretical models against experimental
data. They also contribute to computational efficiency, offering rapid insights com-
pared to numerical simulations, thereby advancing our understanding and utilization
of quantum phenomena in diverse applications such as quantum information
processing and quantum technologies. For the two-level case with distinct eigen-
values, the adiabatic approximation, Magnus solution, and Sylvester’s formula pro-
vided a simplified yet effective method, yielding insightful predictions with clear
physical interpretations. Sylvester’s formula proved instrumental in analyzing the
evolution of an eight-dimensional coherence vector in systems characterized by
degenerate eigenvalues.
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Chapter 4

Spectral Perturbation Theory of
Hermitian Matrices

Mavrcus Carlsson

Abstract

While Hermitian Perturbation theory is significantly simpler in many aspects than
the non-Hermitian one, explicit formulas for first- and second-order perturbations are
often not present in standard reference works on the topic and hard to find elsewhere,
especially in the presence of degenerate eigenvalues (i.e., of multiplicity higher than
one). This chapter aims to fill in these gaps and also presents some new contributions,
pertaining to degenerate eigenvalues. We focus on the local behavior of eigenvalues
and eigenvectors as functions of all the matrix entries in the perturbation, giving
concrete formulas for the gradient and Hessian of the corresponding multivariable
Taylor series.

Keywords: Hermitian perturbation theory, Taylor series, Rayleigh-Schrédinger
coefficients, Frechét derivatives of eigenvectors and values, perturbation of
degenerate eigenvalues

1. Introduction

A matrix A is called self-adjoint, also known as Hermitian, if the matrix entries
Ay satisfy Ay = m . Equivalently, an # x #-matrix is self-adjoint if (Ax,y) =
(x, Ay) for every pair of vectors in C", (using the Euclidean scalar product). Denote by
H, the set of such matrices and let A € H,, be fixed. The dependence of the eigenvalues
of A, given a “small” perturbation E € H,,, is a classical subject with original contribu-
tions dating back to Lord Rayleigh in the nineteenth century [1]. The literature on this
topic is immense and can roughly be divided into two groups. One group “freezes” the
matrix E and considers A + tE as a function of the complex variable ¢, giving rise to a
beautiful and rich connection with algebra and analytic function theory [2, 3]. How-
ever, it lacks a global perspective, in the sense that E is fixed and not a free variable.
The second group of results do not freeze E, with more general but less exact results as
a consequence, such as the estimates by Gersgorin, Weyl, Stewart, and Bauer-Fike to
name a few. In particular, if we denote the eigenvalues of A by @ € R” and those of A +
E by ¢£eR” (both ordered non-increasingly), then the estimates of H. Weyl imply that

5 — ol < IEI, 1)

where the norm refers to the standard operator norm, that is,
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IAIl = sup{llAx]|/llx|| : x # 0} = max {|a|}_,.

While this result is the best possible from a global perspective, it offers little
guidance on how ¢ depends on E when ||E|| is small, and it is the key objective of this
chapter to provide concrete and constructive formulas filling this gap.

To begin, let us first consider perturbations of the form A + ¢E for a fixed E€ H,,. A
key result in this field is the fact that the eigenvalues &(t) of A + tE are real
analytic functions of t €R (given a suitable ordering). This result is due to F. Rellich
in a sequence of articles from the 30’ [4], and a simple proof in the finite
dimensional setting is found in his monograph [5] (or consult Theorem 6.1 Ch. II in
[3]). Even before that, the coefficients of the corresponding series expansion were
computed by Lord Rayleigh and later Schrédinger, although they lacked a general
proof that the corresponding series converged. These coefficients are typically
found in the literature on mathematical physics and quantum physics, rather
than books on pure mathematics such as Kato’s seminal work [3] or Rellich’s own
monograph [5], for that matter. For example, they are computed in Reed-Simon’s
book [6], Ch. XII.1, using complex analytic tools, while assuming that the
eigenvalues of A are simple. Even without this assumption, Courant and Hilbert [7]
compute them by making a simple “ansatz” and backing out their values from a set of
equation systems. While these coefficients have very complicated expressions, the
first- and second-order terms are manageable; if we suppose for simplicity that a basis
has been chosen such that A = A,, where A, denotes the corresponding diagonal
matrix

a1 0 0
0 « :

Aa = _2 s
o .. ay,

and moreover such that E(i,j) = 0 whenever a; = @; and i # j, then

2
&(t) = ay, +tE(k, k) + 12 Z £, DI +0(£). (2)

Lay#a, e — A

The formula is quite accurate in practice, see Figure 1 which displays a histogram
of the errors &(t) — (ak - tE (k) + Y, DL ) .k = 1...n, for five randomly

X =

generated instances with # = 30. For this realization, we sett = 1073, and it is note-
worthy that all errors are well below 10~¢. The outliers of magnitude 10~7 are caused
by eigenvalues of the unperturbed matrix that are very close, in which case the
formula (2) becomes less precise, highlighting the fact that degenerate eigenvalues are
a major obstacle, in both theory and practice.

Despite the beauty of formula (2) (which is proved in Section 5), it lacks a global
perspective. In his 1953 monograph, Rellich himself points out that even introducing
two unknown parameters in the perturbation leads to lack of analyticity and
unpredictable behavior. In this chapter, our main focus is to prove concrete results of
the above type with E as a free variable. We shall also show that, in the case when A
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Figure 1.
Histogram of the error in the approximation (2) for five randomly generated examples with n = 30.

has distinct eigenvalues, the perturbed eigenvalues and eigenvectors depend analyti-

cally on E and provide formulas for their respective Frechét derivatives as well as

corresponding second-order terms (i.e., the Hessian as a bilinear vector-valued func-

tion). We also consider the more difficult case when A has degenerate eigenvalues.
In order to say anything concrete about the perturbed eigenvalues and eigenvectors,

it is of course necessary to know the eigenvectors and eigenvalues of A to begin with.

It is furthermore no restriction to assume that the eigenvectors are orthogonal and

normalized, that is, we suppose that a unitary matrix U, is known such that

A = UaA,U}. Given any perturbation E, the operation ErE:=U; EU is then a linear

isometryand A + E = Uy (Aq + E) U, . Hence, any perturbation theory result about

Aq + E, whether it deals with the eigenvectors or the eigenvalues, can easily be lifted to
the more general situation considering A + E. Therefore, in order to keep notation

simple, we shall always assume from the outset that A = A, and that E=E.

2. The case of distinct eigenvalues: Real analyticity and
Frechét-differentiability

From an applied point of view, the by far most common situation is that the
eigenvalues «a are distinct, and in this case, the theory is much simpler than in the
general case. We therefore consider this case first and postpone a study of the more
general situation to Section 4. Thus, we shall in this section and the next assume that
a; # a; whenever i # j and, for concreteness, we always assume that both @ and £ are
ordered decreasingly, where £ denotes the eigenvalues of A, + E for any perturbation
EeH,.

Note that H, is a linear space of real dimension n? which can be parameterized, for
example, by the isometric isomorphism
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ana(al’ ’an,bb ,b(n27n>/2,C1, ’C(nzfn)/Z)H

4 by +icq by +ic, by_1 +ic,_1
! V2 V2 V2
b1 —icq 4 b, + ic, boy_3 +ico, 3
V2 ’ V2 V2
ia,b, c)= by —icy by, —icy a5 b3n—6 +ic3n—¢

V2 V2 V2

bnfl - l'(,‘n,1 b2n73 - i52n73 b3n76 - ic3n76

V2 V2 V2

We can therefore consider the perturbed eigenvalues £(E) as multivariable

functions on R" as well as functions defined on the linear space H,,. Both

viewpoints turn out to be instructive. We shall prove that, from the multivariable
perspective the eigenvalues are real analytic functions and that, from the linear space
perspective, these are Frechét differentiable and provide a concrete formula without
involving any partial derivatives. To be precise, we shall say that “¢ is real analytic in

the matrix coefficients of E” whenever the function & is real analytic on R” in a
neighborhood of 0 (where o denotes the composition (a, b, ¢)—¢&(1(a, b, c))).

Before presenting these results, let us also discuss perturbation of the eigenvectors.
Unfortunately, the eigenvectors are not unique and therefore, it is not immediately
clear how to define U(E) in a way such that U(E) contain a collection of perturbed
eigenvectors. The most natural choice for U(0), that is, the eigenvectors of A,, is
clearly the identity matrix I, so therefore one natural rule for uniquely determining
the eigenvectors (in a neighborhood of 0) is to demand that diag(U(E)) = (1, ..., 1),
where diag: C"" — C”" is the operator that extracts the diagonal values of any
matrix. This rule is computationally convenient, but unfortunately does not entail that
U(E) becomes unitary. However, this is easily remedied by post-normalizing the
columns. We therefore let V(E) denote the matrix containing the eigenvectors to A, +
E that satisfy diag(V(E)) = (1, ...,1), and we define the unitary eigenvector-matrix
U(E) by setting u; = v;/||vj||, where u; and v; denote the jth column of U(E) and V(E)
respectively. Note that U(E) indeed becomes a unitary matrix, since orthogonality of
the columns is automatic by the spectral theorem. We summarize the above in the
below definition.

Definition 2.1. Given a fixed matvix A, and a “small perturbation” E, we denote by
E(E) the (decreasingly ovdered) eigenvalues of A, + E, and we denote by U(E) the unitary
eigenvector-matrix as defined above.

By “small perturbation” we mean that E is confined to a ball around 0 in H, such
that there are no occurrences of degenerate eigenvalues, which is possible since we
have assumed that A, has distinct eigenvalues. Our first result can be seen as a
multivariate extension of Rellich’s theorem.

Theorem 2.2. The functions & and U are real analytic in the matrix coefficients of E.

Proof. The eigenvalues &(1(a, b, c)) are the A-roots of the polynomial p : C x R —
R defined by p(4,a,b,c) = det(A, + 1(a,b,c) — AI). Standard residue calculus thus
gives that
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_ ¢ ¢
58) = Jrjp(é,a,b,c) 2zi

for small enough coefficients (a, b, c), where I is a small circle centered around ¢;.
If we allow the coefficients to take complex values, then the integrand m, for
fixed { €T}, becomes holomorphic in each of its arguments a;, by, and ¢;, respectively,
where 1<j<nand 1<k,l < (n* —n)/2. In other words we have that

= ¢

Oo——=0

“p(& a,b,c)

holds for each x representing either of the variables a;, by, or ¢;, where Oy Tepresents

the famous “d-bar” differential operator. Standard facts from real analysis then show

that d, and [;. commute, which implies that d.& = 0 for each x (representing a;, by, or
]

¢1). It now follows from Harthog’s theorem that & is analytic as a function of several

variables, in a ball around 0 in C”. The restriction of this function to R”" is then by
definition real analytic, as was to be shown.

We now tackle the corresponding result for the eigenvectors, and begin by
proving analyticity for the eigenvector matrix V discussed before Definition 2.1.
By the above we have that the column-vector vj(a, b, c) of V(i(a, b, c)) solves the
equation

(Aa+E =gl =0

where for ease of reading we let the dependence on (4, b, ¢) be implicit, that is, we
abbreviated i(a,b,c) and £(1(a, b, c)) by E and ¢, respectively. The matrix A, + E — &I
is, by the first part of the proof, real analytic in (a,b,¢). Let X; = Xj(a, b, c) denote the
same matrix but with the j‘th row replaced by the canonical basis vector ¢; (i.e., the
vector which is 0 on all positions except the j‘th, where it equals 1). For (a,b,¢) =
(0,0,0) it is clearly invertible, and hence, it is also invertible in a neighborhood of 0,
by continuity. Since we have assumed the normalization v;(j) = 1, it follows that v;
solves the equation Xjv; = ejT,
solved explicitly for v; using Cramer’s rule, which only involves basic operations that
preserve real analyticity, and hence, the real analyticity of X; implies the real analy-
ticity of v;, which was to be shown.

Finally, since real analyticity of a complex-valued function implies that the real
and imaginary part are real analytic by themselves, and since we can write

where T denotes the transpose. This equation can be

wy=v;/7/S 1 (Re (k) + (Imuy)),
it follows that the columns of U(E) are real analytic as well. O
As a consequence of the above result we see that ez and Uer are C*-functions, so

Taylor’s formula implies that

£(1(a,b,¢)) = &(0) + (Véetlo, (a,b,¢)) + O(ll(a, b, c)II?), 3)
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and similarly for higher-order expansions. Translated back to H, via 1! (which is
isometric so preserves norms and scalar products by the polarization identity), (3)
means that E~£(E) is Frechét differentiable, that is, that there exists some linear
operator L; : H, — R" (the Frechét-derivative of £) such that

£(E) = a+ Lg(E) + O(IEI?), (4)

where we used that £(0) = a. To be more precise, we have that L:(E) =
(17}(Vé&ai|y), E). However, the value of Theorem 2.2 is not so much the real
analyticity in itself, at least from an applied perspective, but rather the fact
that there exists a linear operator L, such that (4) holds. Indeed, finding L (E)
based on the formula 17! (Vé&er|;) and computing partial derivatives of & would
be a nightmare. Instead, just knowing that L, exists, we can now find a formula for
L¢(E) which involves only basic (and efficiently computable) matrix operations on
E directly.

To do so, first note that by applying the same argument as above to each of the
coordinate functions in U(E), we also have

U(E) =I+Ly(E) + O(lIEII?) (5)

where Ly is a linear operator from H, to C**” (and we used that U(0) =1I). By
plugging these expressions into the defining equation for £ and U, that is,

U(E)AgE) = (Aa + E)U(E), (6)

we can easily find the sought formulas for both L; and Ly. To this end, we
introduce the matrix M € R"*" be defined by

M, k) = (@ — ;)" )

forj # k and O on the diagonal. We then have:

Theorem 2.3. Both & and U ave Frechét differentiable at 0, and L.(E) = diag(E)
whereas Ly (E) = MoE where o vepresents Hadamard matrix-multiplication.

Proof. The Frechét differentiability has already been established above, so let us
focus on obtaining the acclaimed formulas for L; and Ly. It will be somewhat easier to
first derive formulas for £ and the matrix V, used in the construction of U, and then
use these to derive the sought formulas for U itself. Upon inserting (4) and (5) (or
rather the counterpart for V) in (6), we obtain the equation

(I+ Ly (E) (Aa + Are)) = (Aa + E)I + Lv(E)) + O(IEI).
Upon ignoring all but the terms that are linear in E, this gives
[Lv(E), Ag] + AL.g) = E, (8)
where [Ly(E), A,] denotes the commutator Ly (E)A, — A, Lv(E). Now,
irrespective of what Ly (E) equals, the commutator is by construction 0 on the diago-

nal. Hence, solving for L: we obtain L.(E) = (E(1,1), ..., E(n,n)) = diag(E), as desired.
Looking at the off-diagonal elements we similarly get the equation
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(Lv(E)(j, k)) (o — &) = E(j, k)," implying Ly (E)(j, k) = E(j, k) / (2 — a;) whenever
j # k. Moreover, by the normalization used for the matrix V we have V(E)(j,j) =1
which yields that Ly (E) must be 0 on the diagonal. Summing up, we have established

that
Ly(E) = MoE. 9)

We now derive the corresponding formula for Ly. If, as before, we let v; denote the
» . Since vj(I) = V(I,j) we derive that

columns of V, then U = VA(||UJ-||*1)
=1
-1 5 -1
_ . E(l,j
= ieSwvepr) = (1S EEL o)
1% 1171% — X

where the last line follows from the already established fact that
V =1+ MoE + O(||E|?). Since (v/1 +x)71 =1—1x+ O(x?), it follows that

ol =133 5(1—’]'0)5110(”15”3). (10)
LA
In summary, we have
U= VA(”vju,l);:l = (I+Ly(E) + O(IEI?)) (I + O(IEI?)) =I+MoE+ O(|El?),  (11)
which proves that Ly (E) = M<E, as desired. O

Theorem 2.3 is illustrated in Figure 2. It is noteworthy that the estimate (4) for &
consistently outperforms the estimate (5) for U, and by a large margin, 10~ versus
10~°. To understand why this is so, note by looking at the red plot of subplot 1 that «
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Figure 2.

Ill%:ltmtion of Theorem 2.3. Left figure displays the vandomly generated eigenvalues of Ag, n = 30, along with a
log | -plot of the difference of adjacent eigenvalues. The middle graph shows the ervor of formula (4) (ignoring the
ordo-term) in £*-norm (i.e., |E(E) — a — Le(E)|l,), for 20 realizations of perturbations E with ||E|| = 1075. The
right plot shows the corresponding graph for the corresponding ervor in (5), measured using the Frobenius norm.

! Lacking a better notation, we use Ly (E)(j, k) to denote the (j, k) ‘th element of the matrix Ly (E).
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Figure 3.

Modulus of the error U(E) — I — Ly (E) in (5) for a given random E and same A as in Figure 2.

e X

has eigenvalues that are close to each other at indices (9, 10), at indices (15, 16) as well as
at (17, 18). Figure 3 displays the modulus of the elementwise error in (5), using the same
A as in Figure 2 and one random realization of E as in Figure 2 (i.e., normalized so that
|E]| = 1075). As is plain to see, most entries are of the order 107 as well, except for a few
which corresponds precisely to blocks of indices , k for which aj=a, (i.e., (9,10), (15, 16),
and (17, 18)). This illustrates that the behavior of the eigenvectors is particularly unstable
near semi-degenerate eigenvalues, but that this instability is confined to the above men-
tioned blocks. Sections 4 and 5 have more on this. Before that, lets improve the accuracy
by finding the second-order terms in the Taylor expansions of £ and U.

3. The case of distinct eigenvalues: Higher-order formulas

The above argument can now be bootstrapped to yield Taylor terms of arbitrarily
high order. To generalize the notion of Hessian, we say that a function H, depending
on two variables (E, F) € H2, is real bilinear if it is linear in both arguments separately
when we view H, as a linear space over R. In other words, we demand that
H(aA +bB,C) =aH(A,C)+bH(B,C) foralla,b €R and A, B € H,, and analogously
for the second variable. Here, the target space will be either C* of C"*". Also, H is said
to be symmetric if H(A,B) = H(B,A).

Theorem 3.1. There exists a unique symmetric veal bilinear function He : H2 — C"
such that

£(E) = @+ L(E) + 3 He(B,E) + O(IEIP), (12)

which is given by the formula

HL(E,F) = ZE(}',Z)F(]’, I)+F(,)E(,I) . 13)

1% &G —a

j=1
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Remarks:

1.In particular, we have that
n

H¢(E,E) =2 Zw : (14)

iz %M j=1

2.Formula (13) clearly boils down to (2) if we insert tE in place of E and consider E
to be fixed and ¢ € R to be variable. While it is technically possible to prove (13)
based on (2), we prefer the below self-contained proof, since it follows the lines
Hilbert and Courant use to establish (2) and thus, it makes little sense to first
prove (2) and then “lift” this result to (13) via an additional argument.

Proof. Adding the second-order term in the Taylor expansion (3) we see that
1
J;(l(ﬂ, b’(:)) = 5(0) + <V§°l|0’ (ﬂ,b, C)> + E <V2(§°l)|0(6l, b) C)T(aab’c)T> + O(“(ﬂ, b,(:) ”3)’
(15)

where V?(&e1)| | denotes the Hessian matrix at 0 for &. This proves that (12) holds
with the real bilinear symmetric function H given by

H:(E,F) = (V2(&a1) |, (Y(B)), (M F)) "

)s

but, in order to avoid a computational mayhem, we will not use this formula for
the derivation of the explicit expression (13). Instead, we note that a similar argument
applied to Ver gives” that there exists a real bilinear symmetric function Hy : H2 —
C"*" such that

V(E) =1+ Ly(E) +%HV(E,E) +O(lIEIP). (16)

Armed with this, we now play the same game as in the previous section. Inserting
(12) and (16) in (6) we get the equation

1 1 1
(I +Ly +2HV> <Aa + AL, +2AH5> = (Ay +E) (I +Ly +2Hv> +O(lIEIP),

where we suppressed the dependence on E for readability. By the results in the
previous section the constant and linear terms cancel out. Also, the uniqueness of
Taylor expansions imply that also the second-order terms (in E) must be identical,
which gives the equation

1 1 1
EHVAa +LvAL, + EAH{; = ELy + EAaHV (17)

* Asin the proof of Theorem 2.3 it is more convenient to work with V, introduced before Definition 2.1,
than with U directly.
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which, upon reshuffling and recalling (9), yields
[Hy, Ad) + A, = 2(ELy — LyAy,) = 2(E(M<>E) - (MoE)Adiag(E)). (18)

Since both the commutator and the matrix (MoE)Aq; ag(g) are zero on their diag-
onals, this gives the equation H; = 2diag(E(ME)), which written out reads

1 af —a

(E(MoE)) ZE(] 1) —>2~

L7 o

where we used that E(l,7) = E(] I). This proves (14). Since the function (13), for
each fixed /, is a symmetric real bilinear function which coincides with (14) when
restricted to the diagonal (E, E), we are done. O

With a bit of more work we can also solve for Hy and eventually also for Hy.

Theorem 3.2. There exists a unique symmetric veal bilinear function Hy : H> — C™*"
such that

U(E) =1+ Ly(E) +%HU(E,E) +O(lEIP), (20)

which is given by the formula
E(,1)F(j,1 ,
0G0 i
7 (- a)

Hy(E,F)(j,k) = (%éjk EG,DF D) + F, l)m) E(j,k)F(k, k) + F(j, k)E(k, k) £k

(0% —al)(ak _aj) (ak —aj)z ’
(21)
Proof. We now consider the off-diagonal terms in (18). As in (19) we get
2(E(MoE))(j, k) = ZE(]Z 2ZE(’Z E(k,1) (22)
117k I A vy S
but now we also have to take the term
. E(j, k)
(—Z(MoE)Adiag<E)>(],k) - _ZHE(k’k)

into account. Since this equals ([Hy, A])(j, k) = (@ — ;) (Hv)(j, k) (where Hy is
short for Hy (E, E)) we obtain the expression

Hyok) = 2(2 E(,)E(k,1) > _EGREkE) 23)

117k (@ — ) ( — ) (e — @)

Since V(j,j) is constant, we obtain an expression for Hy (E, E) by defining it to be 0
on the diagonal and by the above equation for off-diagonal entries.
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Now, to find the corresponding formula for Hy(E, E) we need to normalize

the columns v; of V by ||v;]|, as we did in the proof of Theorem 2.3. If we let

denote the vector that contain the second-order contributions from ||vj||*1,
that is,

P G, DI

L] (a0 — “j)z

E(Lj)

% —a

n(E) = —
LI

where we used (10) and the fact that E* = E, we see as in (11) that

UE) = V(E)A

I B,
(1 + Ly (E) —|—%HV(E) + O(||E||3)> <I+%A,7 + O(||E||3)> =

1
I+ MoE + 5 (Hv(E,E) + A,w) + O(IIEIP),

(24)

It follows that Hy (E, E) = Hy(E, E) + A,), and it is easy to see from (23) and (24)
that the expression Hy (E, F) given in the statement of the theorem is a symmetric real
bilinear function which coincides with this on the “diagonal” Hy (E, E). By uniqueness

of such functions, the proof is complete.

O

Continuing in this manner, one can inductively retrieve formulas for the higher-
order terms in the Taylor expansion. However, since these are rarely used in practice,
and since the author has failed to find any simple structure for the general case, we

stop here.

The efficacy of Theorems 3.1 and 3.2 is tested in Figure 4, where we run the same
test as in Figure 2 but including H: and Hy, respectively, in the approximate formu-

las. We see that both the error for & and U drops by a factor of 1073,
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Hllustration of Theorems 3.1 and 3.2, using the same example as in Figure 2 (with the same random matrices).
The left and middle plot now shows the error of formulas (12) and (20) when the ordo term is ignoved (in ¢*-

norm and Frobenius norm, respectively) for the same randomly genevated E’s as in Figure 2, where the

corresponding first-order formulas (4) and (5) were used in the approximations. The right plot is the same as in
Figure 3 (with same E), where the only difference is that we now approximate using (20) as opposed to (5).
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4. Perturbation of degenerate eigenvalues

Following Reed and Simon [6], we shall say that an eigenvalue is degenerate if it
has multiplicity 7 > 1. First of all, in this situation the perturbed eigenvalues are 7ot
real analytic in the matrix coefficients, in stark contrast to Rellich’s theorem which
states that the eigenvalues (and vectors) of a “line-perturbation” A + tE always are
real analytic in ¢, independent of whether A has distinct eigenvalues or not. To see this
it suffices to consider the 2x2-case and pick A to be the zero matrix. With

ay (b +ic)/\V2
E =1i(as,a2,b,¢c) = | (b —ic)/V2 a;

2
we then have that the eigenvalues equal 5% + @ + hz—fz. Upon computing

the gradient of this expression we see that the eigenvalues are not even C'. They are,
however, Lipschitz continuous, as follows from Weyl’s inequality (1). To make this
chapter self-contained, we provide a basic proof of this fact.

Theorem 4.1. Let A € H,, be arbitrary and denote by & the eigenvalues of A + E,
ordered non-increasingly, where E € H,, is a variable. Then each &, 1<j <n, is Lipshitz
continuous with constant 1 (with vespect to the operator norm,).

We remark that, since the eigenvectors of A + E in the above 2x2 example coincide
with those of E, which can be any orthonormal pair, we see that the eigenvectors are
not even continuous, so there is little hope of saying anything similar about the
eigenvectors.

Proof. The eigenvalues are the roots of the equation det(A, + i(a,b,c) — AI) =0
and it is a standard fact from basic algebra that the roots of a polynomial equation
depend continuously on the polynomial coefficients, which in turn depend continu-
ously on the matrix entries (a, b, ¢). To see that they are also Lipschitz with constant 1,
fix j, and fix some € > 0. We may assume that ¢ is small enough that it is less than half
of the isolation distance of aj; that is, min o { log — ay } Let I be the circle with
center o; and radius e. In order for one of the eigenvalues that are inside I}

(when E = 0) to escape to the outside when E varies, we need that

Aa+E— ¢ = A c(T+ALE)

becomes non-invertible for some { €T;. As long as || E|| <e this cannot happen,
since clearly ||A,,|| = 1/e and thus ||A;"E|| <1 so that I + A_'.E becomes invertible.
This gives local Lipschitz continuity with constant 1, which easily implies global
Lipschitz continuity with the same constant.

Indeed, if B € H,, is another matrix we can consider the line
{(1—t)A+1tB:t€][0,1]} and use a compactness argument to extract a sequence of

points {A}x_, such that A = Ag and B = A and

M M
16(B) — &(A) = 1> &) — &A1) < Y 1A — Al = 1B AlL
k=1 k=1
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Despite the fact that £ is not even C, there exists a useful extension of the
formula (13) which reduces the study of perturbations of some fixed eigenvalue o;
to that of a matrix which has the size of the multiplicity of ¢;. In order for formulas
to become easily readable, we shall henceforth denote @; by 4 and assume that
following.

Definition 4.2. The eigenvalues a to A ave reovdered so that a = (2, ..., 4,71, ... Tu—m)s
where m is the multiplicity of A and t; # Afor allj =1, ...,n — m. For any matrix E€€H,
we furthermore introduce the block decomposition

En En )
E= (25)
(E21 Ey»

where E11 is m X m.
Given the above decomposition, we furthermore introduce a matrix B, which will
play a key role in the following, by setting

B=En — En(A, ;) "En. (26)

To connect with the previous sections, note that if the multiplicity m of 1 = o;
equals 1, then B reduces to the j’th element of L:(E) + 3 H;(E, E), as follows by Theo-
rems 2.3 and 3.1. The following theorem is thus a direct extension of both theorems to
the case of m > 1.

Theorem 4.3. Let A be a fixed eigenvalue of A € H,, of multiplicity m, let {ej};il be the

eigenvalus of E1 and {ﬁ]}m those of B. Then the eigenvalues {éj}n of A+ E can be
j=1 j=1
arranged such that
§=2+e+0(|E) =4+8+O0(IEP), 1<j<m. (27)

Note that E;1 — B = O(||E||2) by (26), so by Theorem 4.1 it follows that B; and ¢;
can be ordered so that |¢; — ;| = O(|IE||?). Thus, the estimate &=A+g+ O<||E||2)

follows once we show that §; =2+, + O <||E||3) For this, we need a number of

preparatory results. First of all, given a matrix representation

F F
Fo ( 1 1z> 28)
Fy Fp

the Schur complement of F with respect to the block F»; is denoted by F/F,; and is
defined via

F/Fy = Fy — FpF ) Fa. (29)

Lemma 4.4 (Schur). The matrix F in (28) is via a change of basis similar to

( F/F22 F12 ) (30)
Fy'Fy1(F/Fn) Fyp+Fy FuFpn )’
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I 0 I 0

Proof. The matrix ] = ( - ) is invertible with inverse J 1 = ( 1 )
FylFy P Fy 1

The result follows by computing JFJ . O

Concerning the proof of Theorem 4.3, there is clearly no loss in generality in
assuming that 1 = 0 since A + E — AI has the same eigenvalues as A + E apart from a

0 0
translation by A. Since then A = (0 ), the Schur complement of A + E with

T

respect to A; + Ey equals

B=(A +E)/(A; + Ep) = Exy — Epp(A; + E22)71E21~

Recalling (26), we see that B and B are the same apart from the appearance of Ex
in the above inverse (A, + Ex) . We will need the following result relating the
eigenvalues of B with those of B. Note that both matrices are self-adjoint.

Lemma 4.5. Let the eigenvalues of B and B, ordered non-increasingly, be denoted f3 and
p respectively. Then

B =b+0(IEP), 1<j<m. (31)
Proof. We consider the difference, recalling that 4 = 0, in which case we have

B—B=Ep(A +En) 'Ex — EnAT'En
= EnA (A — (Ac + E2))(A: + En) "Ex = —EnAEn(A, + Ep) 'En.

Thus, [|B — Bl = O(|IE||®) and the desired result then follows from Theorem 4.1 []

The third result we shall use in the proof of Theorem 4.3 is the Gersgorin’s
Circle Theorem, a version of which can be found in Ref. [8]. We recall it for com-
pleteness and remark that a recent extension to the infinite dimensional case is found
in Ref. [9].

Theorem 4.6 (Gersgorin’s Circle Theorem). Let M be an n x n-matrix. The eigen-
values of M arve contained in the union of Gersgorin discs Dj, j = 1, ..., n defined by

D; = {z€C:lzg — M(j,j)| <R}, R = > IM(i,j)l.
i=1
i
Furthermorve if n is a permutation of {1, ...,n} such that U, D, is disjoint from
UL, +1Dx()> then UL D, contains precisely m eigenvalues of M.
A careful inspection of the conclusion of this theorem yields the following corol-

lary, which makes our proof of Theorem 4.3 more transparent.
Corollary 4.7. Let p, ..., p,, be the eigenvalues of M ordered so that y; is in the union of

discs containing D for each j. Let R; be the maximum of the corvesponding radii (of the discs
belonging to the union containing D;). Then |u; — M(j,j)| <2nR;.

Armed with these results, we can now prove Theorem 4.3. As noted after the
statement, it suffices to prove the latter estimate §; = 3, + O (||E ||3), keeping in mind
that we have set 2 = 0.
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Proof of Theorem 4.3. Due to Lemma 4.5, it is sufficient to prove that the eigen-
values {51} . of A + E can be arranged so that
=

&=p+0(IEIP), 1<j<m. (32)

As usual, we assume that a basis has been chosen so that we can then rewrite the
A+ Eas

(0 0 > n <E11 E12) _ B + ElZ(Af + Ezz)_lEzl Epp
0 A En Exn Exn ActEn )
However, nothing prevents us from choosing eigenvectors in the subspace

corresponding to A = 0 so that in addition B diagonalizes; B = Aj. Applying (30) from
Lemma 4.4, we find that A + E is similar to

A/} E12 Aﬁ E12
(Ac+ En) 'ExA; Ac+Exn+ (Ac+ Ex) 'EnEry ) \ O(IEI?) A.+ O(IE).

For sufficiently small values of ||E|| the operator A; + O(||E||) is invertible, (since
A; is by Definition 4.2). Therefore, Lemma 4.4 is applicable once more, and we find
that A + E is similar to

Ay — En(A: + O(IEN)) " (Ac + En) 'EnA; En
(A +O(IEI) "O(IEN?) (1\[; —En(A:+ O(||E||))_1O(||E||2)) A: + O(|IEN)

B (Aﬁ+o(||E||3) En )
O(IEIF)  A:+O(IEN)
(33)

where we used that # = O(||E||). We now apply Theorem 4.6 to the final matrix.
Clearly, since 7 has nonzero elements and p is near 0, for small ||E]||, it is possible to
choose some 6 > 0 such that the Ger$gorin discs D; for j <m are disjoint from the
corresponding discs with j > . Thus, Corollary 4.7 implies that (@)n L can be ordered

=

sothat |&; — ,7)’]-| = O(||E ||3) (since the off-diagonal elements of the first # columns of the
above matrix are O (||E ||3) ). This establishes (32) and thus, the proof is complete. O

We remark that the estimate in Theorem 4.3 can be made slightly more precise as
follows

|§j—/1+/3j|55m5*2||E||3+o(||E\|4), 1<j<m, (34)

where § as above is the isolation distance of 1. This is shown in Ref. [10], where a
version of Theorem 4.3 for operators on separable Hilbert spaces is found as well.
This publication also includes an extension to perturbations of the singular value
decomposition.
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We now consider an example. We take the same a as we used in Figures 2—4,
except that at the problematic positions J = (9,10,15,16,17,18) we average so that
a(j) = a(j + 1) for j = 9,15,17. The estimates for &(E) from Theorems 2.3 and 3.1 now
become completely unreliable at the problematic positions, but still work well for the
remaining j's. In Figure 5, we therefore computed approximations of &;(E) using the
“old” expressions for j¢& J. However, we use the new expression (27) from Theorem
4.3 to approximate the problematic indices j €].

As is clear to see from the middle and right plots in Figure 5, there is a tremendous
improvement in accuracy. More precisely, comparing with the middle plot of Figure 2
and the left of Figure 4, respectively, we see that there is roughly a 20-fold improve-
ment in the first-order estimates, and a 500-fold improvement for the second-order
estimates. This indicates that the comparatively poor performance in the previous
plots was caused principally by the estimates related to the problematic positions J,
indicating that one needs to be careful when « has eigenvalues which take almost the
same value. To further underscore this observation, we include in Figure 6 a plot
showing the average of the modulus of the error for each index j, using the same setup
as in Figure 5. As is plain to see, errors are of the order 10 " for the first-order
formulas, and 10~ for the second-order formulas, independent of whether we are at
a degenerate eigenvalue of A (i.e.,j €]) or not.

As a final remark we note that there is no hope of a similar theorem for the
eigenvectors. Indeed, a reasonable conjecture in the light of Theorem 4.3 would be
that also the eigenvectors of B carry some information about corresponding eigenvec-
tors for A + E, but this is not the case. Indeed, consider

e e e
of f* f
e f O

In this case, B = 0 and (f, —e, O)T is an eigenvector of A + E. However, pick any
matrix F € H,, which is zero on the last row and column, and consider

0 0 O
A+E=]10 0 0]+
0 0 1

<1010

10" Second order error £(E)

4 log(diff(a))

-approx, ||,

£

26

24

22

]

First order error £(E)

i
llg-approx, |,

.

Figure 5.

5 10 15

trials

5 10 15
trials

Illustration of Theorem 4.3. Left figure displays the eigenvalues o used in this example, along with a log , -plot of
the difference of adjacent eigenvalues (where the value is —oo for positions 9, 15, and 17). The middle graph shows
the ervor of the first-ovder estimate in formula (27), for the same 20 realizations of perturbations E with ||E|| =
1075 that we used in Figure 2, and the right graph shows the corresponding second-ovder error. For further details
of how the approximations were computed, see the main text.
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Figure 6.

The average of the pointwise estimates, using Theorems 2.3 and 3.1 for the simple eigenvalues and Theorem 4.3 for
the degenerate eigenvalues j €].

t = —»A + E 4 tF. Since the eigenvectors are analytic in £, due to Rellich’s theorem, we
can pick a very small ¢ so that there exists an eigenvector arbitrarily close to

(f, —e,0)". However, in this case the matrix B, which equals the upper left 2x2 corner
of tF, can have any given eigenvectors. In a similar fashion, one can prove that the
eigenvectors of E1; may be totally misleading.

5. Asymptotic behavior of analytic perturbations

In stark contrast to the situation described above, the eigenvectors become real
analytic if we restrict attention to perturbations of A of the form A +tE wherez €R is
variable and E € H,, is fixed. In the light of this and Theorem 2.3, one could hope that
the first-order coefficients in the expansion of U would still be given by MoE for some
suitable modification of M. Surprisingly, this turns out to be false, and since we have
not been able to locate the expression for the correct modification in any of the key
references on perturbation theory, we include a section with explicit formulas for this
case.

More generally, in some applications it is of interest to consider analytic perturba-
tions and study the asymptotic behavior of the eigenvalues (and vectors) as the
parameter goes to O (see [11] and the references therein). We shall thus consider a real
analytic function A(¢) = A + Y E)t* and let £(¢) be the real analytic eigenvalues
and V(z) the corresponding eigenvectors (which exist according to Rellich’s theorem,
i.e., the ordering can be chosen so that both become real analytic). As before we can
assume that a basis has been chosen so that A = A, for some vector a. The trick with
making an “ansatz” and then back out the coefficients of interest, as we did in
Theorems 2.3-3.2, can be perfectly adapted to this framework.

Let &(r) = a+ Y p 1&gyt and V() =1+ 377 V¥, and assume for simplicity
that each V ;) vanish on the diagonal, so that diag(v(s)) =1, ...,1]". We remark that the
notation is not entirely optimal here, but since we have already used, for example, §]
to denote the j‘th component of the vector £(t) in R”, we cannot use the same notation
for the coefficients in the series expansion. We therefore opted for £, where the
parenthesis (hopefully) helps to avoid confusion.
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Consider the equation

(I + zoo: V(k)l'k> <Aa + zoo: A§<k>tk> = (Aa + iE(k)tk> (I + f: V(k)l'k> (35)
k=1 k=1 k=1

k=1

Equating the first-order terms gives V(1)Aq + A¢,, = E(1) + AV (1) and thus
[Viays Ad] +Agyy = Eq)s (36)

which is just Eq. (8) in the new setting. However, when some eigenvalue ¢, is
degenerate, the commutator vanishes on the entire block of indices (,) €1,, X I,,, where
I,, = {j==aj = &}, }. In this case, the equation is inconclusive, that is, V1(i,j) can take any
value for i # j €1,,, and still satisfy (36). To determine these values, we need to look at
higher-order identities. If the eigenvalues of the submatrix (E) (i, j))l.’jE 1, are distinct,
then it suffices to look at the second-order term of (35). We satisfy with stating explicit
formulas for this particular case and leave the extension to more general cases (which can
be obtained using the recursive method described here) to the interested reader.

Theorem 5.1. Let A(t), &(t) and V (t) be as above, and assume that the basis has been

chosen so that A(0) = A, and moreover so that the submatrix (E)(i,f)) is diagonal

ij€ly,
for each eigenvalue ay,. Then the eigenvalues (éj(t))n L can be ordered so that
]:
NP (S B G D[ :
§(0) = +1E (i) + 2| Ea)if) + > 2= | +0(F) (37)
lel, J
7
whereas V(t) = I 4tV 1) 4+ O(t*) where
Eq(ij)/ (o — ), ai # s
Vin =1 7 '
0 (6,) = — .
y Ew(L)Eq (1)) y y
(E(Z) (h]) + Z < 614‘ — (al) J /(E(l) (l,l) — E(l)(],])), else.
Lay#a; J 1
(38)

Proof. Just as in the proofs of Theorem 2.3 and 3.1, the linear term E4)(j,5) in (37)

can be read immediately from the Eq. (36), as well as the values E() (i, ) (aj — a,-) Lin
the definition of V4 for indices such that ; # ;. Also, the fact that V ;) should equal

0 on the diagonal follows from the assumption diag(V(t)) = [1, ..., 1]”. It remains to
prove the second-order term in (37) as well as the bottom line of (38). Both of these
can be extracted by considering the second-order term of (35), which reads

Voha+ VAg, +Aey =Eg) +Eq)Va) + AV o). (39)
By what we have already shown we have ¢,) = diag(E) and, introducing E‘E% for
the matrix containing the off-diagonal elements of Ey) (i.e., E(1) — Ag; ag(Ew) ), we
can write E(;) = Ag; ag(Ey) T E‘Zf) and thus (39) implies
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d
[V(z), Aa] + |:V(1), AdiagE(l)} + /\5(2) — E(z) + E?1)V(1)~ (40)

We recall that E‘(’f) is zero (by our choice of basis) for all indices (/,) within the
same “block” Iy x Iy = {(l, j) o= aj}. Outside of these blocks, we know (by what

we already established) that V1) (L,j) = (a5 — @) "E(l,j), and thus, for (i,j) inside of
the same block we have

(E?i’)Vu)) (i) = Y E(isD) (0 — ) "By ().

Lay#a;

Thus, since the commutator [V(z), Aa} vanishes for (i,5) in the same block, eq. (40)

entails that [V(l)’ Ags agE(l)} +Agpy = E@) + E‘Ef) V(1) or, written out, that

(Eq)(sf) — Eq)(i54)) Viay (i) + €y (0)8i5 = Ey (i) + Y _ Eay (i, 1) (e — ar) Eq (L),
Lay#a;

where §;; denotes the “Kronecker delta-symbol.” The second-order term in (37) as
well as the bottom row of (38) follow immediately from this. O

We illustrate with a 4x4 numerical example in which a = (2,1,1,1), whereas E 4
and E(;, were randomly generated in 7{,. We tested the formula on an interval
t€(0,0.1] see Figure 7. As is plain to see, the graphs are rather uninteresting, almost
linear, but if one goes beyond ¢ = 0.1 the behavior quickly becomes very nonlinear,
indicating that formula (37) should be used carefully for larger perturbations. To fully
appreciate the effect of the second-order term, we display also the difference between
&(t) and its approximation with two and three terms, respectively, from which it
follows that we gain a factor of about 10 in accuracy in this particular example. This is,
however, rather case specific.

Figure 8 comes from the same example, but instead shows accuracy of the off-
diagonal elements in (38). On the full interval [0,0.1] the approximations quickly
deteriorate, indicating numerically that estimating the eigenvectors is more unstable

22 £(t) versus approx (5.3) i Error first order approx. g 10 Error second order approx.
2t 0.06 | 6
| 0.0 / 4
18} /
0.04 | 2
1 B}
0.03 5 0O f——————=
14} )
0.02 [ -2
12t >
| o 0.01 | -4
1=
| gy o= —_— L]
—— A —
i
0.8 001 -8
0 0.02 0,04 008 008 0.1 0 002 004 008 008 0.1 0 002 004 008 008 0.1
t t t
Figure 7.

We approximated & by formula 37 (omitting the ordo-term) and display the result to the left (where
approximation values are mavked by * ). In the middle graph, we see the difference between &(t) and the
approximation using only the constant and linear term from (37), and to the right we used all three terms.
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G V(t) versus approx (5.4) (off-diagonal elements only)
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Figure 8.
Difference between V (t) and its linear approximation according to (38), where we only display the off-diagonal
terms (since the diagonal is constant).

than estimating eigenvalues. We therefore we only display the smaller interval
[0,0.01], which is enough to see that the formulas are correct.

6. Historical remarks

The coefficients in the expansion of &(¢) (37), in the case E(;) = 0, are the famous
Rayleigh-Schrodinger coefficients, which date back at least to the 1870’ and the book
“The theory of sound” by Lord Rayleigh [1]. However, despite appearing in many
classical works, we have not been able to locate anywhere in the modern literature the
corresponding formula (38) for U(t). Both (37) and (38) (for the line-perturbation
A +1E), also in the case of degenerate eigenvalues, do appear in the classic by Courant
and Hilbert [7], for the particular case when A is a self-adjoint differential equation on
an infinite-dimensional space, in the context of analyzing vibrations (see Ch. 5.13). It
is also from here the author of the present text got the idea of backing out the
coefficients by a simple ansatz and then successively solving for the terms, relying on
Rellich for convergence. However, the setting in Ref. [7] is so particular and the way it
is presented rather hard to decipher, that I suspect most readers who glance through
looking for general results on matrix perturbation theory probably miss that what is
presented is a general recipe for computing derivatives of any order of both &(¢) and
U(t). Henceforth, I thought it was worthwhile to write this down in a concise and
modern manner.

Modern influential textbooks on the topic, such as Reed and Simon [6], use inte-
gral formulas in the complex plane, rather than the simpler ansatz that underlies the
proofs in the preceding sections, and it is not easy to derive, for example, (38) from
these. It is noteworthy, however, that Reed and Simon plow through to compute even
the fourth-order term in the expansion of &() (albeit for the case of a line-
perturbation A + tE, assuming distinct eigenvalues of A). The other major reference
on the subject by Kato [12], on the other hand, skips explicit formulas altogether. One
may suspect that the method using the ansatz was well known in the early twentieth
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century and later got pushed away by more elegant modern techniques relying on
complex integration of resolvents, but this is only speculation. In either case, the fact
that the eigenvalues and vectors are analytic as a function of all coefficients (Theorem
2.1 above) can be found, for example, in Theorem 5.16 of Kato’s bible on the topic, but
he does not give any formulas for the Frechét derivatives. These formulas, as
presented in Theorems 2.3-3.2, have not made its way to any textbook on matrix
theory that we are aware of, see Refs. [2, 8, 13-16], and we therefore thought it would
be useful for the community to have a reference for these facts. Again, it is possible
that these results were known to the “masters of old,” given that the proofs presented
here are fairly elementary and build on the ideas of Courant, Hilbert and Rellich.

In any case, the extention to the degenerate case (Theorem 4.1) is a recent contri-
bution. The result was announced in Ref. [17] (along with the formula (38)) and
published in [10] (in collaboration with O. Rubin) with an improved proof that
extends to the case of self-adjoint operators on separable Hilbert spaces. The proof
presented here is a simplified version of the proof found in [10], adapted to the matrix
case. Both works [10, 17] contain more historical notes and further references to the
research literature on the topic.
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Chapter 5

Hybrid Parallel Scheme for
Eigenvalue Problems Using
Multiplicative Calculus

Mudassir Shams and Bruno Carpentieri

Abstract

The complexity of the nonlinear eigenvalue problem is too great for traditional
analytical methods, particularly in engineering applications where dynamic behaviors
and material nonlinearities are crucial. For this reason, this chapter presents a novel
hybrid parallel technique based on multiplicative calculus as an effective way to
handle scale-invariant processes without dealing with sum divergence issues. It offers
improved precision and computational stability, making it especially appropriate for
complex systems where ratios—rather than differences—are crucial. The results are
verified in the nonlinear dynamical analysis of frame structures, a highly relevant
applied engineering problem involving substantial deformations and material non-
linearities. The proposed formulation achieves a convergence order of three. The
numerical findings reveal that our method performs better than existing strategies in
the literature, with considerable improvements in residual error, computational effi-
ciency, stability, and CPU time. These findings show the method’s potential applica-
tion in handling real-world engineering challenges such as dynamic structural
analysis.

Keywords: multiplicative calculus, parallel scheme, error graph, computational
efficiency, Eigenvalue problem

1. Introduction

Eigenvalue issues have become crucial tools for analysis and design since they are
used in the majority of applications that include science and engineering [1, 2]. In
structural engineering, the natural frequencies of vibrating systems are properly
matched to prevent the disaster of resonance, which is caused by the potential failure
of structures. Schrédinger equation [3] in quantum mechanics presents eigenvalue
issues, in which the eigenvalues stand in for physical entities like the energy levels of
atoms and molecules. Eigenvalues are also essential for stability analysis in fluid
dynamics and control systems [4], where solutions must either diverge or remain
stable [4]. Electrical engineers encounter eigenvalue problems while solving circuits
and systems of linear differential equations [5]. Chemists apply eigenvalues to
approximate the vibrations of molecules, which basically acts as a frame of reference
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in interpreting spectroscopic data [6]. Likewise, for an engineer, eigenvalues are
found in the determination of the stiffness and flexibility properties of a material to
design better, stronger, and efficient structures [7]. Generally, eigenvalue problems
are extremely helpful in modeling and optimization, and even in prediction of com-
plicated behavior in any system in multiple disciplines [8-10].

In structural dynamics [11], which corresponds to the study of the analyses of
nonlinear frame structures such as buildings, bridges, and mechanical systems, it
becomes very important to know how these systems work in response to dynamic
loads resulting from wind, earthquake, and moving loads. The next nonlinear problem
describes how these above kinds of structures work dynamically as:

6 4 2
[%],]%] (O U(x,t)  0*U(x,t) wlAl%]0 U(x,)
—&—h[n}(U(x, t)) =0,

+a*lU(x, 1) "

where ) (U(x,t)) is a nonlinear functions,

E"I*) represents the rigidity or flexibility of the frame structure,

pl*is the density of the frame structure,

Al*! is the cross-sectional area, and

a'*] is the stiffness constant.

We analyze the stability and behavior of the frame structure by solving the
governing equations of motion, which usually are nonlinear due to large deformations,
material nonlinearity, or geometric effects. The systems can be modeled using differen-
tial equations. In the case of the natural frequencies and vibrational modes, this always
leads to an eigenvalue problem. Dynamic analysis of nonlinear frame structures is
important as these present how complex systems like buildings and bridges respond to
dynamic loads like wind and earthquake. The nonlinearities of the systems arise from
either a large deformation or the features of the material, which creates complications in
solving the governing equations with the traditional exact or analytical methods [12, 13].
Numerical methods offer this flexibility to model complex boundary conditions in
coupled systems to be solved efficiently. These algorithms are particularly good at
solving nonlinear eigenvalue problems that cannot be solved analytically.

To reduce the complexity of the frame structure problem, we apply transforma-
tions such as the Fourier transform [13]. This transforms the problem into a system of
ordinary differential equations. Utilizing eigenvalues, we reformulated these prob-
lems in the form of nonlinear equations:

h(x) =0, (2)

Often of degree five or higher, making it impractical to solve the eigenvalue problem
analytically, as there is no general algebraic solution for polynomials of degree greater
than five [14]. In such cases, parallel algorithms are necessary to approximate the
eigenvalues and eigenvectors. Consequently, we employ a parallel technique that
simultaneously approximates all eigenvalues and their corresponding eigenfunctions. To
further enhance the efficiency and stability of the parallel scheme [15], hybrid parallel
techniques [16, 17] are utilized, proving highly effective in solving Eq. (1).

Multiplicative calculus [18], developed in the twentieth century, extends classical
calculus by focusing on growth rates expressed in multiplicative terms rather than
differences. The primary aim of this chapter is to develop an efficient parallel scheme
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based on multiplicative calculus for simultaneously determining all eigenvalues and
correlation functions. This approach uses multiplicative derivatives and integrals to
provide a more accurate and concise description of real-world phenomena where
ratios and proportionality are more relevant than differences. Multiplicative calculus
provides particular frameworks for numerical methods to solve nonlinear equations,
as opposed to the traditional, so-called additive calculus, which defines differentiation
and integration. Traditional calculus uses sum and difference, while multiplicative
calculus considers product and quotient, enabling you to analyze with other tools
some functional classes growth and decay processes. This distinction can enable
methods that are better appropriate for specific types of nonlinear equations, particu-
larly those with exponential or geometric form.

1.1 Multiplicative calculus methods: Strengths

* Consistency with actual processes: Since multiplicative models do represent
possibilities of growth in nature and in finance, they are likely to be more
appropriate in situations in which additive changes are simply not possible.

* Fewer iterations: In scenarios in which the behavior is exponentially modeled,
multiplicative methods will have to carry out many fewer iterations since they do
not warp nonlinear, multiplicative growth into a linear perspective.

* Better numerical stability: Errors are treated in proportion to their values. This
actually helps limit the propagation of errors and is an important property for
such sensitive calculations which can iterate many times.

* Convergence and error behavior: Further to the conventional additive effect—for
example, multiplicative methods analyze errors multiplicatively, which is
sometimes expressed as a ratio or percentage. Stability and convergence could be
enhanced by this way of view for issues where errors increase after a number of
repetitions. For example, if the root of a function is exponential, such a
multiplicative technique will act in accordance with the function, reducing error
propagation and potentially increasing convergence speed.

* Implementations in diverse technical applications: Traditional techniques assume
that functions may be well approximated using linear (additive) increments.
While multiplicative calculus-based numerical approaches are preferable for the
nonlinear problems where proportional or exponential increases are dominating,
such as population expansion, financial growth, nonlinear biomedical
engineering problems, eigenvalue problems, and compound interest models. In
these situations, they can usually converge faster and with more accuracy.

Definition: A function g : w CR — R is said to be multiplicatively differentiable
if its multiplicative derivative exists, defined as:

d*le (et
#] () = — lim (¥ D
=5 _1Lo< P(x) ) )

where ¢ > 0 and the derivative of g at x exists. The #n-th multiplicative derivative is
then defined as [19]:
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gl*1(x) = @) ) (4)

where Inego = In (go(x)). Higher-order multiplicative derivatives are similarly
defined. For instance, the second-order multiplicative derivative is:

w7 0) = e (x) (5)

and in the general case:

@) (x) = o (Inog)” (), = 0,1, ... (6)

where 7 = 0, no multiplicative derivative exists there and represents the original
function go(x) = 1.

Definition: Let g : w CR — R be a positive, nonlinear function. The multiplica-
tive nonlinear equation [20] is defined as:

go(x) = 1. 7)

Some key properties of multiplicative differentiation for multiplicatively differen-
tiable functions g and g are as follows:

(o) () = oy ().
The multiplicative Taylor theorem [21] plays a crucial role in constructing new
numerical schemes for solving the nonlinear problem (2).
Theorem 1: Let g : w — R be a function that is multiplicatively differentiable

(n + 1) times over an open interval w. Then for any x, x + a € w, there exists a number
n€(0,1) such that:

plx+a) = 11 (@10 <x>)%(@[*]<"“> (x + n))i ®)

This theorem is used to ensure the convergence of the parallel scheme.

2. Multiplicative calculus-based parallel scheme

In multiplicative calculus, numerical methods simplify the handling of scale-
invariant processes, which can pose challenges for classical calculus due to complex
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transformations. Additionally, multiplicative approaches avoid problems such as sum
divergence, enhancing efficiency in systems with large-scale variability. These
methods also improve the precision of error estimation in systems where ratios, rather
than absolute values, are more relevant. Multiplicative interactions are particularly
important in fields such as biology, finance, fractal analysis, and differential equa-
tions. Furthermore, Singh et al. [22] proposed a multiplicative version of the Schréder
method, defined as:

W ] In(go(x"))) In (g (1))
(In(gol*) (x11)))? — In(gol* *] (x!1)) In

which has a convergence order of 2.

Robust computational procedures, known as parallel computing approaches,
are employed to simultaneously find all possible solutions to nonlinear equations.
The uniqueness of these methods lies in their simplicity: They iteratively improve
approximations, regardless of how close or far they are from the exact solutions, using
computer multiprocessing to compute all solutions in parallel. Among these, the
Weierstrass method is one of the best derivative-free parallel algorithms. It is
described as:

\ 9
(g(x)) )

xl[rﬂ] —xM A (xim), (10)

where

1, ..,n), (11)

is known as Weierstrass’ correction. This method exhibits local quadratic
convergence.

In 1977, Ehrlich [23] introduced the following third-order simultaneous
method:

1

1 1 ’
1 z 1
) ((xm_x@”))
[ AN

is used as a correction in (4).

where x][r] = u][y]
Next, consider the well-known single-root finding scheme presented by

Weerakoon et al. [24], which is given as:

Zh(x[’])
Mokl | 2ET)
v [h’(x["])—f—h’(y["])]’ (13)

where yll = xll — h( ) . Taking the natural logarithm of (11) and differentiating,

we obtain:
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’ ! ( 4el7] n
Alx) W (x) 3 1 (14)

Alx)  h(xl) UGN
]:1 1 7
J#i
or equivalently:
A(x) 1
= Py 1
N ) n o

By 1
R(xM) ]:21 (x"] m)
jA AT
Using (15), (11), and (9) as corrections in (13), we develop a new parallel scheme
for simultaneously finding all eigenvalues of (1) as:

ol =yl - i (16)

' ) o G

The following theorem defines the local order of convergence for the inverse
fractional scheme.

Theorem 2: Let {;, ..., {, be simple roots of a nonlinear equation, and assume that

the initial distinct estimates x[lo], ,x,[qo] are sufficiently close to the true roots. Then,

the ZM!*! method achieves a convergence order of three.

Proof Let e, =x-¢, &=y — &, and el*l =l —

x[ L yl , and v , respectlvely From the first-step of the ZM!*/ method, we have:

i represent the errors in

1
g —G=a — (- : (17)
h/(xl[r]) n 1
D\ )
j# A\
1
€ =€ — ; (18)
1 z 1 2 1
A+ ) -
zHiCi ]Zl<< r[]L:J)) ; (xm—um>
J# J#i b
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1
€ =€ — , (19)
ot ) '+
EACERICE)
6}, =€ — & 5 (20)
1+ed. 7—€J
F\6-s) ()
§=e———, (1)
. 20L*
1-+¢ ; € Qij
J#
where Ql[f‘] — "9 _and, from (20), 4/ — G = O(‘ [GJ]ZD Thus,
T ) uw) Y
i ] i J
&> Q)]
1
6 =", (22)
1+ ¢ 12:1: 6}2Q,]
ji
Assuming |¢;| = |ej| = €, we get
€ —O<|[€}3D. (23)
In the second step, we have:
Zﬁ (x[y] 7xm>
[ AN
j#i
(7)Ao
G G i i
v —fi=x =i — ) (24)
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n¢ (="-¢) Wl
i ! j=1 i ) j=1 xl_r —u"
J# J#i

89



Bridging Eigenvalue Theory and Practice — Applications in Modern Engineering

n [l _ .l
ZHJ.:1 (xi —%; )

Jj#i €;
" M_,0 " r_,r
Iy (7 )10 (77
j#i j#i
€y = € — 5
gl
Rl —U g
1+ey |

j= G M_
A (xi _gj) (xi i )

i (o0
= j=1 J
i# 1A
i (-0)
S\
€ =€ — Jj#
n —ul g
1+ ¢ Z i
Z\ 60 ()
Assuming |¢;| = ’ej’ = ¢, we have:
-~ 20l%] 2
x o
e+ey 6Q; — — €i
j=1 fi [,
j#i A
A
()
j=1 B J
_ j#i _ 3
€ = 7 5[] —O(‘é‘ D
1+¢)> € sz

j=1

J#

This completes the proof.

3. Numerical results

The numerical results of the hybrid multiplicative calculus-based parallel
scheme have clearly shown the efficiencies and effectiveness of the proposed
method in solving problem (1) as well as its practical applicability. Results
from the parallel schemes offer very valuable insights on error analysis,

(26)

27)

computational efficiency, as well as convergence rates, which are indispensable
for evaluating the overall performance and impact of this study. In this section,

we check the efficacy and robustness of the method by applying it to some

engineering applications, using the termination criterion above implemented in

Maple 18:
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x[r+1] _ x[r]

i i

<e =101, (28)

(i) el = |

1

[

i

method with the methods proposed by Petkovic et al. [25] (ZM[l*]) , Rafiq et al. [26]

where e, represents the residual error in the in the L,-norm. We compare our

(ZM[Z*]> , and Nedzhibov [27] (ZM[;]) , all of which have a convergence order of

three.

Multiplicative calculus-based numerical techniques have potential uses in a variety
of domains where complex behavior is frequently governed by nonlinear equations,
including fluid dynamics, control theory, economics, and biological modeling. Fluid
implementations in fluid dynamics can more accurately depict shock fronts and tur-
bulence because they are more intuitive in terms of energy dissipation and scaling,
which improves the stability and efficiency of computational fluid dynamics models.
They can contribute to control theory by enhancing the benefits of adaptive control
systems and nonlinear stability analysis. Rapid convergence toward stability and good
accuracy are necessary for some real-time changes for applications, like autonomous
cars and robotics.

Further, these techniques typically work well when traditional numerical schemes
are failed to solve and also applied these multiplicative calculus-based schemes to
biological and economic models that exhibit oscillatory or exponential growth, such as
population dynamics and economic growth models. Here, we examine some engi-
neering applications that demonstrate the consistency and reliability of newly devel-
oped method in comparison with classical methods.

3.1 Dynamical analysis of nonlinear frame structures: An eigenvalue problem

In engineering, the analysis of nonlinear frame structures [28] is essential for
simulating the complex behavior of mechanical systems, buildings, bridges, and other
structures subjected to dynamic loads. Material nonlinearities and significant defor-
mations in these structures often go beyond the limitations of linear models. To ensure
stability, safety, and performance in real-world scenarios, such as during earthquakes
or under wind loads, it is crucial to understand their nonlinear behavior. Accurate
analysis enables engineers to design structures that can withstand extreme stresses
and prevent issues such as buckling or resonance, making nonlinear analysis vital for
structural optimization and safety.

The governing equations for nonlinear frame structures are sixth-order nonlinear
partial differential equations (PDEs) in both time and space, as given by:

6 4 2
E[l*]I[l*]<6 U(x,?) +a U(x,t)) —&—p[*]A[*]M—f—a[*]U(x,t) + (U, 1)) = 0,

0x ox* o2
(29)
where A, (U(x,t)) is a nonlinear functions.
After linearizing the given PDE, it becomes:
gl ()GU(x,t) . a4U(x,t) 4l aZU(x,t) n [*]U(x )
R B W o P a1 ’ (30)

+hy (U(x, ) = 0.
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Next, we transform Eq. (30) from the time domain to the frequency domain using:
0 (x,2) = J U (x, )V, (31)

where U is the angular frequency. Applying Egs. (31) to (30), we obtain:

1 oge) (AU, U)  d*U(x, U A .
{EW&]( d(;i )+ d(;l )>+p[*]A[*1U2<x,U>+a[*1U<x,U)=o (32)

Assuming U (x,U) = &**, where A is a constant and k € C, we have:
EFII (2867 1 a%e™) + pl Al U™ + o *le = 0. (33)
By taking ¢® # 0, we simplify the equation to:
h(2) = EF (2 4+ 2%) + pl Al U2 4 o), 34)

Using the following specific values:

Eg*] 200 x 10°Pa (Young’s modulus for steel)
1[1*] 2 % 10~°m?* (Moment of inertia of the cross-section)
pl¥] 7850 kg/m? (Density of steel)
Al*] 0.005m? (Cross-sectional area)
al*l 10°/m* Stiffness constant
U 100 rad/s Angular frequency

in Eq. (34), gives

h (1) = (200 x 10%) (2 x 107°) (2° + 4*) — 7850 x 0.005U* +10° =0,  (35)
(1) = 40004° + 40004* — 607500 = 0, (36)

or:
h(2) =2 +2* — 151.875. (37)

The eigenvalues of Eq. (37), correct to four decimal places, are: 41 = —2.2409, 1, =
—1.1154 — 2.062i, 13 = —1.1154 + 2.062i, 14 = 1.1154 — 2.062i, 45 = 1.1154 +
2.062i, ¢ = —2.0627i For greater accuracy, we compute the eigenvalues using the
parallel schemes, starting with initial values close to one decimal place. The results are
presented in Table 1.

To assess global convergence, we used the following randomly generated initial
guesses for the eigenvalues, as presented in Table 2 and Figures 1-3:
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Method

6]

6]

6]

6]

6]

(6]

21 82 23 84 85 25
ZM[I*] 419%x107® 515x107%* 810x1073 176 x10™* 133x107% 419 x107°®
ZML'! 6.00x1072 119x1072 419x107® 108x10%7 568x102® 6.00x 104
ZM[;] 3.02x1073*  917x1073  6.00x1072 3.02x107%* 557x107®  3.02x 1073
ZM'*] 015x 107  201x10™* 201x10™°" 015x10~* 0.65x107% 0.15x 10~
Table 1.

Numerical vesults of parallel schemes ZML*) — ZM[3*] and ZM for solving frame structure engineering problems.

= B # i i i i@

/1[1*1 [0.43 0.15 0.10 0.76 0.33 0.18]

/1[2*] [0.03 0.19 0.19 0.08 0.68 0.17]

/1[3*] [0.75 0.17 0.01 0.02 0.57 0.35]
Table 2.

Random initial eigenvalues for (37).
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Figure 1.

Ervor graph of the pavallel methods ZM™*1, ZM(*].ZM [3*] for random initial Gaussian vectors 1.

3.2 Stability and sensitivity analysis

To evaluate the convergence of our approach compared to existing methods, we
analyzed the results of the numerical schemes based on random initial eigenvalues, as
shown in Table 4. This table includes the number of iterations (), the number of
convergence operations (Op-con), the percentage of convergence (Per-con), the

maximum errors (Max—E el — Max-E e ]> for random initial values, and the comput-
1 3

ing time in seconds (CPU-time).
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Error graph of the parallel methods ZM*], ZM\*1-ZM [3*] for random initial Gaussian vectors AL*1.
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Ervor graph of the pavallel methods ZM"*1, ZM(*].ZM [3*] for random initial Gaussian vectors /1[3*].

In terms of iterations, computing time, percentage convergence, and maximum
error for random initial guessed eigenvalues, Tables 3 and 4 clearly show that our
methods outperform those currently used in the literature. Table 4 demonstrates that
our newly developed procedure is more consistent and reliable than other methods.
We then examine how the frame structure problem (1) is solved using the calculated
eigenvalues. The final solution is obtained by applying the inverse of (31) to the
frequency-domain solution, resulting in:
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Error oo oo o o0 o 0

Numerical results for /1[1*] used to determine all eigenvalues of Eq. (37).

ZM[;J 111 x 1073 5.15 x 10~° 8.10 x 1073 176 x107* 133 x 1074 111 x 1073

zml!  0.08x10°° 119 x 107* 419 x 1073 1.08x1077  568x107Y  0.08x107°

ZM[;J 0.05x 107! 9.17 x 10~° 6.00x10®  3.02x10% 557x107%  0.05x 107"

ZM!*) 2.01x107° 2771077 292x107%2 1.05%x107%  068x107® 201x10°%©

Numerical results for /1[2*] used to determine all eigenvalues of Eq. (37).

ZM[;J 1.11 x 1073 0.45x 107! 0.07x107%2  191x107® 0.03x10™"  151x1073

zml! 0.08x107°  0.04x107%  4.09x107*  0.08x107°  0.65x107"  0.08x107°

ZM[;1 191 x 1073 171x1078  0.05x107"  1.03x1072  0.50x10"%  0.05x107°

zMml*l 0.08x107% 1.08x107®  201x107*  015x107* 065x107%¥ 201x107"

Table 3.
The numerical results using these vandom initial guesses are presented in Tables 3 and 4.

Method n CPU-time Per-con (%) Op-con Max-Ell*] Max-El[Z . Max-El;]

zMl! 17 0.4315 37 234 0.05x107* 015x107%  0.15x 10 %

M) 15 0.4359 32 434 045x10™™  115x1072  7.05x107%

Y 11 0.3243 52 285 215x107%  3.05x102  0.07x107"

Zml*] 09 0.2137 69 187 032x107%  0.04x10""  0.09x107°
Table 4.

Random initial eigenvalues for finding all eigenfunctions simultaneously.

6
U,t) =D T, (0) 97 (x) (38)

where Tl[-*] (t) = Al{*] cos (Uit + 19;‘*]) represents the time-dependent part of the

solution for the i-th mode, with Az[*] being the amplitude and Uj; the frequency

associated with the i-th eigenvalue 4;. The spatial mode shape, 191[*] (x), depends on the
eigenvalue 4;. This mode is typically sinusoidal, for example:

inx

9 (x) = sin (ﬁ) (39)

where L*] is the length of the frame structure, which is 10 m for the natural

[2ENT . . . ..
frequency U; = /’)[1] A[i] . The value of 4; determines the various modes of vibration in

the frame structure. The forward-traveling waves correspond to 1;, 14, 46, while the
backward-traveling waves correspond to 11, 43, 45. Complex oscillations arise from the
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Figure 4.
Dynamical analysis of the frame structure modes for low and higher values of .

negative values of /;, indicating oscillations in the opposite direction. The magnitude
of the eigenvalue indicates the frequency of the oscillations, with larger values
corresponding to higher-frequency modes. Low-frequency modes (1s, 1) are associ-
ated with longer wavelengths and smoother, more widespread frame deformations,
while high-frequency modes (41, 4;) produce localized, faster oscillations with shorter
wavelengths.

3.3 Nature of the solutions

* Low-frequency modes corresponding to 4s, 4¢ : These modes are associated with
the global deformation of the entire structure. The displacement profile shows
smooth transitions and bending of the frame along its full length. These modes
are typical in real-world situations where overall bending is the primary concern,
such as in bridges or large structural frames.

* High-frequency modes corresponding to 11, 4, : These modes involve localized,
higher-order deformations in specific areas of the frame. As the frequency
increases, the displacement profile exhibits wave-like oscillations with many
points of inflection along the frame length. In practice, these modes may
correspond to vibrations caused by impacts or high-energy disturbances.

926



Hybrid Parallel Scheme for Eigenvalue Problems Using Multiplicative Calculus
DOI: http://dx.doi.org/10.5772/intechopen.1008844

* Superposition mode: The final solution is a combination of all mode shapes and
their time-dependent oscillations. In reality, the observed displacement is a result
of all these modes interacting simultaneously.

4, Conclusion

In this chapter, we introduced a new multiplicative calculus-based parallel tech-
nique for solving nonlinear eigenvalue problems. We conducted an in-depth analysis
of the dynamical behavior of nonlinear frame structures, using the eigenvalue prob-
lem to assess the stability and consistency of the newly developed scheme. This
scheme was compared to existing parallel methods with the same convergence order
(three). As demonstrated in Tables 1-3 and Figures 1-4, our proposed method,

ZM!*), outperforms existing methods ZM\*! — ZML*) in terms of iteration count,
residual error, and computational convergence rates, even with random initial starting
values.

Future extensions will include a number of enhancements, such as high-order
multiplicative approaches, the examination of applications in higher-dimensional sys-
tems, and combinations with machine learning to give hybrid models [29],
improved convergence, and accuracy. Furthermore, research into the fractal proper-
ties of those schemes would provide insights into managing chaotic and sensitive
systems such as financial markets, fluid mechanics, epidemic models, biomedical
engineering applications, and a strong software framework to as many universals as
possible, allowing the methods to be applied to a wide range of scientific and engi-
neering applications.
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Chapter 6

Eigen-Analysis of Multi-Agent
Systems and Large Scale Systems
Using Data Driven and Machine
Learning Algorithms

Kenneth McDonald, Zhihua Qu and Azwirman Gusrialdi

Abstract

Eigenvalue analysis is central in stability analysis and control design of linear
dynamic systems. While eigen-analysis is a standard tool, determining eigenvalues of
multi-agent systems and/or interconnected dynamical systems remains challenging
due to the sheer size of such systems, changes of their topology, and limited informa-
tion about subsystems’ dynamics. In this chapter, a set of scalable, data-driven esti-
mation and machine learning algorithms are presented to determine eigenvalue(s)
and in turn stability of such large-scale complex systems. We begin with distributed
algorithms that estimate all the eigenvalues of multi-agent cooperative systems, where
their subsystems are modeled as a single integrator and interconnected by local com-
munication networks. The algorithms are then extended to the data-driven version
that estimate the dominant eigenvalues of large-scale interconnected systems with
unknown dynamical model. Subsequently, we study input-output stability of subsys-
tems and extend eigen-analysis to investigation of passivity shortage using the input-
output data. This analysis is then further extended to machine learning algorithms by
which stability properties of unknown subsystems can be learned. These results are
illustrated by examples.

Keywords: stability, eigenvalues, multi-agent systems, consensus algorithm,
input-output stability, passivity and passivity shortage, machine learning

1. Introduction

Eigen-analysis is a fundamental and well known concept in linear algebra and
linear systems theory. Technically, it deals with eigenvalues and eigenvectors of
matrices or linear transformations. When applied to linear systems, eigenanalysis
quantifies characteristics of dynamic responses, reveals such properties as stability
and robustness, and provides closed-form solutions. As applications move toward
multi-agent systems, large scale networked systems, and machine learning, eigen-
analysis remains to be an effective approach for qualitative and quantitative analyses.
This chapter aims to illustrate this fact by focusing upon a few of contemporary topics.
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This chapter begins with a summary of most foundational results in Section 2. The
section contains the following specific results. Section 2.1 provides eigenanalysis of
linear time-invariant systems, their solution, and their stability by summarizing the
basic results from [1, 2]. Section 2.2 introduces Lyapunov direct method [3] and
presents quadratic Lyapunov analysis in terms of eigenvalues. The Lyapunov direct
method applies to both linear and nonlinear dynamic systems. One way to bridge
analyses of linear and nonlinear dynamic systems is to parameterize their stability
analysis. To this end, Section 2.3 introduces dissipativity theory [4], which allows for
the classification of linear and nonlinear systems into passive and passivity-short
systems, providing a unified framework for their analyses. In Section 2.4, eigen-
analysis is applied to investigate stability analysis of multi-agent systems, including
cooperative and networked systems [5], and the result enables a scalable and modular
design [6] of networked control systems in terms of two key parameters on system’s
input-output relationship. In Section 2.5, input-output relationship is explicitly
derived for linear time invariant systems for the purpose of performing machine
learning as well as the subsequent stability analysis and control design.

Section 3 explores the eigen-analysis of multi-agent and large scale systems, with a
particular focus on systems that may have unknown models. The first part addresses the
problem of distributed eigenvalue estimation in multiagent systems, where each agent has
access only to local information. While various distributed algorithms have been proposed
to tackle this issue (e.g., [7-10]), existing approaches such as the power iteration [7, 8]
and consensus-based algorithm [9] are typically limited to estimating only the dominant
eigenvalues. Even algorithms that can estimate all eigenvalues, such as [10], are often
restricted to specific types of matrices, such as rowstochastic ones. To address these
limitations, Section 3.1 presents distributed algorithms capable of estimating all eigen-
values for any irreducible matrix, broadening the applicability of eigenvalue estimation
methods. The discussion then extends to the challenge of distributed dominant eigenvalue
estimation for unknown linear time-invariant systems within autonomous, large scale
systems. Existing data-driven techniques, including dynamic mode decomposition
[11, 12], power iteration [13], prony method [14], distributed optimization-based
approach [15], and Hankel matrix [16], each face drawbacks. These include centraliza-
tion, applicability only to Laplacian matrices, or limitations to matrices with distinct
eigenvalues. To overcome these challenges, two distributed datadriven algorithms are
presented in Section 3.2, which estimate eigenvalues by learning local models and apply-
ing model reduction techniques, making them suitable for handling large scale models.

Different from Section 3, Section 4 addresses stability analysis and control design
through machine learning. Specifically, a data driven algorithm is presented to learn the
two key parameters. To demonstrate connection and effectiveness, the two parameters
are calculated using both approaches of eigenanalysis and machine learning. The
machine learning approach bypasses the step of model identification and hence is more
direct and efficient in design and analysis. Combined with the results in Section 2.4,
machine learning can be applied to multi-agent systems as well as large scale systems.

2. Preliminaries

2.1 Analysis of linear time-invariant systems and their stability

Eigenvalue analysis is both fundamental and straightforward to investigate stabil-
ity of linear time-invariant systems of form
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x =Ax +Bu, y=Cx+ Du, (1)

where x € R" is the state, u € R™ is the control input, and y € R’ is the output.
Defining the matrix exponential function e*' as
R Ry
M= AV @
=07

we know that e’ has the property of
d t t t
e = A = MA.
dt

Hence, the solution to system (1) is

%(t) = eMx(0) + JteA<”>Bu(T)dT (3)

0

in which ¢4 jg also called the state transition matrix.
Given matrix A, its eigenvalues 4; and eigenvectors v; are defined as

Avi :livi, izl,---,n.
Matrix A € R"*" has n eigenvalues and, if the number of eigenvectors is 7 but less

than #, it always has # eigenvectors and generalized eigenvectors. Assembling these
eigenvectors and generalized eigenvectors into matrix S, we have

] 4 1 0

1

SAS =7, J= , T = o e R
Jr 0 - 0 X

where ] is the Jordan canonical form with diagonal blocks J;, and #; is the geometric
multiplicity of eigenvalue /;.
It follows from the structure of J and the Taylor series expansion in (2) that

i—1
el,‘l‘ telil Le/’lit
it (1’!,‘ - 1)'
A =8 st o di=1]0 : (4)
it : oo telit
0 0o .- et

Therefore, the following necessary and sufficient conditions can be concluded
from (3) and (4):

i. System (1) with # = 0 is Lyapunov stable if and only if none of its eigenvalues
is in the right open half plane and those on the imaginary axis are of
geometrical multiplicity one.
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ii. System (1) with # = 0 is asymptotically stable if and only if matrix A is
Hurwitz, i.e., its eigenvalues are all in the left open half plane.

iii. System (1) is input-to-state stable if and only if it is asymptotically
stable.

iv. System (1) with # = 0 is exponentially stable if and only if it is asymptotically
stable.

If A is not Hurwitz, control # can be designed to achieve stability when pair {A, B}
is controllable.

2.2 Stability analysis of linear time-varying systems

Consider linear time-varying system:
x=A(t)x +Bt)u, y=C(t)x+D(t)u (5)

where x € R” is the state, u € R™ is the input, and y € R? is the output. It is known
that pointwise eigenvalues of time-varying matrix A(¢) being in the left open half plan
do not imply stability of system (5), and a counterexample can be found in [3].
Instead, eigen-analysis of linear time varying system should be performed through the
Lyapunov direct method.

Consider the autonomous system:

x=A(t)x, xeR" (6)

For linear systems, Lyapunov function can always be chosen to be a quadratic
function of form

V(x,t) = xTP(t)x,

where P(¢) is a symmetric matrix. Its time derivative along trajectories of system
(6) is also quadratic as

V(x,t) = —xTQ(t)x,
where P(¢) and Q(t) are related by the so-called differential Lyapunov equation
P(t) = —AT (1)P(t) — POA(r) — Q(1). 7)

To determine whether system (6) is asymptotically stable or not, the following
three-step backward process needs to be applied: (a) choose Q (¢) to be symmetric,
uniformly bounded (in the sense that the maximum eigenvalue is uniformly
bounded from above as Amax(Q (t)) <T < 00), and positive definite (in the sense that
in the sense that the minimum eigenvalue is uniformly above zero as
Amin(Q(2)) =¢> 0). The simplest choice is Q(¢) = I. (b) Solve P(z) from Eq. (7). (c)
System (6) is asymptotically stable if and only if solution P(z) is uniformly bounded
and positive definite. Should matrix A(t) be constant, Eq. (7) is algebraic, and solution
P is constant.
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2.3 Analysis of nonlinear systems

Consider the following nonlinear affine system

% =flx,t) +gle,tu, = hix,0), ®)

wherexeR”,u e R"”,andy R! are the state, input, and output, respectively.
System (8) includes system (6) as a special case. Stability of system (8) can be
investigated using Lyapunov direct method, as in Section 2.2. Lyapunov function
takes the general form of V(x,¢) and have the following time derivative along the
trajectories of system (8):

= % + (%) [f(x,t) +g(oc, )u]. 9

v
To show asymptotic stability under # = 0, one need to choose a positive definite
function 7(x) and solve for Lyapunov function V (x,t) from the following partial
differential equation:

o (F ) = -t (10)

Stability can be determined by checking whether solution V (x, ) is both positive
definite and decrescent (i.e., upper and lower bounded by positive definite functions
11(%), 72(%) as 71 (x) SV(x, 1) <y,(x)).

To investigate input-output relationship of linear and nonlinear systems, we can
use the dissipativity theory. System (8) is said to be dissipative with respect to a
positive semi-definite (p.s.d.) storage function V(x) and a supply rate function ®(u,y)
if V(0) = 0 and if, for allxo € X,

t

V(x(e0)) — V(x(0)) SJ ®(u(r),y(7))dr. (11)

0

As a Lyapunov function, the so-called storage function represents a broader con-
cept of the energy stored within the system. Consequently, the above inequality
implies that the stored energy at any given time, as described by the storage function,
is always less than or equal to the total energy supplied to the system, including the
initial energy.

Should the supply function be quadratic, inequality (11) is satisfied with

O(uy) = —nfe) +uly =5 el =5y, (12)

where 7(x) is a positive semi-definite function. If the storage function is positive
definite, it is a Lyapunov function, and system (8) is asymptotically stable. Depending
upon the values of parameters ¢ and p, several sub-classes of dissipativity are given in
Table 1.

It is well known that passive linear systems must be of relative degree 0 or 1,
Lyapunov stable, and also minimum phase (or inversely Lyapunov stable).

This means that most of the stable systems are not passive. Since the engineered
systems, such as teleoperation of an #-link robot [17] and synchronous generator,
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Sub-classes € p
Passive e,p>0
Input strictly passive (ISP) >0 >0
Output strictly passive (OSP) >0 >0
Input-output strictly passive (IOSP) >0 >0
Passivity short (PS) eithere<0orp<0
Input-feedforward passivity short (IFPS) <0 >0
Output-feedback passivity short (OFPS) >0 <0
Table 1.

Sub-classes of dissipativity and their parameter values.

would have bounded outputs when their inputs are bounded, these systems are typi-
cally input-feedforward passivity short (IFPS). It is known that, with an appropriate
self-feedback control, a stabilizable linear system can achieve the IFPS property [18].
It is shown in the rest of the chapter that both passivity and passivity shortage enable
modular analysis/design of complex systems, indirect eigen-analysis using input-
output data, and machine learning.

2.4 Multi-agent systems and cooperative networked systems
A multi-agent system consists of cooperative agents with simple dynamics:
j’i = Ui, iEN, (13)

where N = {1, ---,n} is the set of agents. These agents communicate through a
local communication network of graph G = (N, &), where & C N x N is the edge set
and ¢;; € & implies that y; is sent by the jth agent to the ith agent, orj € N; with N; c
is the ith agent’s neighbor set. Graph G is generally directed, i.e., ¢; € & does not
necessarily mean ¢;; € & or vice versa. Graph G is said to be strongly connected if every
node is connected by directed edges to any other node. These local interactions enable
the following cooperative consensus protocol:

w= Y wi(y; ), (14)

jG/\/i

where w;; > 0 are weights. The resulting cooperative system can be expressed as

y = —Ly, (15)
where
0 ifj #iandj ¢ N;
Sw;  ifj=i
jGNi
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is the so-called Laplacian. Laplacian L is always Lyapunov stable, 4;(L) = 0 is the
eigenvalue(s) closest to the imaginary axis, and the corresponding eigenvector is the
vector of 1s. Should G be strongly connected, 41(L) = 0 is unique, and all of y,
converge to the same consensus value. If G is undirected and connected, Laplacian L
can be symmetric (with w;; = wy;), and its eigenvalues values 4;(L) are all real and the
property that

0 =M(L)<Ah(L) <+ <A (L). (17)

While multi-agent systems are easy to analyze, networked systems from applica-
tions often have heterogeneous dynamics in the form of

Zi =fi(zi,ui), y; = hi(zi), (18)
where z; € R" and y, € R’ are the state and the output of the i system, respec-
tively. System (18) includes multi-agent system (13) as a special case. Instead of
assembling all the dynamics from system (18) and analyzing the stability together,
one can use the concepts of passivity and passivity shortage to perform modular
analysis and design. To this end, first assume that system (18) has storage function
Vi(zi) and the following dissipativity property:
Vi<ylui — e u; — py}y, (19)
where ¢; and p; can assume values according to Table 1. Next, assume that Laplace

L is symmetric and connected, and revise the consensus protocol (14) by incorporat-
ing cooperative control gain k> 0 as

u; = szij (yj —yi). (20)
=1
Then, choosing the following Lyapunov function
v=>_V, @1)
i=1

and taking the time derivative along the trajectories of system (18) under control

(20) yield

Vo< Z[%T“i — e ui — pyiy;]
i=1

=" Q,

(22)

where
Q = L + x*diag{e; }L* + diag{p;}I. (23)

It is obvious that the overall system of heterogeneous subsystems reaches consen-
sus if matrix Q has the property of 4, (Q) > 0. This is ensured if the following scalar,
quadratic inequality admits positive solution :
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kAo (L) 4 2 (min{O, min el})ﬂi(L) + <mjn pi> >0. (24)

A quick analysis of the above inequality reveals the following stability property for
cooperative networked systems:

i. If all the systems in (18) are passive, consensus can be achieved for any
k€ (0, 00).

ii. If all the systems in (18) are either passive or IFPS, there exists & > 0 such that
consensus can be achieved for any x € (0, ).

iii. If all the systems in (18) are either passive or OFPS, there exists k& > 0 such
that consensus can be achieved for any « € (, o).

If the systems in (18) are a mixture of being passive, IFPS, and OFPS, consensus
can still be achieved by changing common gain « into individual gains «;. These results
show that, for cooperative consensus control (20) or its individual gain version,
choices of cooperative control gains are modular and plug-and-play in spite of het-
erogeneous dynamics (18).

2.5 Data-driven modeling

For linear systems, data-driven modeling refers to the approach of building
models based solely on input-output data, without requiring explicit knowledge of
the system’s internal dynamics or parameters. This method is particularly useful
when the system is a black or gray box, or its internal parameters are
inaccessible. In this section, input-output relationship is established using
discretization so that machine learning of key parameters can be done later in
Section 4.

Consider linear system (1). Its discretized version is: given x(0) = 0 and sampling
period T,

X141 = Agx; +Bauy, y,=Cx;+Dw, Ag=e*", B;=A"'A,—I)B. (25

To further represent the system in terms of inputs and outputs [19], consider the
representation given by

1
Y= g go=D, g =CA7'Bs,Vr>0. (26)
=0

Passive systems have relative degree » to be either O or 1. On the other hand,
passivity short systems may have » > 1, causing the convoluted matrix G, to becomes
singular. This can be avoided by utilizing its reduced order representation as needed.
Let Y = G,U, where N is sufficiently large,

Y=y, Y1 o Inoa)s U=luo w1 - un1rl, (27)
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g, 0 0 .. 0
Gd _ gr:-‘rl %V . . 0 c m(Nfr)x(Nfr). (28)

1 En2 En3 &

It follows that, for sufficiently small
Ts>0,

J uTyds =T.UTY = T,UTG,U, J uTuds = T.UTU. (29)
0 0

Next, the relationship between the reversed input and output sequences is
described. Let P € R¥*N be the exchange (or reversal) matrix whose elements are 0
except for anti-diagonal elements being 1’s. If Y = G, U, the response under U’ = PU is

Y = G,PU, (30)
where
1 I
= nguf—r = ZgTuNflszo (31)
=0 =0
Therefore, defining
Y = PY’, (32)
we have
, N-1-1 N-1
Y=o = Z &Ml = Zgruz“r“ (33)
=0 7=l

The above expression can be rewritten in a compact form as

u

~ =
P |G, (PU)| = PG,PU = GIU. (34)

Yy’

Egs. (29) and (34) form the input-output relationship that enable machine learn-
ing.

3. Distributed algorithms for estimating the eigenvalues of multi-agent
and large scale interconnected systems

We start this section by presenting a distributed algorithm for estimating all the
eigenvalues in multi-agent systems where the agent is modeled as a single integrator.
Next, we discuss how to extend the approach to the case of large scale interconnected
systems with unknown system matrix and whose subsystem’s dynamics is given by a
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linear-time invariant system. To this end, distributed data-driven estimation algo-
rithms are presented which only rely on the collected measurements of the system’s
states (i.e., offline data).

3.1 Model-based distributed algorithm for estimating eigenvalues in multi-agent
systems

Consider a multi-agent system consisting of # number of agents and whose overall
dynamics is given by

y = Ay, (35)

wherey = [y;, ] ’ and y; € R denotes the output of the i-th agent. It is assumed
that agent i only has access to the local information, that is the i-th row of matrix A,
denoted by vector [A];, . Furthermore, the agents can communicate/exchange infor-
mation with each other via a communication network whose topology is similar to the
sparsity of matrix A and is given by a strongly connected directed graph G, that is
matrix A is irreducible. For example, matrix A can be a Laplacian or adjacency matrix,
as described in Section 2.4. The agents aim to collaboratively estimate all the eigen-
values of A by using only their local information [A];, .

3.1.1 Model-based distributed eigenvalues estimation algorithm

In order to estimate all the eigenvalues of A in a distributed manner, all the agents
cooperatively perform the following steps whose detailed analysis can be found in
[20]:

1.First, all the agents collaboratively transform matrix A into a nonsingular
matrix A = [a;] defined as A = A + cI, with c €R. Based on Gershgorin
theorem, the constant ¢ can be chosen cooperatively by the agents to ensure
that |a;| > Zj¢i|ﬁij| foralli = {1,---,n}. To that end, agent i first sets ¢;(0) = ¢; +
> |ajj| for arbitrary value of ;> 0 to ensure |a;;| > > i |a;j|. Next, all the agents
should choose a common value ¢ from all the values of ¢;(0) so that |a;[ >}, ; ||

for all i = {1, ---, n}. Specifically, the value of ¢ can be chosen as ¢ = max;¢;(0)
which can be computed distributively by performing the following maximum
consensus protocol [21] for # iterations

ci(k+1) = max c¢j(k), k=0,1,-,n. (36)
jeN;u{i}
2. After constructing a nonsingular matrix A from matrix A, each agent then

distributively computes A, denoted by Z, by solving a system of linear
equations AZ =1, using its own local information F]l* To this end, each agent
implements the following update rule

2+ 1) = 240) = 1P | N2 — Y20 ), (37)
! JEN;
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where matrix Z;(k) € R”** denotes the local estimation of Z = At by the i-th

agent at the k-th iteration and whose initial value is chosen to satisfy

[4] IT* Z;i(0) = [I,,LT* Moreover, matrix P; = P/ € R"*" is an orthogonal projection
— — T 5

on the kernel of vector M]M , namely P; = I, — m [AL* [AL* . Each agent’s

local estimate Z; (k) under (37) will then converge to A ask — oo,

3.Each agent computes all the eigenvalues of A by exploiting the relationship

between 4;(A) and 4;(Z) given by 4;(A) = ﬁ —c.
One of the benefits of the above method is that each agent is not only able to

distributively estimate all the eigenvalues of A but also the corresponding eigenvec-

o . . -1 .
tors. Specifically, noting that both matrices A and A = share the same eigenvectors
each subsystem can compute distributively the eigenvectors of matrix A from the

. =1
learned matrix A .

Remark 1. Distributed algorithm (37) converges exponentially to A ' [20]. Fur-
thermore, it can be observed from (37) that each agent needs to exchange n* values
with its neighbors and require to store also #n? values. One may then ask why each
agent does not just flood its row [A],, to its neighbors so that each agent can then
construct matrix A. In contrast to (37), the flooding strategy is not locally adaptable
under topology changes [20]. Moreover, convergence of update rule (37) is also
guaranteed under time-delay and asynchronous setting [22].

3.1.2 An illustrative example

Consider a multi-agent system consisting of four omnidirectional mobile robots
whose kinematic model are given by (13) where y; denotes its position. Since the robot
can move in any directions, its kinematic model can be decoupled for each axis and
thus in this example, without loss of generality, we only focus on the motion control of
the robots for one axis. The goal is to design control input (velocity) #;, which depends
on the positions of some other robots obtained via a communication network, so that
all the robots gather at a common location, e.g., for recharging their batteries. This
problem is also known as rendezvous problem [5]. To this end, one can design a
consensus protocol given in (14) and assuming the network topology is strongly
connected it is ensured that all the four robots gather at a common location. The
overall system’s closed-loop dynamics can then be written as in (35) where matrix
A = —L. For example, Laplacian matrix L can be designed as

05 -05 0 0
0 0.4 0 —-0.4
L= (38)
—-0.8 —-0.2 1 0

0 0 -08 0.8

whose eigenvalues equal to 0, 1.2616,0.7192 £ 0.5367i. The second smallest
eigenvalue of L measures the network connectivity and convergence rate for reaching
consensus [23] while the third smallest eigenvalue provides a metric for ensuring
robust connectivity in the presence of single robot failures [24]. The robots can
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cooperatively estimate the eigenvalues of L using the steps presented in previous
subsection. Specifically, the robots set ¢ = 3 and initial values Z;(0) as

0 0 0 0 0 0 00
) 200 0| . 0 0 00
Z0=145 o 0 o #Y=]0 0 0 o
5
0 00 0 0 -2 00
0000 000 0
) 0000 . 000 0
0=, o 1 o ZLO=|,,, 12 (39)
4 8
0000 000 0

After executing update rule (37) for 100 iterations, all local estimations Z; (k)

_71 .
converge to L , thatis

0.2859 0.0421 0.0009 0.0044
0.0014 0.2947 0.0062 0.0310
0.0573 0.0232 0.2505 0.0024
0.0121 0.0049 0.0527 0.2637

o P | . .
After distributively estimating L , robotj can then calculate the eigenvalues of

matrix L given by m -1
A\

3.2 Distributed and data-driven algorithms for estimating eigenvalues of a large
scale interconnected system

In this subsection, we extend the setting in the previous subsection to large scale
(physically) interconnected systems where its subsystem’s dynamics can be modeled
as an LTI system, for example power system [25] and thermal model of large buildings
[26], which makes the dimension of the overall system very high. It is worth noting
that in some applications one may only be interested in estimating the dominant
eigenvalues of the overall matrix A. For example, in power systems the dominant
eigenvalues, aka inter-area oscillation modes, play an important role for wide-area
monitoring applications. These slow eigenvalues arise from the oscillations between
the coherent areas in power system which may lead to small-signal stability concern
and thus needs to be constantly monitored. However, the high dimension of the
overall system prevents one from using distributed estimation algorithm presented in
the previous subsection. In addition, the large-scale system model (i.e., matrix A) is
also often unknown/not available in practice due to geographical constraint or it may
change because of perturbation which calls for data-driven methods.

Let us consider a large scale interconnected system divided into » nonoverlapping
and coherent clusters where the j-th cluster consists of #; subsystems. Since the
clusters are coherent, one can represent the i-th cluster with an equivalent
subsystem whose state X; € R? is the averaged state of all the subsystems in that
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cluster, i.e., X; = i 4% where w; > 0 denotes some weights. Hence, the reduced
-1

order model of the large scale interconnected system can be written as
X =A%, (41)

where X = [&], -+, %] | " and A, is the reduced system matrix whose eigenvalues
correspond to the dominant/slow eigenvalues of the original system matrix A. For
details of the modeling, one can refer to [27]. It is assumed that the i-th subsystem has
access only to its own sampled state x;(k)%x;(?)| >k = 0,1, ... where T denotes the
sampling time. The discrete-time model of (41) is then given by

x(k+1) = Asx(k) (42)

where matrix A; = e*T. The relation between eigenvalues of both A, and 4, is
given by 4;(4,) = 44T,

If the eigenvalues of A, are distinct, one can readily apply the Prony method
[14, 28] to estimate the eigenvalues of A, using the averaged state X(k). In the follow-
ing, we present an alternative distributed and data-driven method to estimate the

eigenvalues of A, which does not require them to be distinct.

3.2.1 Distributed model learning algovithms

Briefly speaking, the idea is to first learn in a distributed fashion the reduced model
A, from the averaged state x(k) [29]. Without loss of generality and for the sake of
simplicity, it is assumed that there exists a virtual agent in each cluster which collects
measurement x; (k) from all subsystems in the i-th cluster to calculate the average state
in the corresponding cluster and cooperatively learns the reduced model with the
other virtual agents. To that end, we assume that the communication network topol-
ogy between the virtual agents is given by a strongly connected directed graph.

Assuming that the sampling time is sufficiently small, one can approximate A, as

A;=1+A,T (43)

whose eigenvalues are given by 4;(4,) = 1+ T4;(4,). Each virtual agent i then
collects the following sampled averaged state

X; = [xi(ko), > Xi(kpm_1)] € RE*™,

44
Y, = [xi(ko + 1), -, Xi(kp_1 + 1)] €RF*™, (44)

where 7 denotes the amount of data used for learning. Note that the index
{ko, k1, -+, km_1} does not need to be sequential. Defining matrices X = [X7, --- XT]

andY = [Y], -, Y]] " we have the following relation
Y = AX. (45)

Furthermore, let us set m = pr. Given that matrix X is nonsingular, matrix A, can
then be learned by computing
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A, =YX (46)

using only local information available to each virtual agent. To this end, the virtual
agents first estimate X ! using update rule similar to (37). Once all the virtual agents
compute the estimate of X 7, the i-th virtual agent can then learn the (p(i — 1) +1) —
th until the pi-th rows of matrix A;, denoted by A,;, as follows:

Ay =YX (47)

Finally, using the learned A;; the virtual agents can distributively estimate the
eigenvalues 4;(4,) (and 4;(A,) accordingly) using the method presented in Section 3.1.

One key assumption in the method described above is that all the virtual agents are
able to construct matrix X; from its own state measurement such that the matrix X is
nonsingular. When the matrix X is ill-conditions for any given set of sampled mea-
surements, one can alternatively learn matrix A, by solving a least square problem. To
that end, each virtual agent first constructs the measurement matrices X;, Y; in (44)
with m > p?r samples and from (45) satisfy the relation Y; = A,,;X. Next, the agent

2, . . .
constructs a vector a; € R whose entries equal to the entries of unknown matrix A, ;.
Equation Y; = A4;X can be written as

Xia; = h, (48)

where matrix X7 € RP*P"" and vector h; € RP" are constructed from matrices X
and Y;, respectively. Agent i can then learn the entries of A;; by solving the following
least square problem

a; = argar_nin % [ Xa; — hi”i' “

Remark 2. In order to construct matrix X} and learn the local model, agent i needs
to collect X; from all other agents which requires all-to-all bidirectional communica-
tion between the virtual agents. This communication requirement and the size of
vector a; can be reduced if the sparsity structure of matrix A, is known in advance.
After learning the local model, distributed algorithms presented in Section 3.1.1, and
whose complexity is discussed in Remark 1, can be adopted to distributively estimate
the eigenvalues.

Remark 3. If the structure or property of matrix A, is known, one can then
incorporate this side information as constraints in solving (49).

Remark 4. When the measurements are noisy, one can perform data
preprocessing by filtering the noise or smoothing the data before learning the local
model.

3.2.2 An illustrative example

Consider an interconnected system of 16 undamped oscillators, divided into 4
coherent clusters as shown in Figure 1. Dynamics of the i-th oscillator is given by

.. Ad; — AS;
Ad; = — § —, (50)
R Vii
]EN{ )
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where Ad; denotes the phase angle of oscillator i and ;; represents the reactance
of tie lines connecting oscillators 7 and j. We set 7;; of the intra-cluster and intercluster
tie lines to be 0.001 per unit and 1 per unit respectively. The reduced order matrix
0
L,
- ; LT
X = [Aér,l, <oy DSy 4, A1, 0y A5V,4] with A, ; denotes the average phase angle of the
equivalent oscillator in the i-th cluster. Using the slow-fast time-scale separation
principle [30], matrix L, can be analytically calculated as

I
A, is given by A, = { 0] where —L, is a weighted Laplacian matrix and the state

—0.4997 0.2498 0.0001  0.2498

L 0.2498 —0.4997 0.2498  0.0001 (51)
" | 0.0001 02498 —0.4997 0.2498 |’

0.2498 0.0001  0.2498 —0.4997

In order to learn distributively matrix A,, a virtual agent is assigned to each cluster
which can communicate with each other as shown in Figure 1. Each virtual agent
computes the average state for each area as illustrated in Figure 2a. Each virtual agent
then distributively learn the corresponding rows of A, by solving (49) where the
number of data 7 = 1000 and the index k;1 — k; = 10 in (44) for all j, see Figure 2b.
Note that the sampling time equals to T = 0.001s. In addition, the virtual agent also
incorporates the side information regarding the sparsity structure of A, and the
property of the Laplacian —L,, discussed in Section 2.4, when solving its least square
problem. The learned model is given by

—0.5004 0.2487 0.0014  0.2503
P 0.2496 —0.5001 0.2497  0.0008 52)
" | 0.0007 02504 —0.5006 0.2496 |

0.2507 0.0016  0.2486 —0.5009

The comparison between the data and the trajectories of the reduced dynamical
system using the learned model is shown in Figure 2b. It can be observed that the
virtual agents are able to learn accurately the reduced order model A,. Finally, the

Cluster 1 Cluster 2

Virwal agent 1 Virtual agent 2

commiunication
link

Virtual agent 3 Virtual agent 4

Chustar 3 Cluster 4

Figure 1.
Left: 4-cluster 16 second-order oscillators. Right: virtual agents vepresenting each cluster and their communication
network topology.
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(a) Snapshots of true states and average states of oscillators in cluster 1; (b) Comparison between data and
trajectories generated using the learned reduced order model in cluster 1.

comparison between eigenvalues of the analytically calculated matrix A, and the
eigenvalues of the learned matrix A, is given by

true eigenvalues : 0,0, = 0.7070i, + 0.70704, £ 0.9996i,
estimated eigenvalues : 0,0, = 0.70747, &+ 0.7091i, £ 0.9994i.

4. Machine learning for passive and passivity-short systems

In this section, two methods are explored to determine the indices ¢ and p of
passive and passivity-short systems. These indices can be found using the eigenvalue-
based approach of linear matrix inequality (LMI) and the data-driven technique
proposed in [19, 31] for passive systems. The LMI approach requires perfect knowl-
edge of the system but offers the highest level of precision in determining the passiv-
ity indices, as it avoids the errors associated with discrete-time approximations, such
as those introduced by sampling and discretization. In comparison, the data-driven
approach is less precise but offers an approach of finding passivity or passivity short
indices solely and directly from input output data, providing the alternative for
unknown systems and avoiding the step of model identification.

4.1 Direct method: Linear matrix inequality (LMI) approach

The LMI approach is an eigenvalue based method that leverages the continuous
time system for defining an inequality condition that expresses constraints on a
system using matrices, where the passivity constraint is integrated directly into the
condition. By formulating the passivity conditions as LMIs, convex optimization
techniques can be utilized to solve for the indices.

Consider system (1) and the Lyapunov function V = 0.5x7Sx, where S is a positive
definite matrix. The time derivative of Lyapunov function is given by

o1
V= 5x"(SA+ATS)x + x"SBu, (53)
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which satisfy the following dissipativity condition
7 <y — E12 — P ivl2
v <uly - Sl =21y, (54)

if and only if the following matrix inequality (i.e., in terms of its minimum eigen-
value being non-negative) hold:

—ATS—SA —pC'Cc  —-SB+CT —pC™D

W(e,p) =
(r) —BTS+C—-pD"C —el+D+D" —pD"D

>0. (55)

Leveraging semi-definite program solvers for optimization, passivity indices ¢ and
p can be determined by following the procedure defined in Algorithm 1.

Algorithm 1 Passivity Indices Using LMI

1: Solve
€ =argmaxge subject to W(e,0)>0, S>0
2:if ¢ >0 then
3: The system is passive
4: TheISPindexe* =¢
5: The OSP index p* is determined by
p* =argmaxgp, subject to W(0,p)>0, S>0
6: The IOSP indices p (or ¢) can be found for any fixed value of ¢ (or p)
less than its upper bound using
e*(or p*) =argmaxge (or p*), subject to Wi(e,p)>0, S>0
7: end if
8:if € < 0 then
9: The system is passivity short
10: Set ¢ = —1 to admit unique solutions
11: The OFPS index p* is determined by
p* =argmaxg p, subject to W(-1,p)>0, S>0
12: The IFPS index € is determined, for any p €[0,p*), using
e=se¢, subject to Wi(ep)>0, S>0
13: end if

Remark 5. The above LMI solution is computationally efficient as it has the com-
plexity of linear programming. Should the system dynamics are linear but contain
parameterizable and bounded uncertainties, one could adopt the model of so-called
interval systems. In this case, the matrices {4, B, C, D} may have their known parts and
their uncertain parts. For example, system matrix A becomes A + AA, where entries of
AA belong to certain known intervals. In such cases, the above LMI solution can be
extended to these interval systems, and the reader is referred to relevant literature.

4.2 Indirect method: Data-driven approach

In previous sections, analytical methods for determining passivity indices, using
model-based approaches, were examined. While these methods provide precise
methods for determining passivity, they are explicitly dependent on the mathematical
model of the system. However, in practical applications, the system model cannot be
obtained or determined due to the complex nature of the system or unknown knowl-
edge of parameters. To address these challenges, we extend the data-driven
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approaches in [19, 31] to find passivity and passivity short indices on both the input
and output channels of a model using data only.

Assume that system (1) can be tested but its model is unknown. Then, its output
data can be collected upon feeding an input into the system. If x(0) = 0, x() = 0,
we have

osj uTyds—fJ ||u||2ds—BJ llyl2ds (56)
0 2 0 2 0

where ¢, p > 0 are the largest possible values to satisfy the above inequality. It can
be seen that, if p (or €) is given then

Jo (uTy +yTu — p||y||2)ds Jo (uTy +yTu — €||u||2)ds

= or p< =
bw% jm%
0 0

€< (57)

where ¢ (or p) > 0 is the largest value satisfying the above inequality. This can be
further refined into objective functions

€= mf}lef(U) or p= mL:;lep(U) (58)
where
UTY + YTU — pYTY Uy +YTU — eUTU
) = or f,(U)= SNCY)

YTy

To solve Eq. (58), a gradient descent method can be implemented using the update
rule

yk+t) — k) _ é(k)sz<U(k>) (60)

where z € [p, €], the optimal step size 5% is given by Eq. (67) and VfZ(U(k)) is the
gradient of f, defined in Algorithm 3 of the Appendix.

Algorithm 2 provides the procedure to determine passivity indices ¢ and p in a
similar manner to Algorithm 1, and Algorithm 3 defines the gradient descent function
used in Algorithm 2.

Remark 6. The above data-driven approach is iterative and computationally sim-
ple, and its convergence property depends upon the specific numerical search algo-
rithm used. In the following examples, the standard gradient search algorithm is used,
and its convergence is optimized by online implementing the optimal stepsize derived
in the Appendix.

4.3 Illustrative examples

In this section, we demonstrate the effectiveness of the proposed algorithms on
simple second order systems and a real world synchronous generator system of
order 6.
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Algorithm 2 Passivity Indices Using Data Driven Indirect Approach

1: Solve the following where p = 0
€ = PassivityGradientDescent (f ., Vf ., U, 05, K, 0)
2:if €> 0 then
3: The system is passive
4: TheISPindexe* =¢€
5: The OSP index p* is determined by

p* = PassivityGradientDescent (fp, Vfﬂ, U/(ZO), 6p, K, O)

6: The IOSP indices p (or ¢) can be found for any fixed value of ¢ (or p)
less than its upper bound using
€* = PassivityGradientDescent (f ., Vf ., ulo

>6€’
0
Vf,, U5,

K,p)
» €

K, )

p* = PassivityGradientDescent (f B

7: end if

8:if € <0 then

9: The system is passivity short

10: Set ¢ = —1 to admit unique solutions
11: The OFPS index p* is determined by

p* = PassivityGradientDescent (f >V U/()O) ,6p, K, e)
12: The IFPS index ? is determined, for any p € [0, p* ), using

e* = PassivityGradientDescent (f ., Vf ., U, 6¢, K, p)
13: end if

4.3.1 Simple 2nd order systems

Consider the following two input-output stable, continuous time systems:

=01 0 =1 0 0.5 61
x—{_z _3}x+[1}u y =] Jx + 0.5u. (61)
x = [_02 _13]x+ {ﬂu y=[1 0]x. (62)

These systems are discretized using a first-order hold with a sampling rate of 0.01
and T, = 2500. The initial inputs were chosen to be

_ sin(0.2xt)
~ |I'sin(0.2zt)||

sin(2nt)

UL ~ sin(2mr)]

g , U (63)

Figure 3 presents the passivity index results for passive system (61), and Figure 4
shows the results for passivity short system (62). In both figures, the Nyquist dia-
grams provide visual confirmation of the systems’stability. The convergence of the
ISP and IFPS indices, ¢, is depicted in the top-right plot, illustrating how, over the
prescribed number of iterations k, the estimate of ¢ from the indirect approach
converges to the true value of ¢ given by the direct approach. Similarly, the conver-
gence of OSP and OFPS indices p are shown in the bottom-left plots. Finally, the
bottom-right plots present the Pareto fronts for IOSP and IOPS indices. The Pareto
front represents the trade-offs between ¢ and p, where optimality is achieved by
minimizing one parameter while solving for the other. For passive systems, the feasi-
ble region is finite and constrained to the first quadrant, indicating that both ¢ and p
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Passivity results for system (61). Nyquist diagram (top left), convergence of indirect e to direct e (top right),
convergence of indivect p to direct p (bottom left), pareto front (bottom right).

remain non-negative. In contrast, the passivity-short system exhibits an unbounded
region, with e extending to negative infinity, reflecting the greater flexibility and
reduced constraints inherent in passivity-short conditions.

4.3.2 A real-world example

Consider the following 6th order model of a turbine generator [32], in form of

system (1) with matrices:

0 377 0
_02673 0 —02946
02763 0 —0.580

471 663105 0 _s3s1923

0 —009 0
o 0 0

B=[0 0 0 0 33333 0 |"

C—1[12668 0 13966 0 0 0],

D=[0].

0 0 0
0 0 0211
01695 0 0
—20 0 o |’
0 -3333 0
0 1.0 1.0 |

Compared to that in [32], the above is a reduced order model in which the excita-
tion control dynamics are removed. The discretized system is obtained using a least
squares approximation with a sampling rate of 0.01 and T, = 2500 and it can be
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shown that the system is passivity short. The initial inputs from (63) are reused, and
to demonstrate practicality, the indirect approach was solved with and without the
presence of noise. A white Gaussian noise, with a specified signal to noise ration
(SNR) given in dB, was applied to the outputs of the system that are determined
directly from U. Figure 5 provides the results for the turbine generator system when
both direct and indirect passivity approaches applied as well as with and without
noises.

5. Conclusion

In this chapter the problem of determining eigenvalues, and thereby determining
stability, for interconnected and multi-agent dynamic systems is investigated. To
overcome challenges posed by system size, complexity, topology changes, and
incomplete information about subsystems, scalable, data driven estimation and
machine learning algorithms are proposed. First, two distributed algorithms capable
of estimating all the eigenvalues of multi-agent cooperative systems and/or large-scale
interconnected systems, including dominant eigenvalues, was proposed. Additionally,
the input-output stability of subsystems is investigated and the extension of eigen-
analysis is made to study passivity constraints using system matrices or purely input
output data. This analysis was further advanced by leveraging machine learning
algorithms to learn the passivity properties without prior knowledge of the system
dynamics. The effectiveness of the proposed algorithms was demonstrated through
numerical examples. The work presented in this chapter contributes to laying a more
concrete foundation for scalable stability analysis, enabling the use of data-driven and
machine learning algorithms in complex interconnected systems.

Open source code availability

The repository containing the implemented algorithms presented in this chapter
can be acquired at https://forms.gle/z3T75SRMRrWM7GS{b9.
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A. Appendix

The gradient descent algorithm to determine the passivity index, as well as the
derivation for the optimal step size of the indirect approach is provided.

A.1 Gradient descent for passivity

To minimize the optimization functions (58), we employ the well-known strategy
of gradient descent. This method involves iteratively updating U by moving in the
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direction opposite to the gradient of the function f at each step, thereby approaching
the minimum of f. Specifically. the passivity gradient descent approach is provided in
Algorithm 3 where an input U is chosen initially, then for k iterations, various pro-
jections of the input are passed to the system to calculate f (U), its gradient Vf (U),
and the optimal stepsize 5. At the end of each iteration, Vf (U), and § are used to
update the input U by Eq. (60).

A.2 Optimal Stepsize 6
To increase the rate of convergence of estimation, the stepsize 5% can be updated

each iteration. Let f, where z € [¢, p] be generalized to f, then the optimal step size is
given by

69 = argminf (U® — 6 vf (UW)). (64)

Algorithm 3 Passivity Gradient Descent

1: Choose an initial control input U(® ¢ R*N
2:fork Kdo

3: Simulate to get ng), ng) ,and ng), under inputs U®, pU® and PY(lk)
4:  if pisgiven then
5 Calculate e* f (U*)
6: Calculate Vf( By = yf® :W_yC(U
7 Simulate to get Yik), gk), and Yék) under input Vf®, Pvf® and PY&k)
8 Calculate the step size 5k by Eq. (67) with
(UE) (v + Py —ppr)  —(U®) (v + Py - ppr )

M1 =
k T k
~(vrt ) (Y + Py —ppy ) (V) (v 4Py - ppr)
(U<k>)TU<k> _(Uue)) v
M, =
,(Vfge))TU(k) (vf§k>)va§k)
9: Update U*) = g — 50)yf®)
10:  elseif ¢ is given then
11: Calculate p®) = f (U*)
12: Calculate Vf ,(U®) = Vf %ﬁcw -2,(U) Y}/—;l
13: Simulate to get Y, YS ,and Y under input fo}k), PVfg€> and PYY
14: Calculate the step size 5% by Eq. (67) with
(UE) (v + Pyl —eu®) ()" (v + Y - evr)
= T
(! ’”) (v Py —ecu®)  (vrl) (Y8 + Py —evel))
U*™)'pys;  —(U%) Py,
= T T
7(vfgk>) PY; (Vf;’”) PYs
. (+1) — k) _ 5k)yek)
15: Update U =U Y
16:  endif
17: Run simulation to get Y ®+ ynder input U*+Y
18: end for
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It follows from Eq. (59) that

[1 8]Mi[1 §]"  Migs +2Mi 108 + My 8
f U~ 5%f(0) = = Mo £ 20 H M)
[1 S]M,[1 §] 2,11 + 2Mp126 + M) 226
and that

1 2

5 (M1 4+ 2M5 128 + M) 67) %

= (My112Ma11 — M2 12M111) + (M1,20Ma 11 — M2 29Mi11)6 (66)

+(M1,22Ma 17 — My 52Mi 12)8°

204+ b6+ ad?,

from which optimal value 6* can be solved by setting the above expression equal
to zero. That is,

5 (67)

. —bEVb’—4dac
- 20

in which the (smaller) positive solution should be chosen.
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Chapter 7

Multivariate Linear Model for Data
Analysis and Machine Learning and
the Theory and Practice of
Eigenvalues in Mitigating
Multicollinearity

Tor A. Kwembe

Abstract

The chapter introduces a multivariate high dimensional linear model for large
dataset analytics and machine learning and the mathematical derivation of its param-
eters. We covered regression techniques and analysis for multidimensional datasets,
mitigating multicollinearity, and dimension reduction techniques and the decision
tree classifier method that is applied to Machine Learning and Artificial Intelligence.
We further explained collinearity and multicollinearity in a matrix perspective
approach and mitigation methods to improve machine learning and data analytics
algorithms and techniques. We demonstrated with proofs that when an eigenvalue of
a dataset is zero or very near zero, collinearity or multicollinearity exists among the
features of the dataset. We also showed that Principal Component Analysis (PCA) is a
method for mitigating multicollinearity among a list of several other methods. The
chapter covers the Principal Component Analysis (PCA) method for high dimension
data reduction and feature selection in detail, and introduced an example of its
applications to a network intrusion detection system data to illustrate the theory and
practice of eigenvalues and eigenvectors in modern engineering.

Keywords: data analysis, multivariate linear models, machine learning, eigenvalues
and eigenvectors, mitigating multicollinearity, principal component analysis, network
intrusion

1. Introduction

In these notes, we have introduced a multivariate linear model for large data
analytics and supervised machine learning and illustrate the role eigenvalues play in
identifying and mitigating multicollinearity. Multivariate or high dimensional datasets
are common in the era of big data analytics and electronic data storage. Multivariate
data present many challenges for statistical visualization, analysis, and modeling
[1-3]. The inherent difficulties in multivariate linear models for predictive data
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analytics and regression are that of visualizing data that has many variables and the
existence of multicollinearity in machine learning algorithms and regression analysis.
Because of these challenges, multivariate data analytics and machine learning methods
often begin with some type of dimension simplification and reduction to approximate
data in lower dimensional space. Principal component analysis (PCA) method is a
rigorous computational method for dataset dimension simplification and reduction. It
is a statistical technique that has profound applications in many real-world modern
engineering fields such as face recognition, image compression, network intrusion
detection systems, cybersecurity, and is a common technique for gaining insights into
patterns in high dimension datasets. In general, the PCA method generates new set of
features or variables, called principal components ordered according to the size of the
eigenvalues of the normalized matrix of objects and features. Each principal compo-
nent can be expressed as a linear combination of the original features or variables.
They are orthogonal to each other or orthonormal in the case of a normalized matrix
of objects and features, so there is no redundant information. They form an orthogo-
nal/orthonormal basis for the space of the data.

In Section 2, we presented a generalized multivariate/high-dimensional linear
model that is common for data analytics and supervised machine learning algorithms.
We have given a step-by-step method of optimizing the model parameters using the
method of Ordinary Least Squares (OLS) estimate which is known to be unbiased. We
identify in the model why collinearity may exist and the methods for identifying
multicollinearity, visually and analytically. In Section 3, we considered the matrix
form of the high dimensional linear model and stated conditions for the existence of
multicollinearity in terms of the eigenvalues of the covariance matrix of the objects
and features of the dataset. In Section 4, we used the methods of eigenvalues and
eigenvectors in Section 3 to illustrate the Principal Component Analysis method of
mitigating multicollinearity in high dimension datasets. In Section 5, we show how to
use Principal Components Analysis to fit a multilinear linear regression in Network
intrusion detection systems using the high-dimensional CICIDS2017 network intru-
sion dataset which contains benign and the current and frequently occurring cyber-
attacks with multicollinear features [4]. In this chapter, we have only used the PCA
method for mitigating multicollinearity and high dimension data reduction rather
than the OLS driven methods of Ridge, LASSO, and the generalized ELASTIC Net.

2. Multivariate linear models for data analysis and machine learning

In this section, we will introduce a higher dimensional linear model of features of a
dataset of the form

y=Xp+¢, (1)

where.

Y
y= (yl,yz, ,yn)T = | , X = (Xo,X1,X2, ..., Xp) is a vector whose compo-

In

1
nents are the column vectors of features/variables and the constant X = l : ] ,and
1

Xi = (%165 X2,05 oo »Xni )T,i =1,2, ..., P, are the features in a given dataset and §, the
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.. . . Po
coefficients/parameters to be determined are given as p = (8, f1, 5> - Bp) = l : ] ,
Pp
and &, the residuals or errors vector is given as € = (&1, &, ..., en)T. Thus, X is a cleaned

dataset in matrix form given as:

1 x11 X102 .. X1p
X=|: : Do 2)

1 Xn,l Xn2 ™ Xp,P

So, (1) can also be written in expanded form of a system of linear equations as
follows:

Y1 = PotPxi1+ X2+ . +Ppxip+ e
Yo = Pothixa1+ Ppxao+ o + fpx1ipt &2 3)
Y., = Bo + Prxni + PoXnp + ... + PpXup + &
From (1), the error or the residual is given by
e=y—Xp (4)
From which the mean squared error is given by
1 T
MSE = o (y — Xﬁ) (y — Xﬁ) (5)

Next, we employ the method of Ordinary Least Squares (OLS) to optimized (5)
with respect to p. The alternative to the OLS estimate is the Feasible Generalized Least
Squares Estimate treated in [5]. However, the OLS estimates are unbiased and consis-
tent and make a standard error correction for efficiency. We do this by first taking the
derivative of MSE with respect to f and then setting the result to zero to solve for the
estimated values of the parameters and we denote the vector of the determined

estimates as beta hat, ﬁ, and is given by

p = (X'X) 'XTy, (6)
bo
where f is defined as p = | /1 | . So, the predicted values y is given as
o
y=Xp )

If we now substitute (6) into (7), then we have the predictive model as

y = X(X"X) 'Ky (8)
If we let the coefficient of the vector y be denoted by H and defined as:

H = X(X"X) X" ©)
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Then, Eq. (8) becomes the linear equation
y =Hy (10)

where H is a square matrix that depends on the data values of the features only and
not the response variable y and its predictive variable y, see [1-3]. H is generally
referred to as the hat matrix or the influence matrix. It is symmetric and Idempotent.
That is, H? = H.

In this presentation, X;, X,, ..., Xp are the P explanatory variables or features of a
cleaned dataset with no particular assumptions about their statistical distribution.
However, in the utilization of the method of Ordinary Least Squares in optimizing the
f values given in (6) assumptions on the conditional expectations of the residuals,
variance and covariance with respect to the data values X are made. That is, the noise
variable € has the following properties:

E[¢|X] = 0; Var[g[X] = o1, that is, that the variance remains constant; and that the
covariance of the residuals is zero. That is, Cov [g;, &] = 0 if i # j. We have further
made the following assumptions that the noise or residuals has a joint Gaussian
multivariate distribution MVN (0, 6°I) independently of X and that the response
variable y is y|X ~ MVN (X8, 6°I). We assume further that g, = E ly|X = 0] and that
eachX;;7=1, 2, ..., P, makes a separate contribution to the expected response and
they add up without interactions. That is, the contributions the features or explana-
tory variables makes are linear. Consequently, the rate of change of E[y] with respect

of X;, keeping X; constant when i # j, is defined as ; = ‘ZE—)P') regardless of the point
where X; originates and without mixed terms XiXj. Thus, from these assumptions, we
see immediately that E [mX} = PB. Hence, the Least Squares Estimates of the general-

ized linear model of (1)’s coefficients are conditionally unbiased regardless of the
number of features (explanatory variables), P. The conditional variance of the esti-
mate of parameters is given as:

P o’ 1y T\ 1
Vm{ﬁ\X} =% (1X"X) (11)

From the fitted line given in (10), conditions exist for which this line is either
unattainable or results in inaccurate predictions. Conditions such as the existence of
collinearity among features or explanatory variables in a dataset. Collinearity involves
two or more explanatory variables or features having parallel information. We will
deduce here that this definition is similar to the mathematical concepts of linear
dependency or linear independency. In model (1) we considered P features but let us
instead consider a dataset consisting of the features {X;, X, ..., X,}, wherenisa
positive integer. Then, suppose that we are able to find real numbers oy, oy, ..., 0y,
such that the following equation holds:

X+ 00Xy + .. oy X, =0 (12)

If Eq. (12) is true only when all the o;s; i = 1, 2, ..., n, are all zero, then X;, Xy, ...,
X,, are said to be linearly independent. That is, we cannot express any of the X;’s in
terms of one another. That is, X; # fXj;i # j; p is a real number. On the other hand, if
Eq. (12) is true but not all the o;s are zero, then X, Xy, ..., X, are said to be linearly
dependent or collinear.
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So, why is collinearity a problem? We will explain this by considering the linear
model in (1) where By is zero. That is the hat matrix in the fitted model (10) is now of

the form H = X(XTX) 71XT, where

X1,1 %12 e X1y
X = | %21 X2 . X2p
Xn1  Xn2 o XnP

From this and (11), we can immediately see that the problems lies with inverse

matrix (X"X) . We note from linear algebra that by definition:

1 Adj(XTX)

(x7x) "= det(X"X)

(13)

From Linear Algebra, we also know that the inverse in (13) or (11) does not exist
when the determinant det ((X”X)) of the matrix (X" X) is zero. That is, when the
rows or columns of (X"X) are collinear. When this happens, the data projector H - hat
matrix is undefined. This is why collinearity is a problem for linear regression models
given in (1). Collinearity in a dataset can be identified by visual graphics of scatter
plots or by examining the covariance of the features. In general, if

i. n-the number of observations is less than (P + 1), The number of features plus
one, we have the case of rank deficiency and hence collinearity exists.

ii. If two of the explanatory or feature variables are proportional to each other,
the data is collinear.

iii. If one of the explanatory variables is constant, the dataset is collinear, and

iv. If two of the explanatory variables (features) are otherwise linearly related,
the dataset is collinear. In this case, the response variable y; = 0 for each i.
That is, the model can be rewritten as

p
Po+ ZﬂJXJ =0.
=

Conditions (i) — (iv) all amount to saying that det [X™TX] = 0.

We further explained collinearity and multicollinearity in matrix perspective and
mitigation methods to improve machine learning and data analytics algorithms and
techniques in terms of eigenvalues and eigenvectors. There by demonstrating the
importance of eigenvalues and eigenvectors in modern engineering.

3. Matrix perspective on multicollinearity

Multicollinearity or serial collinearity as used in time series analysis [1-3] implies by
definition, as given in Section 2 above, that given Xj, X,, ..., Xp features, where Pis a
positive integer, there exists constants ag, aj, a, ..., ap, not all zero such that

131



Bridging Eigenvalue Theory and Practice — Applications in Modern Engineering

P
X1+ X+ .+ 23X, = aX; =ag (14)
i=1

In the matrix form, if we let

T X
and X = (X1,X5, ... Xp) = | : |, (15)
Xp

then, multicollinearity implies that

a'X =ap;a # [O] (16)

0
Taking the variance of both sides of (16), we see that
Var[a"X] = Var[ag] = 0. (17)
Conversely, if Var[a™X] = 0, then a™X must be equal to some constant, say,

ao. Hence, multicollinearity is equivalent to the existence of a nonzero vector a
such that

Var[a'X]| =0 (18)

From (18), we note that.
P P P
Var[aTX] = Var {Z aiX,} =Y > aajCov[X;,X;| = a”Var[X]a. We, therefore
i=1 i=1j=1
have that

Var [aTX] = a'Var[Xa (19)

We, therefore, say that multicollinearity implies that the equation

)

The Linear Algebra connection is as follows:
We note that Var[X] is a P x P square matrix. It is symmetric and positive definite
which implies that

a'Var[XJa=0 (20)

has a solution a #

aTVar[X]a>0

By definition, we know that a matrix B is said to be positive definite, if there exists
a matrix C such that

CTBC>0or CBCT >0

Therefore, we have from (14) that
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a'Var[X]a = Var

P
Zﬂ,‘X,"| >0.
i=1

Since, Var[X] is a P x P symmetric positive definite square matrix, there exists P,
(P + 1) (with the constant coefficient included in the model) vectors Vy, V5, ..., Vp,
the Eigenvectors of Var[X] such that

Var[X]Vi = Kivi, (21)

where ); are the Eigenvalues of the matrix Var[X] corresponding to the Eigenvec-
tors V;, giveni = 1, 2, ..., P. By the symmetric nature of Var[X], the eigenvalues are
non-negative and ordered. That is, 41 <4, < ... <Ap with multiplicity g <P permitted.
That is, the characteristics polynomial f(A) = bpAf + bp.1) AP l. L+ bya% + byA + by,
where by, bs, ..., bp are constants, can be factored as:

bpA’ +bp_1) AT+ ... + baA? + b1k + b = (A1) (AA(grn)) . (ADp).  (22)

Thus, given a clean dataset of features X, we want to find the eigenvalues and
corresponding eigenvectors of the matrix Var[X] of the variance of X. In order to do
this, we shall review some elementary concepts of Linear Algebra. In Linear Algebra,
we solve the system of linear egs.

AV = AV by reducing it to a homogeneous system of linear equations:

AV -V = 0 or equivalently

(A-A) V = 0, (23)

0
where I, is the identity matrix of the same size with A. Clearly, V = [ : 1 , if the
0

matrix A — Al is not identically zero. So, for any non-zero solutions, linear algebra says
that

det (A-AI) = 0. (24)

Where det (A - AI) is the determinant of the matrix A — Al Eq. (24) is a constant
coefficient polynomial equation of degree P in A. That is,

bpA? +bp_1) A¥ T+ ... + DA% + b1k + b = 0. (25)

Let us review some elementary examples of computing eigenvalues and

1

eigenfunctions of square definite matrices. If A = { o

(2)} , for example, then A — I =

[17A 0

0 272} and so.

det (A-AI) = det ({15’1 zgzD = 4> — 31+ 2, a polynomial of degree 2. The eigen-
values are determined by solving the equations A — 31 4 2 = 0. Which gives the
values of A as A = 1, 2. They are all positive and ordered in the sense that 1 < 2. That is,
1=21 < Az = 2. In the second example, we see the case of repeated or multiple

1 2

eigenvalues if we let the matrix A this time to be A = { o 1

} . In this case, we see that
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Al = [16’1 13 J and det (A-AI) = (1-2)”. Therefore, we see that if Aisa P x P

matrix and has q repeated eigenvalues, then P — q are non-repeated factors and

det (A-M) = bg (A-2q)? (A-A(qs1)) - (A=Ap)-

Next, we demonstrate some simple examples for computing eigenvectors
corresponding to eigenvalues of a square symmetric positive definite matrix. We will

1 0
0 2

A =1, 2. Therefore, we need to solve Eq. (23).

first consider the case of A = [ } , where the eigenvalues were computed to be
(A-AI) V=0 by letting V = L"}j , where v; and v, are the components of the
column vector V. So, for A = 1, with the given matrix A, Eq. (23) becomes on

substitution: ([(1) (2)] -1 [(1) gD {Zﬂ = [8} . The general solution of which is

V=u [(1)} ;01 # 0. So [(1)] is the eigenvector corresponding to the eigenvalue A = 1. So,

A = 1is associated with the feature [H , a principal component. For the eigenvalue

K:Z,wehaveA—ZI:({(l) g}—Z[é ﬂ):{:)l g}.Therefore,from(B),we

solve the system of homogeneous equations [Bl g} {Zj = [8] to get the general

solution as V = v, [ﬂ ;02 # 0 and the eigenvector corresponding to the eigenvalue

A=2asV = [H . So, A = 2 is associated with the feature [H , a second principal
component. The dataset information held by each feature is proportional to the total-
ity of the eigenvalues. Thus, 1 = 135 of the information is retained by the eigenvector

{H , and % = 725 is held by the eigenvector [ﬂ . This is the principle behind the

method of Principal Component Analysis (PCA) for high dimensional data reduction
or feature selection. We will present this method in the section on the Principal
Component Analysis. In the PCA method, the eigenvectors are used to scale the data
axes. We note that, the eigenvectors are orthogonal to each other. That is, their dot

product is zero. From the calculations above, we saw that V; = [(1)} and V,; = [ﬂ and

a straight forward computation gives that V; - V, = [g} .

The eigenvectors V;’s are selected such that they are normalized (i.e., ||V;|| = 1)
and are orthogonal to each other.
That is that

In the above examples, we have that V; = {H and V, = {ﬂ So, we immediately

0
1,since 1 = 1. Clearly, V4T - V4 = ||V4]|* = 1. Which implies that || V4]| = 1. These are

normalized, since we only took the principal components (v; =1, and v, = 0 in [zl } ).
2

see that V4T -V, = [1 0}[(1)} = 0,since1#2,and V47 - V; = [1 0]{1} =
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Next, since the eigenvectors span the vector space, any vector can be written as the
sum of eigenvectors. That is, for any vector a, we have that

P
a= Z(aTV,-)Vi (26)

i=1

So, Var[X] can be expressed as Var[X] = VDVT or D = VIVar[X]V, where V is the
matrix whose ith column is eigenvector V; of the matrix Var[X]. So, VT is the matrix
where V; is the ith row, and D is a diagonal matrix whose entries are the eigenvalues
}\41, }\.2, ey 7\13.

Let us suppose that one or more of the eigenvalues are zero. This implies that if A;,
A2, ... Ag; q < P are positive eigenvalues, then A(q . 1), A(q + 2)> ---» Ap can be all zero. It
follows then that the corresponding eigenvectors V(q . 1y, V(q + 2)» -.» Vp, all give a
linear combination of the features X;. In this context, a sufficient condition for the
existence of multicollinearity in a dataset of features is that the Var[X] have zero
eigenvalues. Since, det (Var[X]) = A1. 2. A3 ... Ap.

1
0

M =1and X, = 2 and its determinant det(A) = 2, so it is easy to see that det (A) = A;.
A2 = 1.2 = 2. This is also referred to as the spectral condition or decomposition (Note,
that in some literature, eigenvalues are also referred to as spectral values).

On the converse, we suppose that a' Var[X]a = 0, and a is not a zero vector.

The matrix X of explanatory variables or features of a dataset are multicollinear if
and only if the Var[X] has zero eigenvalues. Every multicollinear combination of the
explanatory variables or features is either an eigenvector of Var[X] with zero eigen-
value or a linear combination of such eigenvectors.

These principles are applied in the high dimension data reduction method
called the Principal Component Analysis (PCA) and in the Linear Discriminant
Analysis for data classification methods. We summarize this section by saying that
the eigenvectors of Var[X] retains the information contained in X proportional to the
size of the eigenvalues. That is, the proportion of the eigenvalue A; of all the eigen-

ﬁ, see [2, 3]. So, the larger the eigenvalue,
j=11

the more information is retained by its corresponding eigenvector. Also,
collinearity or multicollinearity exists when an eigenvalue of Var[X] is zero or very
near to zero.

From the above examples, we saw that the matrix A = [ g} has eigenvalues

values of the matrix A is given as:

4. Principal component analysis

In this section, we use the methods of eigenvalues and eigenvectors of Section 3 to
illustrate the methods of mitigating multicollinearity in high dimension datasets. The
inherent difficulties in multivariate linear models for predictive data analysis, regres-
sion, and machine learning algorithms are that of visualizing data that has many features
or variables and the existence of multicollinearity. Because of these challenges, multi-
variate data analytics and machine learning methods often begin with some type of
dimension simplification and reduction to approximate data in lower dimensional space.
Principal component analysis by definition is a rigorous computational method for
gaining deeper insights into data and transforming data into lower dimensions to high-
light similarities and differences in patterns that may exist. Patterns in data can be hard
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to identify if the data is of high dimension and visualization tools are not readily
available, then the PCA method becomes a very useful tool for analyzing such datasets.
In this section, we will go through the steps of performing PCA of cleaned dataset and
provide justification of how it works and the role of eigenvalues and eigenvectors.

As we will demonstrate in the section, PCA is a technique that uses the underlying
linear algebra principles of Section 3 above to transform a number of correlated or
uncorrelated features or variables into smaller number of features called principal
components which are ordered according to the size of the eigenvalues of the covari-
ance matrix of the normalized matrix of objects and features of the dataset. This was
the original ideas in the PCA method discovered independently by Pearson [3] and
Hotelling [6] as a method for describing the variation of a set of multidimensional data
in terms of a set of uncorrelated variables in which, each is a linear combination of the
original variables [7, 8]. We will show how the variance Var[X] given in (26) of
Section 3 and the covariance of the normalized matrix of the objects and features of a
dataset are connected with the Singular Value Decomposition (SVD) of data used in
PCA applications. Note that normalization of the data is not necessary but must be
done if the SVD implementation is to be applied.

This then takes us into the method for implementing PCA with an actual dataset.
This demonstration will enable us to see the close connection between PCA and SVD
theory of linear algebra. The goal of this section and of the chapter is to explain the
eigenvalues and eigenvector theory and practice in the PCA method, and in the
following Section 5, provide an example of the use of PCA in mitigating multicol-
linearity and data dimension reduction in developing a Network Intrusion Detection
algorithm for machine learning with the CICIDS2017 network intrusion dataset
acquired from the Canadian Institute of Cybersecurity [4].

PCA is applied to a P-dimensional dataset X using the following steps:

i. Determine the normalized P-dimensional dataset’s Covariance matrix.
Standardizing the feature dataset is not required as proven in the derivation
below, but it is useful because most changes of scale are linear
transformations of the data that will share the same set of standardized data
values [3, 6, 9].

ii. Determine the Covariance matrix’s eigenvalues and eigenvectors

iii. Sort the eigenvalues in decreasing order

iv. Select the k eigenvectors corresponding to the k largest eigenvalues, where k
is the new feature’s subspace dimension. Note that the closer eigenvalue is to
zero, the possibility that collinearity exists. By eliminating the eigenvectors
corresponding to the eigenvalues closer to zero, leaves the features that have
higher contribution to the dataset’s best performance.

v. Next, construct the projection matrix from the k eigenvectors you have
selected.

vi. Finally, we create a new k-dimensional X feature space by transforming the
original X dataset.

The pseudocode for computing the PCA with only the covariance of the data set is
as follows:
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Clean the Dataset X
n

Compute the dot product matrix: X™X = 3(X; — pu)(X; — y)T

i=1
Eigenvalues of: X TX = vDVT
Compute Eigenvectors: U = XVDT
Save the selected number of principal components: Up = {u1,us, ..., up}
Compute P features: Y = XUp

Since the CICIDS2017 network intrusion dataset we will be used in Section 5
to implement the PCA method has 79 features and 692,702 objects, so our dataset
X of Section 3 is now 692,702 x 79 matrix of objects and features. So, we shall let
X = (X4, X5, X3, ..., X5), where n = 79 and X is as in Section 2,
Xi = (X1,is X205 wer s X i )T,i =1,2, ...,79, be the column vectors of X. We, therefore,
want to transform this matrix, X into another matrix, say Y of the same dimension
692,702 x 79 as X. So, we seek some projector matrix, say P, of dimension 79 x 79 such
that,

Y =XP (27)

In the theory of linear algebra, Eq. (27) is a change of basis equation. So, if we let
P,, P,, ..., P9 be the row vectors of P, then we have

X1 XoPr .. XuPr
XP = (X1P,XoP, ..., X, P) = | X2 %P2 Xuba | _y (28)
X1P;9  XoPr9 .. XwPro

where P;.X; is the standard Euclidean inner (dot) product and m = 692,702. Thus, the
original data X is projected onto the row vector of P. Hence, the columns of P, (P, Py, ...,
P,o) are the new basis for representing the rows of X. The columns of P, will become the
Principal Component directions. We seek the principal components to be independent
and in Section 3, we defined independence in terms of the variance of the original data X.
Thus, the Principal Component tries to uncorrelated the original data X by seeking the
directions in which the variance is maximized and use them to define the new basis. The
statistical definition of a random variable, say, X with a mean, say ), is defined as

o’x =E [(X - ;7)2} (29)

If we let the centered data be denoted by a vector, say, r = X;—n foreachi =1, 2, 3,
..., 0. Then, the mean of the centered datar = (rq, 15, ..., ) is zero and its variance is
given by
T
r
o =— (30)
n
Ift = (t3, to, ..., t,) is another set of measurements with zero mean, then we can
generalize the variance idea in (29) and (30) to get the covariance between r and t.
Covariance as we defined in Section 3 and statistically, is a measure of how
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much two features or variables change together. Thus, variance is a special case

of covariance when r is identical with t. If the data is a sample of a sample, we
divide in (30) by (n — 1) rather than n. Thus, statistically, we define the covariance
of rand tas:

Ot = (31)

If we now let X be given as in Section 3 as:

X1,1 X122 e X1
X = | %21 X2 . X2p (32)
Xn1  Xn2 o XnP

where X;, 7 = 1,2, ..., P are the column vectors of (32), then each of the vectors
contain all the samples for a particular variable. In this case, we clearly see that X; is a
column vector of the P samples for the ith feature or variable. Thus, the covariance of
X denoted by Cov[X] is the matrix product

XXT 1 X1X,T X' . XXpT
X7 XX L XoXpT PxP
Cov[X] = ~— = ——— | 0 - I eR (33)
xpXiT XpX,T L XpXpT

A closed look at the entries in (33) shows that we have computed all the possible
covariance pairings between the P-features of variables with the main diagonal entries
as the variance of the features and the off-diagonal entries as the covariances. This
matrix is called the Covariance Matrix.

Next, we compute the covariance of the matrix Y in the reduced space. That is,
from (27), we compute

YTy xp)T(xp) PTXTxP
CovlY] :n—1:( n)—(l ): n—1

(34)

Let us now let S = X'X, then we see that Sis P x P square symmetric matrix, since
from sections 2 and 3, we saw that (X™X)T = XTX. With S, (34) can be rewritten as:

T
Cov]Y] = 5_51; : (35)

But, we know from linear algebra that, every square symmetric matrix is diago-
nalizable with orthonormal or orthogonal matrix. That is, we can find a P x P ortho-
normal matrix V such that VTV = I, where I is the identity matrix of size V,and a P x
P diagonal matrix D and

S=vVDVT (36)

We know from linear algebra that, the columns of V are the orthonormal eigen-
vectors of the matrix S, and D is a diagonal matrix whose diagonal entries are the
eigenvalues of the matrix S.

One of the conditions, we saw in Section 3, for the existence of collinearity or
multi-collinearity is rank deficiency. That is, if the number of observations are less
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than the number of features. Under ideal situations, the rank of S is the number of its
orthonormal eigenvectors. If S turns out rank deficient, then one method of mitigation
is to complete the rank by generating arbitrary orthonormal vectors to fill the
remaining columns of S.

This is why we make the mitigation choice for the transformation or projector
matrix, P by letting the columns of P be the eigenvectors of S, so that, P = V. On letting
P = V in (35), the derived expression for the covariance matrix Cov[Y], we have:

vivDVvTv
CovlY] =— ——

Since, V is an orthonormal matrix, V'V = I, where I is the P x P identity matrix.
Therefore, for this choice of the projector matrix P, the covariance of the vectors in
the new space of features is given as:

D
n—1"

Cov]Y] = (37)

From the computed variances, which are the eigenvalues, we see that the largest
variance corresponds to the first Principal Component (PC), the second largest corre-
sponds to the second Principal Component, and so on in the descending order to the
very least of the eigenvalues. The information retained by a principal component is
proportional to the size of the eigenvalue. Hence, the standard metric for weighing the
amount of the information retained by any given PC is the proportion of total variance
that it is responsible for. That is, the ratio of its eigenvalue to the total variance given
by the formula:

Pi,l:1,2, ...,P (38)

The derivation given here has validated the six steps given above for computing
the PCA of a given numerical dataset and a method for organizing the data. That is,
we first normalize the dataset and then obtain the covariance and compute its
eigenvalues and eigenvectors. Then, sort the eigenvalues in descending order and then
obtain the diagonal matrix D by placing the eigenvalues in the descending order
diagonally from top left down to the right bottom. Then, we construct the orthonor-
mal matrix, P by putting the corresponding eigenvectors in the same order as the
eigenvalues to form the columns of P. That is, we placed the eigenvector obtained
with the first and largest eigenvalue in the first column of P, the eigenvector
corresponding to the second largest eigenvalue goes into the second column of P,
and so on.

As noted in [2, 7, 8, 10], many users of the PCA procedure do retain enough
components so as to explain some specified, large percentage of the total variation of
the original variables. The total acceptable ratio in percentage values of the eigen-
values is between 70 and 90% but smaller values are also appropriate as n increases
[2, 10]. As it was done in [7, 8], in using the CICIDS2017 dataset to implement the
PCA method, we will choose the number of components on the basis of a 100% spread
or the Empirical rule of large numbers for a spread of three Z-scores so long as the
number of selected principal components is less than the number of objects or total
recorded network attacks in the dataset.
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5. Application of principal component analysis on CICIDS2017 dataset in
MATLAB®

In this section, we aim to provide an example of the application of the Principal
Components Analysis (PCA) to reducing the dimension of a high dimension dataset in
the engineering of Network intrusion detection systems using the MATLAB® PCA
library function pca [11]. We will use the CICIDS2017 dataset created by the Canadian
Institute for Cybersecurity collected in 2017 [4]. The motivation for this example is to
demonstrate the role of eigenvalues and eigenvectors in reducing the feature space of
a dataset. The use of PCA to model a Network Intrusion Detection System Using
Principal Component Analysis algorithm and Decision Tree Classifier as a supervised
machine learning linear model was proposed in [8] and in the doctoral dissertation of
Oyeyemi Osho in [7] using the CICIDS2017 dataset using the Google Colab develop-
ment environment and Ski-Learn. Various other approaches have also been developed
[12-21]. In this demonstration, we will not implement the pseudocode given in Sec-
tion 4 above in MATLAB® but as a compromise, we will be using the library function
pca which was built on the pseudocode.

We will start with a description of the CICIDS2017 data that is from the Canadian
Institute for Cyber security (CIC) and University of New Brunswick, Canada col-
lected over several months in 2017. The data was collected eight times in December of
2017 but we will only be using the one for D8.csv file.

5.1 The CICIDS2017 dataset

The CICIDS2017 datasets methods of collection and the aim of the Canadian Insti-
tute for Cybersecurity are explained on their website [4]. We will only describe the
content of the Data file D8.csv used in this demonstration. It is a 692,703-by-79 excel
spreadsheet containing benign and the most up-to-date common attacks that accurately
simulate the real-world attacks assembled via packet capture (PCAP). The data include
results from using the CICFlowMeter with labeled flows based on the time stamp,
source, and destination IPs, source and destination ports, protocols and attack. The D8.
csv file has a total of 79 network flow features and 692,703 different attack modes as
objects that was imported in the MATLAB® development environment and further
cleaned to retain 53 features and 692,703 observations-attack modes. The dataset is too
large to display within the script but the file is available on CICIDS website [4].

5.2 PCA of the CICIDS 2017 data D8.csvin MATLAB®

In this demonstration, we will use the MATLAB function pca and its arguments to
compute the principal component coefficients, also known as the loadings for the
cleaned 692,703-by-51 CICIDS2017 dataset matrix will call D8dataset in the MATLAB
code [11]. We will determine the number of components required to explain the
variance of a fixed percentage of the D8dataset, such as 70% or 95%, create a scree
plot of explained variances of the principal components, create a scatter plot of two
principal components, create a biplot of two principal components, find the
Hotelling’s T-Squared statistic for each of the observation (attack mode) in the
reduced D8dataset, and obtain the transformed data. We will implement the
MATLAB full library function

[coeff, score, latent, tsquared, explained] = pca(D8dataset)
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Next, we will relate the code for pca to the algorithms and pseudocode of Section 4.

D8dataset is the input CICIDS2017 data imported into MATLAB Workspace and
stored in the current folder. The data can be cleaned during or after it is imported into
MATLAB workspace and stored in the MATLAB current folder. If it is stored in a
remote drive, you will have to change drive at running time. D8dataset in this exam-
ple is a numeric matrix with 692,703 rows and 51 columns. Each row is an observation
(object) or sample and each column is a feature or variable. Then, the first step of the
PCA sequential steps is that all columns must be zero-centered. That is, the program
must have the statement:

D8dataset(: ,j) = D8dataset(: ,j)-mean(D8dataset(: ,j));

where ‘mean’ is another one of the many MATLAB library functions, in this case to
calculate the mean of column 4’ of the numeric matrix D8dataset.

The MATLAB library function pca code will automatically zero-centered and uses
the Singular Value Decomposition (SVD) algorithm for fast computing power. How-
ever, any reconstructed output will not match. As recommended in Section 4, we will
next standardize or normalize the D8dataset by scaling the variance of columns to 1
and mean zero by converting D8dataset to Z-scores as follows:

[coeff, score, latent, tsquared, explained] = pca(zscore(D8dataset));

The expressions in the square bracket on the left side of ‘pca’ are variables holding
the output returned by the MATLAB ‘pca’ function. We will now explain each of them
and the data they are holding, but you are free to change them to any expression of
your liking that does not alter their content.

coeff: - Is a matrix code variable that holds the Principal Component Coefficients,
also known as ‘loads’ of the 692,703-by-51 dataset numeric matrix D8dataset com-
puted by the MATLAB function pca. It is orthonormal and each column is a right
singular vector of D8dataset. It is the matrix V in the SVD of X in sections 3 and 4.
Each column of the coefficient matrix coeff contains the coefficients for one principal
component. These columns are sorted in descending order of importance of the
principal component variance (eigenvalue) with the first column explaining the most
variance. Coeff is P-by-k numeric matrix where P = size (D8dataset, 2) and k is the
number of eigenvectors corresponding to k- eigenvalues. If you specify the “Named-
Value” ‘Numcomponents’ argument of the pca function, then certain conditions apply
depending on the rank-deficiency of the input numeric matrix. We will not be using
this specification in this example. Note that size is also a MATLAB library function that
calculate the dimension of a given numeric matrix.

score: - Is a code variable that holds the Principal Component scores of the numeric
dataset D8dataset in the reduced features space. It is a n-by-k numeric matrix, where
n = size (D8dataset, 1). The rows of score are observations- cyber-attacks types or
modes, and the columns corresponds to components. Again, if you specify the
“Named-Value” ‘Numcomponents’ argument of the pca function, then certain condi-
tions apply depending on the rank-deficiency of the input numeric matrix. We will
not be using this specification in this example. If a row i, for example in D8dataset
were to be decomposed over the Principal Component vectors, its coefficient is
accessed by calling Score(i,j) as:

D8dataset(i, :) = score(i, 1) * coeff(: , 1) 4 score(i, 2) = coeff(: ,2) + ... + score(i, p) * coeff(: ,p)
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latent: - Is a numeric column vector code variable to hold the Principal Component
variances-eigenvalues. That is, the eigenvalues of the covariance of the Z-Scored
numeric data matrix D8dataset. It is a numeric column matrix of the length the size of
the number of calculated eigenvalues, k. When the number of degrees of freedom
were to be smaller than size(D8dataset,2) then the pca algorithm requires that we
specify in the “Name-Value” argument ‘Economy = true (default)’. In this case, k
equals the number of degrees of freedom. If not then, k equals size(D8dataset,2).

tsquared: - is numeric vector code variable to hold the Hotelling’s T-squared statis-
tic [6, 10]. It is the sum of the standardized scores for each observation-cyber-attack
mode or type for the D8dataset data. It is a numeric column vector of length
size(D8dataset,2). The Hotelling’s T-squared statistic is a measure of the multivariate
distance of each cyber-attack type from the center of the D8dataset dataset. In this
demonstration, we want the Hotelling’s T-squared statistic in the reduced space-the
space projected by the eigenvectors. So, we will use the Mahalanobis distance. The
MATLARB library function for this is ‘mahal’. The call syntax for this as follows:

We first compute T-squared statistic using the MATLAB code:

[coeff, score, latent, tsquared] = pca (zscore(D8dataset,'NumComponents', k, ... );

We then, compute the T-squared statistic in the reduced space by calling into the
program the MATLAB code:

tsqreduced = mahal(score, score); % here tsqreduced is the column numeric vector
holding the Hotelling’s T-squared of the reduced feature space and then take the
difference:

tdifference = tsquared - tsqreduced;

We will use the MATLAB default confidence level of 95% and the degree of
freedom d to be one less the number of rows of the cleaned numeric data D8dataset.
That is, d = i — 1, where i is the number of rows of in D8dataset without missing
information. We will use the Named-Value argument ‘row’,‘complete’ in the library
function pca.

[coeff2, score2, latent, tsquared, explained, mu2] = pca (DSdataset, ... Rows, ’complete’);

explained: - is a numeric column vector program code variable holding the per-
centage of total variance-eigenvalue explained by each principal component-
eigenvector. It is a numeric column vector of length k, the number of eigenvalues of
the zscore(D8dataset). We note here that, If the degrees of freedom were to be
smaller than size(zscore(D8dataset),2) and we specified Economy = true (default) in
the Named-Value argument of pca, then k would have been equal to the number of
degrees of freedom. If not then, k equals size(zscore(D8dataset),2).
explained = latent/(sum(latent)) *100. This is used in deciding the number of Princi-
pal components to keep.

6. The principal component analysis (PCA) workflow in MATLAB

The flow chart below is a MATLAB PCA workflow schema following the step-by-
step procedural algorithm of Section 4 implemented on the CICIDS2017 data denoted
as D8dataset in Figure 1.
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Raw CICIDS2017 Import into MATLAB Remove feature columns
data file D8.csv —» Workspace-Numeric (| and object rows with
Matrix more zeros and save as

[

A4

Convert columns of

comesponcing sigermalues o DS Oz 0o
match features with the it et
eigenvalues in descending order {l
! \ Use the MATLAB eig (D8dataset)
¥ library function to compute the
[coeff2, score2, latent, tsquared, eigenvalues (latent numbers) of
explained, mu2] = pca the numeric data D8dataset
(D8dataset, 'Rows', 'complete’);
; Run [coeff, score, latent,

- tsquared, explained] =
Print out the content of coeff, / pca(D8dataset)

score, latent, tsquared,

explained and interpret results.

Figure 1.
MATLAB PCA workflow schema.

From the results of the pca functions, there are k = 18 non-zero eigenvalues and
eigenvectors covering about100% variance. We are going to choose, the first three
components for visual analysis and plot score(:, 1), score(:,2), ..., score(:,18) on a 18-
dimensional plot to look for clustering along the principal components. If clustering
will occur along the jth principal component, then we will use the loadings coeff(:,j) to
determine which variable explain the clustering.

The MATLAB Script File:
% file name - cpad8dataset

% load D8dataset

X = D8dataset(:,1:53);

% Z-score that data

Y = zscore(X);

% calculate the coefficients of the principal components and store into coeff
coeff = cpa(Y);
Disp(‘coeff = ©); disp(coeff);

% This file is too large to display and insert as content of the chapter

% Now we compute both the coefficients, score, and latent-eigenvalues

[coeff, score, latent] = cpa(Y);

% use the MATLAB ‘disp’ print function to display the results and save for
% insertion in the manuscripts.

% The CICIDS2017 data has a large number of features that are collinear and so it
% cannot be Z-scored. So we must use the D8dataset to find the 53-by-53 numeric
matrix % of coefficients of the principal components coeff.

coeff = pca(D8dataset);

disp(‘coeff = “); disp(coeff);
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% Next use the [coeff, score, latent] output format to compute for the score, and
% the latent
[coeff, score, latent] = pca(D8dataset);
% As can be seen from the latent column vector, there are 18 non-zero eigenvalues
% and 35 zero eigenvectors. Therefore, pca returned score as 692,702-by-53 numeric
% matrix in the space projected by coeff. The file is too large to insert in manuscripts
disp(‘latent = “); disp(latent);
% The full non-zero latent values in descending order outputted to the variable
% latent is
%latent 10"°*(8.6625, 1.2393, 0.8758, 0.5336, 0.2340, 0.0425, 0.0412, 0.0133,
% 0.0101, 0.0087, 0.0048, 0.0027, 0.0020, 0.0015, 0.0008, 0.0002, 0.002, 0.002).
% Next, we calculate the percentage of the explained variance by calling the
% MATLAB function [coeff, score, latent, explained] = cpa(D8dataset) in the
% MATLAB code
[coeff, score,latent,explained] = pca(D8dataset);
disp(‘explained = °); disp(explained);

6.1 The T-squared statistic and percent variability explained by principal
components

The explained column vector for the non-zero eigenvalues of variances displayed
by the MATLAB pca function is:

explained = (80.2355,11.4724, 4.9404,2.1664, 0.3934, 0.3817, 0.1232, 0.0931,
0.0802, 0.0445, 0.0248, 0.0187, 0.0137, 0.0070, 0.0016, 0.0009, 0.0004, 0.0001)

This shows that the first 18 principal components of the features given in the
appendix explain 100% of all variability. So, the dimension of CICIDS D8dataset data
can be reduced from the cleaned 51 features to 18 features. This turns out to be the top
18 on the list in the Appendix Table A1l. The first three components explained
96.6483% of all variability as shown in Appendix Table A2 and the two features in
Appendix Table A1l were removed.

We can now visualize the data representation in the space of the first three princi-
pal component with the MATLAB 3-D library function scatter3 plot using the reduced
score space as:

Scatter3 (score(: , 1), score(: ,2), score(: , 3))
axis equal
xlabel('PC1’)
ylabel('PC2’)
zlabel('PC3')

The 3-D scatter plot produced is given in Figure 2 below.

In Figure 2, we see clearly that the largest variability is along the first principal
component axis (PC1). It is the largest possible variance among all possible choices of
the first axis. We also see that the variability along the PC2 axis is the largest among all
possible remaining choices of the second axis and the PC3 axis has the third largest
variability, which is significantly smaller than the variability along the PC2 axis. We
see from explained vector that, the fourth through eighteenth principal component
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Figure 2.
3-D Scatter Plot of PC1, PC2, and PC3.

axes we do not have to necessary inspect, because they explain only 3.3517% of all
variability in the data which is within the margin of the Hotelling’s T-squared statistic
error [6, 10] of 95% confidence interval.

The Hotelling’s T-squared statistic for all the components is calculated by the
MATLAB pca function and stored in the column vector code variable tsquared of the
modified new line in the MATLAB script file given as:

[coeff, score, latent, tsquared, explained] = pca(Z); %Z is a 692,703 — by
% — 51 cleaned D8dataset to further removed the unwanted features.

Using the MATLAB disp(tsquared) function to print tsquared and affirmed that
PC1, PC2, and PC3 are the dominant components.

6.2 Bi_Plot of the first two principal component PC1 and PC2

We will now create and center the data and store it in the vector code variable
Zcentered with the MATLAB code

Zcentered = score™ coeff

The original CICIDS 2017 D8dataset data is centered by subtracting the column
means from corresponding columns. We now want to visualize both the orthonormal
principal component coefficients for each variable and the principal component scores
for each observation in a single plot. We do this with the MATLAB library function
biplot.

biplot (coeff (:,1:2), scores , score(: ,1:2), 'varlabels , {(V_l’, v 2,v 3, 'v_4’});
Here we will demonstrate with only the first two principal components, Principal
Component 1 and Principal Component 2 and 51 variables in the reduced feature space

explained by the principal components as shown in Figure 3.
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Figure 3.
A 2-D Biplot of PC1 Vs PC2.

All variables are represented in this biplot by a vector, and the direction and length
of the vector indicate how each variable contributes to the two principal components
in the plot. For example, the first principal component, which is on the horizontal
axis, has positive coefficients for the variables in blue lines. Therefore, vectors are
directed into the right half of the plot. The largest coefficient in the first principal
component is the vector, corresponding to the blue line above all blue lines.

The second principal component, which is on the vertical axis, has negative coef-
ficients for the blue lines to the right below the component 1 axis, and positive
coefficient for other variables as shown in Figure 3.

This 2-D biplot also includes a point for each of the 692.703 observations, in red,
with coordinates indicating the score of each observation for the two principal com-
ponents in the plot. Pointing near the left edge of the plot have the lowest scores for
the first principal component. The points are scaled with respect to the maximum
score value and maximum coefficient length, so only their relative locations are
determined from the plot in Figure 3.

6.3 The impact of PCA on classifier performance: Decision tree classifier in
MATLAB for the network intrusion CICIDS2027 dataset

In Section 2, we gave a multivariate linear model of a dataset X in (10) as Y = HY,

where Y is the response variable and H = X (X"X) !XT is the projector matrix called
the hat-matrix. We saw that the sample variable Y, depending on the behavior of

the hat matrix H which depends on whether the covariance matrix of the data
Cov[X] = X"X has an inverse or not, may not be predicted well by Y. This happens
when the inverse of Cov[X] does not exists. If it does not have an inverse then there
are some features of the dataset X that might be collinear. In Section 3, we developed
the theory of eigenvalues and eigenvectors and showed that collinearity or multicol-
linearity exist if the determinant of the Cov[X] is zero and this happens when the
covariance matrix Cov[X] has a zero eigenvalue or near zero eigenvalues. In Section 4,
this information is used to develop the Principal Component Analysis (PCA) algo-
rithm for mitigating collinearity or multicollinearity and retained the explained prin-
cipal components. In this section, we implemented the PCA using its MATLAB library
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Training results Validation Validation Validation  Prediction Training Model
accuracy total cost error rate speed time size
Fine decision tree 97% 18,968 3.0% 710,000 25.9 sec 45 KB
with PCA obs/sec
Fine decision tree 99.7% 2007 0.3% ~200,000 62.652sec 54 KB
without PCA obs/sec
Table 1.

Models training results.

function pca for the Canadian Institute of Cybersecurity CICIDS2017 dataset that has
692,703 observations of six different types of network attacks and 79 features on the
OptiPlex 5090 DELL Intel Core i7 desk top computer in parallel. The PCA retained 18
uncorrelated explained principal components and the dimension of the dataset
reduced to 692,703 — by-53. Our next step is to assess the impact PCA has on data
classification classifiers with the MATLAB Fine Decision Tree Classifier library func-
tion fitctree in the train decision trees Classification Learner App to the accuracy and
speed in training and classifying the different six different Network attacks in the
CICIDS2017 dataset with the PCA dataset and the non-PCA dataset.

We classify the original dataset D8data.csv with the MATLAB Fine Decision Tree
Classifier uncleaned with the 692,703 observations and 78 features and six Response
Classes: BENIGN, DoS GoldenEye, DoS Hulk, DoS Slowhttptest, DoS slowloris, and
Heartbleed using 90% of the data for training and 10% of the data for testing. Then,
the same approach with the reduced principal component data consisting of 692,703
observations and the 18 principal components that covers 99.8% explained variance.
The dataset was also divided into 90% for training and 10% for testing. The percent-
age variance explained was set for greater than or equal to 95%. The training results
are given in Table 1 above.

Both models utilized 623,433 of the 692,703 observations and a test data of 69,270
observations. The Fine Decision Tree Classifier without PCA selected all the 78 Indi-
vidual features to cover the 95% variance while the PCA Fine Decision Tree Classifier
selected 4 of the 18 features within the 95% explained Principal Components variance.
As can be discerned from Table 1, PCA has enhanced the training time, prediction
speed, model size compression of the MATLAB Fine Decision Tree Classifier algo-
rithm and traded off in validation accuracy, total cost and error rate.

7. Conclusions

Our aim in this chapter is to bring to light the role eigenvalues and eigenvectors
theory are put into practical use in the era of modern engineering that increasingly is
dependent on artificial intelligence and machine learning from a data centric perspec-
tive. We hope to have presented it in a way that anybody with a limited knowledge of
mathematics and statistics, particularly in linear algebra will be able to follow. We
showed why multicollinearity is a problem in multivariate linear modeling of complex
data and its mitigation with the Principal Component Analysis method where eigen-
values and eigenvectors are prominently featured. A detailed derivation of the PCA
method and an example of its application with one of the most complex data struc-
tures in Network Intrusion data from the Canadian Institute of Cybersecurity was
presented.
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Appendix
See Table Al.
Features Features Features Features Features
Destination Port Bwd Packet Bwd IAT Mean Down/Up Ratio Idle Min

Length Std

Flow Duration Flow Bytes/s Bwd IAT Std Average Packet Size
Total Fwd Packets Flow Packets/s Bwd IAT Max Avg Fwd Segment Size
Total Backward Packets Flow IAT Mean Bwd IAT Min Avg Bwd Segment Size
Total Length of Fwd Flow IAT Std Fwd Header Fwd Header Length
Packets Length
Total Length of Bwd Flow IAT Max Bwd Header Subflow Fwd Packets
Packets Length
Fwd Packet Length Flow IAT Min Fwd Packets/s Subflow Fwd Bytes
Max
Fwd Packet Length Fwd IAT Total Bwd Packets/s Subflow Bwd Packets
Min
Fwd Packet Length Fwd IAT Mean Min Packet Length ~ Subflow Bwd Bytes
Mean
Fwd Packet Length Std  Fwd IAT Std Max Packet Length Init_Win_bytes_forward
Bwd Packet Length Fwd JIAT Max Packet Length Init_Win_bytes_backward
Max Mean
Bwd Packet Length Fwd IAT Min Packet Length Std ~ act_data_pkt_fwd
Min
Bwd Packet Length Bwd IAT Total Packet Length min_seg_size_forward
Mean Variance

Table A1.

List of reduced data features in the CICIDS 2017 D8.csv dataset.
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See Table A2.
PC Eigenvalue % PC Eigenvalue % Explained
1*10% Explained 1*10%
Destination Port 8.6625 80.2355  Bwd Packet Length 0.0048 0.0248
Max
Flow Duration 1.2393 11.4724  Bwd Packet Length 0.0027 0.0187
Min
Total Fwd Packets 0.8758 4.9404  Bwd Packet Length 0.002 0.0137
Mean
Total Backward 0.5336 21664  Bwd Packet Length 0.0015 0.007
Packets Std
Total Length of Fwd 0.234 0.3934 Flow Bytes/s 0.0008 0.002
Packets
Total Length of Bwd 0.0425 0.3817 Flow Packets/s 0.0002 0.0016
Packets
Fwd Packet Length 0.0412 0.1232 Flow IAT Mean 0.0002 0.0009
Max
Fwd Packet Length 0.0133 0.0931 Flow IAT Std 0.0002 0.0004
Min
Fwd Packet Length 0.0101 0.0802 Flow IAT Max 0.0000 0.0001
Mean
Fwd Packet Length Std 0.0087 0.0445
Table A2.

100% Explained by 18 Principal Components were the top 18 on the list.

A.1 Removed unwanted features

Flow Bytes/s, Flow Packets/s
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Chapter 8

Principal Components and Factor
Models for Space-Time Data of
Remote Sensing

Carlo Grillenzoni

Abstract

Time-lapse videos, created with sequences of remotely-sensed images, are widely
available nowadays; their aim is monitoring land transformations, both as regards
natural events (e.g., floods) and human interventions (e.g., urbanizations). The
corresponding datasets are represented by multidimensional arrays (at least 3-4D)
and their spectral analysis (eigenvalues, eigenvectors, principal components, factor
models) poses several issues. In particular, one may wonder what are the statistically
meaningful operations and what is the treatment of the space-time autocorrelation
(ACR) across pixels. In this article, we develop principal component analysis (PCA,
useful for data reduction and description) and factor autoregressive models (FAR,
suitable for data analysis and forecasting), for 3D data arrays. An extensive applica-
tion, to a real case study of a Google Earth video, is carried out to illustrate and check
the validity of the numerical solutions.

Keywords: autoregressive models, eigenvalues space-time, least squares,
multidimensional arrays, space-time forecasting

1. Introduction

Modern remote sensing technologies, for data acquisition and processing, provide
large amounts of environmental data, with good coverage in space and time. When
such data are in the form of sequences of digital images, properly georeferenced and
equalized, then an entire timelapse video can be constructed. These movies allow
dynamic monitoring and surveillance of earth areas subject to natural events (such as
floods, landslides, and wildfires) and human interventions (such as urbanization,
agriculture, and wars). A classical example is the Google Earth platform which edits
videos from the imagery of LandSat and Copernicus satellites and broadcasts them
through its YouTube channel. Recently, [1] has also implemented an online engine
that enables users to build their videos at a global scale; it is continuously improved as
regards space-time resolution and image quality.

Apart from descriptive and entertaining aspects, timelapse videos are useful for
monitoring and surveillance purposes, to signal land hazards and risks. In this per-
spective, numerical methods for representing the video frames and for obtaining

153 IntechOpen



Bridging Eigenvalue Theory and Practice — Applications in Modern Engineering

meaningful information are crucial. From a statistical viewpoint, the video datasets
are multidimensional (4D) arrays of space-time positive numbers; given their com-
plexity, the application of dimensional reduction techniques, such as principal com-
ponents (PC) and factor analysis, is necessary. Basic algebraic instruments are the
eigenvectors of the covariance matrices and their projection properties in the space.
These techniques are well known for single digital images; e.g., [2] apply PCA to
image compression, [3] to object detection and image segmentation, and [4] to
heterogeneous geodata layer fusion.

Point spatial data have a smaller size than images and allow for a formal treatment
of the temporal component; e.g., [5] uses PC for directional (ridge) clustering of
earthquake epicenters, [6] define a PCA approach in the attribute space that maintains
the data structure in the spatiotemporal domain, and [7] develop space-time PCA
toward functional statistical analysis. Operationally, [8] model networks of environ-
mental stations as a multivariate AR system and use PC for reducing its dimension;
they also study the effect of temporal ACR on PC extraction.

PCA of human videos has been considered in Ref. [9]; given the heterogeneity
of scenes, the main goal is clustering the frames in homogeneous groups for subse-
quent uses (e.g., clip extraction). Liu et al. [10] used a nonlinear version of PCA to
reach a more operational goal of automatic video editing. PCA methods for
semantic video interpretation, to be applied in computer vision and robotics, have
a long history mostly based and supervised classification; see Ref. [11] and
reference therein. They require the construction of large and consistent datasets of
annotated (human pre-classified) frames and sequences. Similarly, [12] using neural
classifiers have tried to forecast video sequences out-of-sample, i.e., beyond the
observed interval. This attempt is computationally demanding as requires the calibra-
tion of complex neural networks, which are over-parameterized models from a statis-
tical viewpoint.

In this paper, we consider timelapse videos of remote sensing data and use princi-
pal components both for synthesis and forecasting. In the time domain, PCs may
resume video frames as long exposure photography, to have an instantaneous view of
the land change. In the space domain, PCs may resume local series and reduce the
dimension of space-time systems, to implement simpler factor models. We show that
the presence of ACR is an issue from the theoretical viewpoint for PC estimation, but
has limited practical effects both on data description and parameter estimates. We
compare the forecasting performance, on out-of-sample frames, of factor AR models
(that may be modeled as univariate time series) and space-time AR models (that are
similar to multivariate systems; see [13].

The paper is organized as follows: Section 2 deals with PCs in the time domain
as a general tool of frame synthesis, compared to the simple arithmetic averaging.
Section 3 discusses PCs in the spatial domain as a tool for building factor models;
here, least squares (LS) estimator and forecasting algorithms are developed.
Throughout, an extended numerical application to the Google Earth video of the
Iquitos city (Peru) in the period 1984-2022 is carried out to illustrate and compare
the methods.

2. Principal component analysis of videos

Remote sensing technologies and digital image processing generate numerical data
on regular lattices. Typical datasets are in the form of 4D arrays of the type
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Y = {Yijlt}, wherei =1,2..n,j = 1,2...m are indices of pixel position (which may be
transformed into latitude and longitude), I = 1,2... k are the spectral bands (k = 3 for
RGB color images), and ¢ = 1,2... T is the index of time (daily, monthly, and annual).
The first approach of dimensional reduction is transforming the spectral bands into a
single indicator, as the grayscale in the visible range, or normalized difference vege-
tation index (NDVI) in the near-infrared channel, to obtain 3D arrays. The resulting
values Yj; are usually autocorrelated (in space and time) and non-stationary (with
spatial and temporal trends).

The PC analysis of classical (2D) data matrices X = {X;;}, with N units and M
variables, N >M > 3, is a technique of dimensional reduction to obtain a few linear
combinations of the columns x; which capture most of the variability and allow
visualization in 1-3D space. A direct application to image processing is to compress a
color picture X = {X;}? in its grayscale version, e.g., [2, 14]. The PCA technique
vectorizes the RGB layers x; = vec(X), builds a nm x 3 matrix X = [x1, %, x3], esti-
mates the first principal component 21 = 3.7 11, and reshapes it as a new image Z;.
The questions now are: How can PCA be applied to a video Y = {¥;}], with T frames,
and what meaningful results may it produce?

Authors in Ref. [4] applied PCA to a 3D matrix with k = 9 geographic layers; the
goal is to improve the GIS overlaying technique based on the arithmetic mean, which
uses uniform weights v; = 1/k. The fundamental step, before applying PCA, is
rescaling the layers in the range [0,1], with the transformation X;;/ max ;; (X;;); the
PCA technique then provides non-uniform weights which enhance the most signifi-
cant layers. Now, even in remote sensing sequences {Y;} there is the goal of spatial
mapping, but with the most ambitious purpose of representing the time-evolution of
the phenomenon in a single frame (as in long-exposure photography). In this context,
there are no problems of data heterogeneity, as the frames belong to the same band;
rather, there is an issue of strong space-time ACR.

The steps for PCA investigation of a video are as follows: transform the initial 4D
dataset in grayscale (frame by frame) or proceed separately on each color band.
Vectorize the resulting 3D array Y = {Y,-jt}, nxmxT,as

Y = [vec(Yy), vec(Y>) ... vec(Y;) ... vec(Y 7)), 1)

obtaining a 2D matrix of size nm x T. Consider its centered (mean zero) version

Vo= (¥-1,®y), y=1,Y/nm, 2)

where 1,,, is a unit vector of length nm. Compute the covariance matrix C (which
is symmetric and positive definite) and perform its spectral factorization

C=Y,Yo/nm, C=VAV, 3)

where V, A, are T x T matrices of eigenvectors and eigenvalues, where the latter
are placed in decreasing order: A, > 411 within A.
Now, the meaningful first PCs of the space-time array Y are given by

%o = Yov1, projection on the first PC axis, (4)

g1 = Yv1/|lv1ll;, weighted average of Y, (5)

155



Bridging Eigenvalue Theory and Practice — Applications in Modern Engineering

where v, is the first eigenvector of the orthogonal matrix V, and ||.||, is the
absolute norm. Finally, the vectors 29, %1 must be reshaped as n x m matrices Z, Z;
and encoded in uint8 format [0,255], to be represented and processed as images.
While Z; provides a weighted average of the frames, the image Z, is more essential
and may detect the major changes of the sequence {Y,}.

An issue in this approach, compared to the classical PCA, is the lack of indepen-
dence of data. The space-time ACR of pixels may induce bias and inefficiency in the
estimates; in particular, in the standard errors of the eigenvector v4, see [15, 16]. As in
regression models, a naive method to improve the statistical properties is to include
“lagged” terms into the system; in the above framework, this means computing the
matrix V in Eq. (3) on the augmented array

V=Y, Vi=vec(Yq), Yi={Yij 1,1} (6)

where the lagged array Y; is integrated with missing terms, e.g., putting the
column Yms1=V1s 1 The resulting matrix (6) has size nm x T(T — 1), and only
the first T elements of v are used for computing the PCA vectors 2,21 in
Egs. (4) and (5).

As in time series, e.g., [8], a substantial reduction of ACR is provided by the space—
time differencing Yiie = (Y,ﬁ —-Yiq J_l,t_l). Since Vit also assume negative values, the
nature of the implied coefficients v, substantially changes, and they may not be
suitable for the original data Y;j. Furthermore, reconstructing the target image Z from
the PCA image = = {g;} of the series Y is difficult and biased. Indeed, this requires
the spatial integration Z;; = Z; 1 1 + z;;, which in turn involves n + m — 1 initial
values Z;1, Zy;; these border values are arbitrary and may distort the entire image Z.

Finally, for point (non-lattice) data, with matrices X; = {xg,}, N X M, equispaced
in time ¢ but irregularly distributed in space with coordinates (z} ) S), [17] and [6] have
considered a PCA approach based on a spatially weighted covariance matrix, as in the
Moran index

R L
W = = — X N — X Wi =
NT & ¢ ! ’ 7 1, sparse,

where W is a N x N contiguity matrix of the points based on the assumption of
interactions (e.g., nearest neighbors). The derivation of the matrix W for lattice data
is possible using geometrical rules of chess moves (e.g., rook, queen, etc.); in the
presence of asymmetry, the positive definiteness of C is preserved by

1

However, apart from the arbitrariness of the contiguity rules, for image data the
building and use of the nm x nm array W is numerically demanding for lattices [18],
even in the lowest resolution case (n,m) = (144, 256).

Anyway, the presence of ACR mostly affects the standard errors and test statistics
of the estimates v; (see [15] p. 299); hence, it may be a minor problem when using the
PCs for image representation and processing. Instead, the mentioned corrections may
introduce significant bias; thus, in the application, we mainly focus on Egs. (4) and
(5) for image synthesis.
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2.1 Application to Google earth video

Google [1] creates timelapse videos based of LandSat and Copernicus satellite
images, which are properly georeferenced and homogenized. The service is global,
locally zoomable, and enables to evaluate how the Earth has changed over the past
40 years (since 1984). A set of high-resolution videos of interesting areas are put on
the YouTube platform and can be downloaded; we consider the Iquitos city in Peru,
located on the banks of Rio Amazonas, see [19]. As a consequence of the periodic
floods, the change of the river bed between 1984 and 2022 is impressive, as well as the
impact on urban growth (see Figure 1).

Given the computational load of the algorithms for a laptop computer with
MATLAB software, we consider a low-resolution video (240p) and an area of about 18
x 22 Km. This yields a data array in black and white of size n = 288, m = 368, T = 39,
which provides N = 4,133,376 observations. The color display is shown in Figure 1;
notice the significant displacement of the river bed during 39 years.

Figure 2 provides the main statistics of the video in grayscale; the time-trends in
Panel 2a show a rough 5-year cycle of the vegetation activity, which may be related to
El Nifio oscillation (ENSO). Panel 2b provides the correlation matrix of Eq. (3): R =
S~Y2CS7? with § = C © I and shows that nearest frames are more correlated. Panel
2c shows the path of the first eigenvectors of Egs. (3) and (6) and differences series y;
the first two are proportional (and coincide when are normalized by 1/|v1]l1),
whereas the third is consistent with the first. This means that ACR has not a great
effect on the estimates of v;. Finally, Panel 2d displays the relative eigenvalues
A /tr(A) in the original and differenced series; it shows that PC1 is more significant on
the original data, where it captures 71% of variability.

Finally, Figure 3 displays in pseudocolor (with the MATLAB default colormap),
the first PCA images from Eqs. (4) and (5). Panel 3a shows Z;, a weighted average of

kd

1994 2004 2014

Figure 1.
Google Earth video [19] of Iquitos (Peru) in the period 1984—2022: (a) Google map 2023; (b) LandSat color
image 2022; (c) Low-resolution decadal frames.
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Figure 2.

Statistics of the Iquitos video [19] in grayscale: (a) Trends of mean (blue) and standard deviation of the frames;

(b) Correlation matrix of Eq. (3); (c) Path of PC1 eigenvectors v,: original data (3) (blue), augmented data matrix
(6) (black), and differenced series y (red); (d) Percent PC eigenvalues of the original and diffevenced (ved) data.

the frames; its equalized version in Panel 3b enhances the land changes over 40 years.
Panel 3¢ shows Zy, the classical PC1; it is more effective in capturing the essential
changes, placed where two basic colors (blue/yellow of forest/other) overlap. Panel 3d
displays the PC1 obtained on the differenced series; it enhances the edges of the
various images. The attempt to reconstruct the original image from the latter has
provided meaningless results.

3. Dynamic factor models for videos

PCA is an explorative and descriptive technique of data analysis, whose numerical
results may sometimes be difficult to interpret, also in image processing. Space-time
ACR may be an issue for PCA estimates, but it is an asset for modeling Y;;; and using
the models for filtering and forecasting. In particular, out-of-sample forecasting of
video frames is an objective test-bench for checking the effectiveness of numerical
methods. In this context, PCA results may be useful for improving the parsimony of
classical regression models, with the application of dynamic factor techniques (e.g.,
[20, 21]) to space-time data.

158



Principal Components and Factor Models for Space-Time Data of Remote Sensing
DOI: http://dx.doi.org/10.5772 /intechopen.1007285

{a) PC1 weighted of Y {b) Equalization of a)

50 50

100 100
150 150
200 200

250 230

50 100 150 200 250 300 350

(c} PC1 of Y-mean(Y)

50
100
150
200 i

250

50 100 150 200 250 300 350 50 100 150 200 250 300 380

Figure 3.
Pseudocolor display of the first PCA images of Eqs. (4), (5): (a) Weighted average Z.; (b) Equalized version of
Z.; (c) Centered image Zo; (d) Result on the differenced series.

3.1 Space-time systems

The space-time autoregressive (STAR) model puts each cell of the 3D array Y in
relation to the contiguous ones, such as Yj; = g(Yiih ,jik,t,l) + ejr, where h, k, 1 =
1,2...p are spatial and temporal lags, p > 0 is the order of the dependence, and ¢;; is an
unpredictable sequence. Under linearity of g(-), the STAR(p) representation can be
denoted as

p_p r 2
Yie=ao+ > OuYinjbet ) D, Z ikl Y i—hj—k—1 + €its @)

h=0 k=0 1=1 h=—pk=—p

where oo = 0 and ¢;; ~ IN(O, ag) is an independent and normal (IN) sequence.
The first part of the model (7), with parameters 6y, has a peculiar nature; it deals with
the simultaneous relationships between the cells, and it is well studied in the (static)
spatial AR literature, e.g., [18]. For reasons of identification and prediction, it has a
triangular structure, so that filterings may proceed from the upper-left corner of every
Y, to the lower-right one in a sequential way.

Despite the simultaneous constraint, the number of parameters M,, of the model
(7) is still large: for small p = 2 it becomes M,, = 59. A way to reduce the parametric
complexity is to aggregate the pixels according to the geometric rules of contiguity of

159



Bridging Eigenvalue Theory and Practice — Applications in Modern Engineering

the chess moves. By defining the notation 7j — 1 when at least one of the
indices 7,5 is lagged, then one may define the triangular (W) and ring (X)
averages

Wii1e = (Yicwje + Yijore + Yictjo1e) /3, (8)
Xij1p1=Yigje1+ Y1+ Y1+ Y1+ . ©)
+Yi1j 101+ Yiegjaea + Yigjea + Yig101)/8s
which lead to a constrained STAR (2) model with only 9 coefficients
Yig =a0o+ Wi 1, + Wi o2 +d1Yije 1+ Y 2+ .. (10)
1 Xij10-1 + PoXij—20-1 + 3 Xij—10-2 + PuXij24-2 + €, (11)

The approach (8)-(11) of parametric reduction is subjective as depends on the
aggregation rules; a more general solution arises by noting that all neighbors
{Yiih ,jik,t} of the series {Yijt} can be “averaged” with the PCA technique and replaced

by the first latent factor {Z;; } as in Egs. (4) and (5). Specifically, let V=

[Yiﬂ, Yia ... Yz-jT], be the time series located at ij, and consider its neighbors y, , ik in
the square +p; then, for each 7 one has the temporal PC1 component

zij = Vi, Yij = |:yi—p,j—p < Yichjtk “‘yi+p,j+p} ’ (12)

where the data matrices Y; have size T x (2p + 1)%-1.

Alternatively, with the (2p + 1)>~1 spatially lagged arrays implied by Eq. (12), one
may proceed in the space domain and extract the PCs at each ¢. Specifically, let Y, =
{Y,j-t} be the ¢-th frame and Y, = {YH;, J+kat}’ h,k = 1...p its spatially shifted com-
panions, i.e., the frames built with all %, k-lagged neighbors of each site ij; then, the
spatial PC1 components are given by

2, = Y,01, Y, = [vec(Y_pps) . vec(Y_p yky) .. vec(Yppe) |, (13)

where the data matrices Y, have size nm x (2p + 1)*-1, and reshaping z; provides a
n x m PC1 layer for each ¢.

Both approaches (12) and (13) yield latent factor arrays Z of size n x m x T,
which may be used as explanatory (X) variables for the original data Y, modeled
as an ARX system. Further, the factor series may be represented by a simple AR
scheme; this leads to the latent factor system of order p = 2 with 9 parameters, as
Egs. (10) and (11)

Ziiy = a1 + 01Zip 1 + Ol o + Ui, uz ~1IN(0,02), (14)
Yijt =m+ ¢1Yz'j,t—1 + ¢2Yij,t—2 + ﬂOZijt + ﬂlZij,t—l + ﬂzZij,t—z =+ €ijrs (15)
By means of the PCA framework (12) and (13), one can avoid to estimate the
system (14) and (15) with the Kalman filter [21], which is nonlinear as regards factors
and parameters. In the following, we campare the fitting and forecasting performaces

of the models (10), (11), (14), and (15); this requires the definition of estimation
algorithms.
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3.2 Statistical algorithms

If the extraction of latent factors involves linear matrix algebra (eigenvalue
decomposition), the estimation of parameters of models (10), (11), (14), and (15)
may be accomplished with least squares (LS). Rewrite the model (10) and (11) in
regression form as follows

Yijt = 6l§jjt + eijta (16)
& = [0, 01 ... oy, By ... Ba, (17)
&y = [LWi1e . Vi 2, Xjjo10-1 - Xjj24-2) s (18)

where the regressors W, X are generated from the data {Yijt} with the formulas
(8), (9). Thus, minimizing the sum szt l]t( ) provides the LS estimator

« LA G T np mp
on = <Z > fﬁrﬁét> SN g (19)

t=p+1i=p+1j=p+1 t=p+1i=p+1j=p+1

n-—p m-p T n—p m—p
(Z Z Z ‘Eljtgl]t> Z Z Z Eineije> (20)

t=p+1li=p+1j=p+1 t=p+1li=p+1j=p+1

where p = 2 is the order of the model (7). Eq. (20) is obtained from
Egs. (16), (19),and N = (n — 2p)(m — 2p)(T — p) is the actual sample size, net of
the borders.

The expression (20) shows the consistency of the estimator (19), when the con-
temporaneous terms W; have a triangular structure as (8); in fact, it enables the
sequential calculation of residuals and their independence from all regressors:

E(‘fijteijt) = 0. Under this constraint and the conditions of stationarity and isotropy,

one can show the classical convergence property [13].

VN (6N 6) = N[O E(g,]tgw) ag], as N — oo, 1)

from which, the dispersion matrix of the estimator (19), (20) is given by

T n-p m-p

23 = R;,lﬁ'z, Ry = Z Z Z gijtggjt’ (22)

t=p+1li=p+1j=p+1

T n—p m-—p

CETESYARD 3 S i (AR ¥ DR

t=p+1i=p+1j=p+1

where M, = 9 is the length of § when p = 2. Unlike maximum likelihood, the
algorithm (19) can manage datasets of large dimensions; i.e., with high pixel resolu-
tion # x m and high frequency frames T'. Also the inversion of the M,, x M, matrix
(22) generally does not involve numerical issues. The formulas (19)-(23) can also be
applied to the factor model (14), (15), in an even simpler way.
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Forecasting. As regards prediction, given the linearity of Egs. (10), (11) and (14),
(15) the forecasts can be obtained with the chain rule of forecasting; i.e., by “pushing
forward” the entries of the vector &;, and updating it with the past forecasts:

Vit =E(Yiru|Yrnt20) = 5/§g,T+z, (24)

A~ ~ A~ !/
gij,TJrl = [15 Wij—l,T-&—l oo Yij,T—O—l—Z ---Xij—Z,T+l—2] 5 l= 1’ 2. L) (25)

where Xl’]’—Z,T+l—2 = (?i—Z,j—Z,T+l—2 + Y1’—2,]'—1,T+z—2 + ...+ Y/'1’+2,;'—2,T+1—2) /16 are the
lagged ring averages for [ > 2, and so on.

A computational issue with the formula (24) and (25) applied to the model (10)
and (11) arises from the presence of the contemporaneous terms W,-j,k,TH, k=12,
which depend on the forecasts Yik j—k,1+1 themselves. Although these elements satisfy
the unilateral constraint, they require the upper-left border values f/lj,ﬂl, i,j<pto
start. These quantities can be obtained as forecasts of AR models applied to the
marginal cells, or by simply setting f/,-j,ﬂl = Yjj 1, as in random-walk models. Hence,
by the concatenation of forecasts in Egs. (24) and (25), these marginal values influ-
ence the entire forecast frame IA/'TH. This effect can be checked empirically with out-
of-sample forecasting, i.e., predicting data that have been omitted from parameter
estimation. The typical statistics used for evaluation are the mean squared forecast
errors (MSFE) and its relative R? index

n—p m-p

MSFEr(l) = Yira—Yira) s (26)
(n— Zp m—2p) ;1];1 ( /> A )
R*(l) =1-MSFEp /6%, , 1=12..L, (27)

where T" = T — L. These statistics enable to compare the performance of the
models (10), (11) and (14), (15); the best one is that with lowest (26). The index (27)
provides a measure of the reliability of forecasts in decision-making.

Simulations. To test the statistical properties of the LS estimator (19), we perform
simulation experiments on the model (10), (11) with stable/unstable parameters and
unilateral /multilateral simultaneous components. In particular, the multilateral
design of the term W follows the cross (rook) scheme

Wi, = (Yijove + Yijorg + Yioaje + Yisaje) /4,

in this case, the LS method should be biased for all parameters. We perform 500
replications of the system (10), (11) withp = 1,72 =13, m =12, T = 11, and |5;] = 0.5,
1.0, for i = 1... 4; notice that the actual sample size N = (n — 2)(m — 2)(T — 1) = 1100 is
large enough. Simple means, root mean squared errors (RMSE = [Var + Bias 2]*/2) and
mean P-value of the normality test are reported in Table 1.

Since the parameters have the same size, their statistics can be averaged to provide
synthetic indicators. As a result, one may note that the worst performance is that of
multilateral W with “unstable” coefficients; whereas the model with unilateral W
benefits from the greater signal-to-noise ratio oy /o, induced by |5;| = 1. This property
is known as super-consistency [13], but its side-effect is the non-normality of esti-
mates; this complicates statistical inference, requiring non-standard distributions as in
the tests for unit-roots of time series.
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W-triangular W-cross
Param. Value Mean RMSE N-test Mean RMSE N-test
ag 0.5 0.501 0.031 0.414 0.211 0.291 0.055
(2} -0.5 —0.498 0.019 0.111 —0.433 0.072 >0.5
¢, 0.5 0.500 0.007 0.001 0.755 0.260 >0.5
b1 -0.5 —0.501 0.016 0.002 0.051 0.556 >0.5
Abs. Ave. 0.5 0.500 0.018 0.132 0.363 0.295 0.389
ao 1.0 1.001 0.030 >0.5 —9.593 13.56 >0.5
01 -1.0 —1.000 0.000 0.001 —2.401 1.409 0.011
¢, 1.0 1.000 0.000 0.001 1.086 0.107 0.001
1 -1.0 —1.000 0.000 0.001 2.707 3.709 0.001
Abs. Ave. 1.0 1.000 0.008 0.126 3.946 4.697 0.128

Table 1.

Performance of the LS estimator (19), applied to the model (10), (11) with ovder p=1, with triangular and cross
(rook) contemporaneous component W, and stable (0.5) and unstable (1.0) coefficients; mean, RMSE, mean P-
value are over 500 veplications.

3.3 The empirical application

We illustrate and check the methods discussed so far on the same dataset as
Section 2, displayed in Figure 1. The first step in model building is the extraction of
the PC1 from the array Y with the approaches (12) and (13). With p = 2, we select 24
neighbor series of each site ij; the results are displayed in Figure 4. Panel (a) shows
that the PC1 explains on average about 85% of the frame variability, with a growing
trend; further, Panel (b) shows its spatial pattern, with a greater quote in areas subject
to major changes. Panels (c,d) show that the PC1 arrays have an image representation
that is sharp for the method (12) and blurred for (13).

Apart from the descriptive aspects, PC1 data are necessary for modeling and
prediction; Table 2 provides the parameter estimates of the models (10), (11), (14),
(15) with the LS method (19). The estimations are performed on the frames
[Ys3... Y73, where Y1, Y; are starting values and Yr_4, Y7 serve for forecasting
evaluation. The results are very significant in terms of ¢-type statistics because these
are inflated by the large sample size N = 3,618,160; the evaluation of coefficients
should then be based on their size, e.g., |3,-| > 0.1 as they are related to ACR. In any
case, the R? indices of goodness of fit are very satisfactory, and, as regards the model
(10), (11), the simultaneous components W have a leading role. However, the best
fitting model is Eqs. (14) and (15) with factor component Z estimated as in Eq. (13),
and normalized by 1/||v1]|; in the following, we evaluate their forecasting ability.

Forecasting. The prediction ability of the models of Table 2 is evaluated on the last
two frames Y7_1, Y7, which were kept out of parameter estimations. The forecasts
were computed with the function (24), (25) and then evaluated with the statistic (26),
(27), with starting point 7" = 2020; in these computations, the forecasts were
expressed in uint8 format, and the results are displayed in Table 3. As for the in-
sample fitting, the best model is (14), (15) with factor (13) normalized by 1/|v1]|; it is
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Results of the extraction of the PC1 from the 24 neighbors of each ij: (a,c) Spatial divection (13); (b,d) Temporal
direction (12); (a,b) Quote of variance explained by PC1; (c,d) Images of PC1 at time T = 2022.

Param. Model (10) (10) without W Param. Model (12), (15) Model (13), (15)
ag 0.804 (62.4) 2.958 (150.5) aq 3.284 (225.3) 4.768 (268.6)
6, 0.914 (1580) 2 0.641 (1328) 0.651 (1330)
6, —0.197 (—338.2) 0, 0.319 (662.) 0.293 (599.7)
b1 0.494 (641.1) 0.526 (445.5) a —0.436 (—36.6) 1.433 (102.3)
b, 0.204 (267.1) 0.217 (185.5) ¢1 0.5252 (1048) 0.577 (1163)
P —0.450 (—288.0) 0.019 (8.18) b1 0.212 (426.9) 0.248 (503.5)
P> 0.139 (117.0) 0.099 (56.4) Po 1.067 (2536) 0.722 (1812)
P —0.185 (—121.2) —0.006 (—2.53) A —0.565 (—790.5) —0.408 (—701.1)
N 0.071 (62.5) 0.110 (63.2) B —0.233 (—347.3) —0.159 (—298.1)
o2 90.39 212.05 o2 77.60 115.07

R? 0.932 0.842 R? 0.942 0.914

Table 2.

LS estimates (and t-type statistics) (19), of the parameters of the model (10), (11) (with and without the
contemporaneous components W); and model (14), (15) (with factors (13) and (12) expressed in uint8 format)
on the data of Figure 1 in the period 1986-2020.
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Year (10)+W (10)-w (12), (15) (13), (15)
2021 248.75 170.05 166.47 167.81
(0.850) (0.898) (0.899) (0.898)
2022 428.75 288.27 281.74 283.93
(0.756) (0.836) (0.838) (0.837)
Table 3.

MSFE statistics (17), and R* indexes (in parenthesis), of the AR models in Table 2 on the images 2021, 2022 of
the Iquitos video; Bold indicates the best result.

(a) Frame 2021 (b) Frame 2022

1

50 50
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150 150
200 200
250 ; 250
50 100 150 200 250 300 350 50 100 150 200 250 OO 350
(c) Forecast 2021 (d) Forecast 2022
50 50
100 100
150 150
200 200
250 250
50 100 150 200 250 300 350 50 100 150 200 250 300 350
Figure 5.

Comparison of veal frames and best forecasts in Table 3, obtained with algorithm (24), (25): (a,b) Real images
2021, 2022; (c,d) Forecasts of the model (13)-(15).

slightly better than model (14), (15) with factor (12) and model (10), (11) without the
simultaneous components. In general, while the W components improve fitting, they
may affect forecasts; the reason is partly due to the starting values in the (upper-left)
borders, which are established with the random walk rule, e.g., 1711,T+1 =Yur.

Finally, Figure 5 displays the best forecasts for 2021, 2022 (with smallest MSFE in
Table 3) and compares them with the ground images (in pseudocolor MATLAB). The
spatial paths of forecasts are consistent with the actual images, although they show
fewer details in the urban area; further, the R? = 0.9 coefficient in Table 3 confirms
the reliability of these forecasts.
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4. Conclusions

This paper is concerned with the application of multivariate statistical methods to
timelapse videos of remotely sensed data. Such movies are nowadays available on
Internet for entertaining and scientific purposes, and their modeling is challenging
both for the size of datasets (big data) and the complexity of the phenomena they
represent. Classical multivariate techniques of data reduction, such as principal
components, are useful both for reasons of data description and model building.

In particular, PCA may condense the frames as a long exposure photography (see
Figure 3) and provide local components for dynamic factor models, as Egs. (14), (15).
These are smart alternatives to complex space-time AR models.

The PCA of videos in the time domain provides two basic solutions for frame
fusion, depending on whether it considers a weighted average of original images or
the centered data array, see Egs. (4), (5). In the second case, a uint8 transformation of
the estimates is necessary to appreciate the result as an image; this transformation, by
censoring negative values, makes the final result more essential and highlights major
land changes (see Figure 3c). However, also factor models are useful for descriptive
purposes as highlights the spectral properties of data arrays in the time domain and
the spatial domain (see Figure 4a,b).

Mathematical modeling is useful for out-of-sample forecasting; this, in turn, is
useful for monitoring and surveillance. The paper has provided a factor model frame-
work which is more parsimonious and effective than the classical STAR systems. In
prediction, there is usually a negative trade-off between model complexity (which
improves fitting) and out-of-sample performance. While the model (7) requires ad-
hoc aggregations of neighboring pixels, as in Egs. (8), (9), in the model (14), (15) one
has only to select the time order. As regards the spatial dimension, one may increase
the span p in Egs. (12) and (13) without increasing the number of coefficients of (14),
(15); the only drawback is PC estimation at the borders of the lattice which requires
symmetrical or circulant integrations.

A comparison of the models in Table 3 with p = 2 shows that there is not significant
difference in the performance of factor models and simplified STAR (without the
simultaneous component W). In particular, all R? coefficients are close to 90%; how-
ever, the distance between the two modelings may increase as p.

Data and software

They are available at the site: https://it. mathworks.com/matlabcentral/
fileexchange/173895-pca-and-factor-ar-models-for-timelapse-video-data
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Chapter 9

Small-Signal Stability Analysis of
Virtual Impedance Based Parallel
Inverters

Deependra Neupane and Nawaraj Poudel

Abstract

Maintaining voltage-frequency levels and balancing active and reactive power are
significant issues in parallel inverters used in standalone electrical systems. Therefore,
modelling and analysing parallel inverters has become crucial in developing appropri-
ate control mechanisms to mitigate power-sharing and voltage-frequency issues in
these systems. This study has developed a non-linear model of a parallel inverter
consisting of a conventional Proportional Integral (PI) control with virtual impedance
control. The equation system was linearised for zero initial conditions and steady-state
conditions. The effect of load changes on the system was also studied. Additionally,
eigenvalue and frequency response analyses were performed. The results of the study
show that the developed non-linear model matches the electrical simulation
performed in Simulink. The frequency dynamics and voltage profile of the system
were improved by using virtual impedance control. The system’s damping increased
by 2% for the most dominant pole, and the reactive power sharing also increased.

Keywords: parallel inverter, small signal modelling, virtual impedance, microgrid,
stability analysis

1. Introduction

With the growth of distributed generation systems and loads, it has become more
critical to maintain an uninterruptible power supply system. One of the several solu-
tions to obtain a continuous supply to cope with growing demand is to use parallel
inverters. However, appropriate control mechanisms have to be ensured in individual
inverters for proper operation, load sharing and stability. One of the significant
challenges in parallel systems is to minimise the circulating current between inverters,
maintain the voltage and frequency level and balance the active and reactive power
between sources and loads [1, 2]. Less circulating current can only be obtained by
increasing the output impedance of the inverters. To accomplish this, virtual imped-
ance can be added to the inverter’s control loop. Due to large output inductor values or
distances between the units, inverters’ line and output impedances are typically pri-
marily inductive. However, this is only sometimes the case, as system characteristics
and the chosen control method affect the inverter output impedance. Several applica-
tions of virtual impedance have been shown in parallel inverter systems, including
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harmonic voltage correction, better power sharing and increased stability [3]. Physical
output impedance mismatches between inverters can typically be compensated using
virtual impedances. The primary mechanism is to add additional phase displacement
equivalent to line reactance to nullify the line impedance effect [4]. Similarly, the
converter controller has effectively used the droop control approach for voltage and
frequency balance and the proper active and reactive power sharing in parallel
inverters [5, 6]. One significant advantage of this method is that it is widespread in
low-voltage cable grids, where the line impedance is typically resistive [6]. However,
it achieves current-sharing accuracy at the penalty of poor output voltage regulation.
Several studies have been done to fix the inverter’s output impedance to ensure
power-sharing stability.

Early studies have proposed a control strategy that would apply to both linear and
non-linear loads using the idea of the conventional frequency/voltage droop technique
including the survey done by Tuldhar et al. [7-10]. The small signal modelling of the
system was developed to study the dynamics of inverter systems in a microgrid.
Pogaku has developed a detailed model of a microgrid considering current and voltage
loops with droop power coefficient [11]. Zhang et al. presented a small signal model of
two inverters in parallel without considering line impedance dynamics. Both of the
open-loop and closed-loop analysis have been performed [12]. Small modelling and
analysis of parallel inverters have also been developed [13, 14]. The developed model
accuracy is tested by comparing the model solution with a simulation consisting
detailed of switching model. A similar study has also done by Bennia [15] where the
development is compared with the actual switching model using simpower system.
Additionally, a small-signal model for an inverter under droop control operation is
developed in this paper. An averaged model simulation using PLECS was used to
determine stable gains for the system [16, 17]. Rasheduzzaman et al. have developed a
reduced-order small signal model of a microgrid system for grid-tied/stand-alone
systems by removing the voltage loop control [18]. A study by Braynt has presented a
small signal model of a feeding inverter considering the modulator transport delay and
performed stability studies [19]. Moreover, small signal stability assessments using
singular perturbation with eigenvalue analysis for microgrid systems have been sys-
tematically studied by Mariani et al. [20]. A study by Sharma et al. presented a virtual
impedance-based phase-locked loop (PLL) inverter control scheme in an islanded
microgrid environment without implementing the conventional droop control strat-
egy [21]. Several others are related to developing the small signal modelling of parallel
inverters [22-31].

Along with the conventional droop control that includes droop control, voltage and
current control loop, the use of a virtual impedance loop compensates for the addi-
tional voltage and phase caused due to line impedance. Studies on the effect of the use
of virtual impedance in the control of parallel inverters have come a long way. Early
studies performed by Refs. [6, 32] have proposed a control method allowing parallel
inverters to operate in standalone/grid-connected mode by taking the lines X and R
into account [6]. Furthermore, the study performed by Alcala et al. explored the effect
of line impedance on power sharing in parallel inverters. The study showed improved
reactive power sharing when virtual impedance control is implemented [1]. Zhong
and friends have proposed a robust droop controller to provide proportional load
sharing in parallel inverters because individual inverters per unit impedance are
challenging to achieve [33].

Existing analysis techniques primarily include eigenvalue analysis utilising state
space models, impedance analysis based on impedance models and other non-linear
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analysis techniques for the small signal stability of an inverter-based microgrid [34].
Several studies focused on the study’s time domain simulation and eigenvalue analysis.
However, a detailed description of linear and non-linear models with their appropriate
validation must be included. The inductive load model included in several works of
literature is represented as a first-order differential equation that can be expressed in
the algebraic equation to reduce the computation time.

This study examines the application of virtual impedance-based controllers in
parallel inverters for better system stability (both frequency and voltage). Much
literature has been studied on the application of virtual impedance in controllers;
however, a detailed time domain analysis and comparison with actual systems still
need to be included. In light of the prior research gaps, the following contributions are
intended to be presented by this study:

1.Developing a non-linear system of equations of the parallel inverters in terms of
Differential-Algebraic Equations.

2.Comparison of the non-linear model with that of the result from the simulation
result obtained from Simulink that uses elementary blocks.

3.To provide insight into the effect of virtual impedance on frequency and voltage
dynamics of parallel connect inverter.

4.Simplified load model for a standalone system.

The work focuses on modelling various inverter components’ filter and coupling
impedances mathematically. The main components are the power component
(inverter circuit), the control component (inverter operation control dynamics), the
filters, and the load. The system of equations used to describe the behaviour of each
element is derived from existing literature. Because they represent the traditional DQ
control technique, the equations governing the dynamics of the inverter’s control
component are non-linear. As a result, the equations are linearised using Python’s
SYMPY module. The parameters derived from the linearised version of the equations
are then evaluated on the original set of equations to validate the model and findings.
Simple construction blocks are used in the Simulink system to validate the outcomes.
The results from both scenarios are compared. In summary, this study aims to present
the detailed mathematical formulation of virtual impedance-based parallel inverters,
including both the power and control parts. However, this study has yet to consider
the phase lock loop (PLL) dynamics for synchronising the inverters in between.

The remaining sections of the document are arranged as follows: Section 2 presents
the mathematical modelling of each component of an independent parallel inverter.
This section covers linearisation and eigenvalue computation. Sections 3 and 4 contain
the simulation results, discussions and conclusions.

2. Modelling of components

The diagram in Figure 1 shows the components of VSI. The circuits for power
measurement and computation, the voltage and current controller, the droop con-
troller and the inverter power circuit are the major components. A digital signal
processor (DSP), voltage source inverter (VSI), is the VSI’s control element. It
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determines the instantaneous load voltage and filter current as well as the duty cycle
of the inverter pulse-generating circuit. The details of the modelling for each compo-
nent are explained below.

In microgrid applications, the direct quadrature (DQ) frame approach is the most
popular method for small-scale signal modelling. It transforms the three-phase sinu-
soidal system model into a DC system model using a rotating DQ reference frame.
This solution perfectly bridges the gap between the AC microgrid system with just a
sinusoidal stable point and small signal models based on the continuous equilibrium
point. Microgrids lack a single model because they differ in kind, topologies, archi-
tectures and control loops based on their control objectives [35].

The modelling approach presented in this study breaks down the entire system
into two main sub-modules: inverter and loads. Each inverter is modelled based on its
reference frame, which its local controller sets. On the other hand, the state equation
of the loads is described using the reference frame of a specific inverter, also known as
the typical reference frame. The variables in the instantaneous frame of reference are
[d, q], while the relative frame of reference is [D, Q]. The transformation matrix for
converting between the individual frame and the standard frame is provided below:

[Vpa] = [Ti][Va,] ey
6i) —sin(6; .
where [T;] = C?S (6) = sin (5) the §; is the angle of the reference frame of ith
sin (8;)  cos (5;)

inverter concerning the common frame of reference.

174



Small-Signal Stability Analysis of Virtual Impedance Based Parallel Inverters
DOI: http://dx.doi.org/10.5772 /intechopen.1006731

2.1 VSl inverter
2.1.1 Inverter with filter model

The coupling impedance and filter have the most effects on the inverter’s dynam-
ics. A set of differential equations in the dq0 frame can be used to represent the LC
filter, as has been noted in the literature. The inverter output is another source of the
input voltage used in the LC filter. The output voltage of the inverter in the dq0 frame
of reference is given by a particular equation. Figure 1 displays the general schematic
of the load-connected inverter system with LC filter and coupling impedance.

Using the controlled duty cycle, the inverter generates v;; and v;,, the dq voltage
output. A first-order system with a matching time delay between the duty cycle and
output voltage represents the relationship between the inverter’s duty cycle and out-
put voltage, according to the equation. The switching and snubber circuit dynamics of
the inverter should be the focus of the small signal stability analysis. Nonetheless, a
comprehensive model for the inverter and filter circuit has also been created in order
to test the parameters using MATLAB/Simulink.

The actual physical VSI is made up of switching devices in a switching bridge
circuit. However, the control signal given in the gate drivers of switching devices
represents the inverter as a voltage source due to the intricacy of the modelling. The
LC filter and the microgrid with coupling impedance are linked to the inverter’s
output. The filter for the single inverter unit is displayed in Figure 1. The following is
an expression of the dynamics:

1gi . .

% = (—=R¢/Lg)itai + wiigi + (Viai — veai) /Ly

iigi . .

d_qt = —wjigi + (—Re /Ly )isgi + (vigi — vegi) /Ly

Vodi . .

U — wiogi + (i1 —ioai) /Cr

dt )
Yogi _

ar —WVog; + (ilqi - ioqi)/cf

bodi ) .

:i_iz = (_Rci/Lci)lodi + Wilogi + (vod - Uhd)/Lci

1,

% = —wjlogi + (_Rci/Lci)ioqi + (voq - vhq)/Lci

The filter capacitance is denoted by Ct, the coupling resistance and inductance by
R, L., and the filter resistance and inductance by Ry, L. Combining linear circuits
with non-linear switching devices creates the inverter. However, system analysis
becomes more difficult due to the mathematical model of individual switching cir-
cuits. The switching portion of the inverter’s approximation has been developed in
this work using the dq equivalent form. The duty cycle is used as the input in each
frame to resolve the output from the inverter into the d and q frames. Equations
provide the inverter’s output.

The modulation index supplied to the inverter determines the inverter output
voltage, which is represented by v;4; and v;;; in dq coordinate. The instantaneous
average value of the converter output voltage, ignoring the delay impact of PWN
implementation, is determined by multiplying the modulation index by the real DC
voltage. The per unit output converter voltage will therefore be almost equivalent to
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the voltage reference from the current controller if the modulation index is calculated
using the division shown in the figure, as summarised by the following [36].

[vld,rqfa Ulq,rq‘]

[md’mq] = Vdc

[vid, Uiq] ~ [mda mq] Vdc
Hence,
[Uida vz’q] = [Uld,rq‘a Ulq,nf]
2.1.2 Droop control model

The instantaneous active and reactive power components are calculated from the
measured output voltage and output current, as the following equation.

Pinpi =5 % (Uod,iiod,z' +voq,,~ioq,,-)

(3)

NIWN W

qmﬂ- ==X (qu,iiod,i + vod,iioq,i)

In a standalone microgrid system, an individual inverter unit first determines its
output power and then uses the droop characteristic to obtain the reference value of
the output voltage’s frequency and amplitude. After that, it adjusts its output to
achieve a proper distribution of the active and reactive power of the entire microgrid
power system. The inverter unit satisfies the droop relationship between reactive
power and voltage amplitude and the droop relationship between active power and
frequency. This results in proportional load sharing between inverters in the
microgrid. Power is calculated from direct measurement of current, and power con-
sists of noise; hence, an appropriate low pass filter is implemented to obtain a smooth
control performance.

Pim),i = —wrp. .+ wrp. .
dt fpmv,z fpmv,z

Qinv,i _
dr - _wfqinv,i + a)fqinv,z'

(4)

where p,,. :,4,,,; are the active and reactive power calculated from Eq. (3) and
Piny,is Qiyy ; filter output of the measured active and reactive power. Similarly, the
droop characteristics can be implemented as:

®; = o — Piyyi X m;
Vod,ref,i = Vadef — Qinp,iMi (5)

Vogq,refi = Vq,ref

The power angle of the i” inverter concerning the reference inverter can be
written as:

ds;
% = Wi — Wipef (6)
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2.1.3 Virtual impedance model

In the context of virtual impedance-based control, an outer virtual impedance Zvo
(s) is used to modify the reference of the AC current/voltage controller through
feedback impedance R, + jwL,. This virtual impedance is subject to the dynamics of
AC current/voltage control loops [37]. The study involves multiplying the output
current of an inverter with a complex virtual impedance to change the reference input
for the voltage controller. An equation gives the new reference input for the voltage
controller.

Vod,ref,i = Vod,ref,i — TodiRyi + ioqia)iLvi )

Vog,ref,i = Vog,ref,i — ioqiRvi — Todi@WiLy;

Virtual impedance will be written as Z,; = Ry; + jw;Ly;.

2.1.4 Voltage controller

The differential-algebraic equation system for the voltage controller as mentioned
in Figure 2 is given by Eq. (8). The standard Proportional Integral (PI) controller has
been used to control the output voltage of VSI.

ild,nfi =Kp (Uodnﬁ — Vodi ) + Kivygi + todi — @i Cf Vogi
ilq,refi = I(pu (voqrg‘z' - quz') =+ I<iv7qi + Z.aqi - wicfvodi

7 .
ﬁ = vodrq‘i — Vodi (8)

}/ql
E = qurq‘i — Vogi

2.1.5 Current controller

The system of differential-algebraic equation for voltage controller as mentioned
in Figure 2 is given by Eq. (9). The standard Proportional Integral (PI) controller has
been used to control the output current of VSI.

T
i i
H i Toa
[ i g
1 + 4+ 1+ =
: O 5.0 P
' Vodrer — A | =
H : 1
: - ¥
"
i H
i i
- \ ¥ ]
)
i i | Wea
i “ !
i
H w : 44-
H '
I |l Ve
: =l | i ]
1 |
i
i il
F i
i = ¥ Y-
i 2 Xt 4
Ky +—
; ® OO0 1 -
i Voqres+ !: P
i i
i
| R e A e oo e s e
Figure 2.

Conventional PI with virtual impedance control strategy for an inverter adapted from Ref. [36].
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Vidpefi = Kpe (itarefi — i1ai) + Kiclgi + Voai — wiLgipgi
Vigrefi = Kope (ligrefi — 11gi) + KicCygi + Vogi — @iLgisa;

Cin

. . 9
ot = L — taai ©)

dr =~ Vo~ i
2.2 Load modelling

Static loads are taken into account by the combination of resistor and inductor (RL
load). In order to study the dynamic behaviour of the system, a load perturbation is
applied parallel to the static load connected to the common bus, as shown in Figure 1.
As stated by Eq. (10), the algebraic equation in the dq0 frame represents the general-
ised equations representing the load dynamic.

N N
vop = R E iopi — X1 E 1oQi
s e

N N
voq =R Y dogi + X1 Y iopi
i—1 i-1

where R; and X, are the load resistance and inductive reactance of the load. The
values of Ry, and X, are calculated based on load active and reactive power, P, and Q;
respectively. The load resistance and reactance at full loading are computed as follows:

(10)

I _ Sbase
o V/3Vnom
Pr,
R, = ——
L 3I~3wm (11)
QL
X =3p

nom

3. Linearisation and state space model

Small signal stability investigations invariably play a crucial role in the design of
power systems. Eigenvalues analysis is generally used to depict the SSS of power
systems systematically. The state space model of individual inverter can be written as:

A:X‘,' = AiA.XI,' + B,’Au,’ + FiAl),'
Ayi = CiAx,-
where,
Ax; = [APW}’Z- AQim),i AS; Ay Ailq,i Av,g; AVaq,i Adyy i Aioq,i Ayﬂi,z’ A}'q,i Aé‘d,i A Cq,l}
Au,- = [Avhd Avhq] = [Avh,dq]
89, = [Bits i = S]]
Av; = [Avd,,ef Avq’”f Awo}
[Avb,dq} = [T;l] [Avb,DQ} + [Tv_l] [A(Sl] (12)
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For load:

N
Avypo = AL Z Ay pg (13)
k=1

where N is the total number of inverters feeding the load.

(14)

R X
AL:{ L L]

Ry X

The Avj, pq is for a common frame of reference; for individual inverter frames,
Avy 44 have to be determined by using the transformation matrix:

[Ado,nq] = [T [Adaq] + [T][A5] (15)
A general state space equation for a single inverter can be derived as:
Au; = [Avy,qg] = [T.7] [Avspo] + [T, 7] [A5]

N
Au; = [T1[AL) Y [Miiopo] + [T, ] (48]

i=1

Au; = [T 1[AL)[T) Z [Adoiag] + [T][AL) ) [Tal[a6] + [T, "] [Ad]

1

We get

Au; = [T[AL)[T(C] Z [Ax;] + <[Tsl] [AL] Z [Tai] + [T,,l]> [Asi][Axi]

Hence,

Hence, the state space model can be reformulated as:

i=1

N
Ax; = [Aj]Ax; + [B)] <[A:] Z [Axi] + [B]] [Axi]) + [Fi][Av;]

[Ax;] = ([Ai] + [Bi][B] ) [Axi] + [Bi] [Af] [In][Axi] + [F;][Av]
[Axi] = ([Ai] + [Bi][Bi] + [Bi] [A{] [In]) [Ax;] + [Fi][Avi]
Ax; = [A"][Ax] + [F])[Avi]
where A"} = [A;] + [Bi] Bi] + [Bi] [A]][In]
For n” inverter system:
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Ak Ay 0] [ Ax AF1] [ Avq
Pl= s o N : (16)
Ax, 0 - A" ||Ax, AF, | | Av,

n

4, Results

In this study, two inverters in parallel are considered for the analysis and have
compared the non-linear model presented, the linear model and the electrical simula-
tion model with elementary building blocks. For non-linear modelling, the system of
differential equations has been solved for zero initial conditions and steady-state
conditions. At a simulation time of 1 second, the system load is increased by 33%. The
state vector values before 1 second are used as the initial condition to study the effect
of load variation. Similarly, linearised differential equations are also solved for zero
initial and steady-state conditions with load perturbation. The linear and non-linear
equation system is solved using the RK4 method using the solve_ivp function of the
Python script library. Furthermore, the detailed electrical model for the parallel
inverter are realized using elementary switching block in Simscape/Simulink
MATLAB has been solved using ode23tb solver. The modification with virtual imped-
ance control has been implemented in the two parallel inverters in grid-forming mode
performed by Ref. [38] in Simulink. The parameter used in analysis is mentioned in
Table 1.

The simulation results of active, reactive power, frequency and voltages for both
inverters with and without virtual impedances have been mentioned in Figures 3 and
4. Similarly, the eigenvalue and frequency response results for the linearised model of
the inverter system for load perturbation have been mentioned in Figure 5. Addition-
ally, for the frequency and voltage level of individual inverters for different levels of
virtual impedance, keeping the base as coupling impedance is mentioned in Figure 6.

Parameters Values Parameters Values Parameters Values
Voltage (V) 400V Voltage Controller 0.2858 Inverter 2 voltage droop 14
Proportional Gain (Kp,,) coefficient (n2)
Load Power 2400 W Voltage controller Integral ~ 595 Filter Inductance Ly 3573
Gain Kj,
Load Reactive 1800 Var Current Controller 55 Filter resistance Ry 0.1
Power Proportional Gain (Kp.)
Pertub Load 800 W, Current Controller 1570 Filter Capacitor Cr 50 uf
600 Var Integral Gain (K;)
System 50 hz Inverter 1 frequency 55 Couping resistances 0.01, 0.05
frequency (f) droop coefficient (1) R.1,Rn
Filter cut-off 4n Inverter 2 frequency 275 Coupling inductances ~ 0.35 mH,
frequency wy droop coefficient (m,) Lo, Lo 0.8 mH
fow 10 kHz  Inverter 1 voltage droop 374 Vdc 800V

coefficient (1)

Table 1.
Parameters used in the analysis.
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Figure 3.
The inverter power-sharing (top left), reactive power-sharing (top right), frequencies (bottom left) and peak
voltages (bottom right) without the virtual impedance control method.
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Figure 4.
The inverter power-sharing (top left), reactive power-shaving (top right), frequencies (bottom left) and peak
voltages (bottom right) with virtual impedance control method.

A comparison has been shown for the system with and without the virtual impedance
is shown in Figure 7.

The non-linear and electrical models almost resemble the active power and fre-
quency deviation of individual inverters. However, the electrical simulation shows a
slight oscillation. This is due to the actual dynamics of switching devices considered.
The linear model results in slight variation from the non-linear and electrical models;
however, it represents the overall dynamics of the system. This scenario is identical
for both cases, as shown in Figures 3 and 4. In the context of power frequency
oscillation, using virtual impedance in the system results in an increment of effective
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Time domain and frequency domain analysis.
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Figure 6.
Voltage and frequency of individual inverters with different levels of virtual impedance performed electrical
simulations.

damping in a system with increased overshoot and reduced settling time. The fre-
quency of transient oscillation has been reduced. In the case of voltage and reactive
power, the use of a virtual control strategy improves the reactive power sharing and
improves the voltage profile of individual inverters. The use of various levels of virtual
impedance has been presented in Figure 7. Either increment or decrement in the
virtual impedance level concerning coupling reactance, the transient condition of the
system changes with increasing settling time. Similarly, the voltage level of the system
worsens in both cases.

The damping ratio can be calculated using the formula { = 6/V6? + @?, where 5 is
the real part of an eigenvalue and w is its imaginary part. By using virtual impedance
in the system, the damping ratio of dominant poles increased from 0.1590 to 0.1624
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Figure 7.
Electrical simulation of parallel inverter with and without virtual impedances.

and from 0.5194 to 0.6421. Additionally, while there was no change in steady-state
active power sharing, reactive power sharing increased from 500 to 600 Var for one
inverter and from 1200 to 1250 Var after using virtual impedance. This ability to share
higher values of reactive power makes the system more resilient to disturbances and
improves voltage stability. However, the presence of higher-order harmonics in the
system is still an issue, as shown in Figure 7.

Figure 5 a shows the system’s eigenvalues for two cases. The location of eigen-
values is shifted slightly to the left-hand side, making the system relatively more
stable in the case of the virtual impedance method. Additionally, as suggested by Li
et al. [39], when the grid stiffness decreases, that is, weak grid, the resonance fre-
quency shifts to lower frequency bands, suggesting that there could be a chance of
low-frequency oscillation. Hence, we can see in a frequency response that the system
without virtual impedance possesses a low-frequency resonance frequency compared
to the virtual impedance.

5. Conclusion

The study has presented the dynamic model of a parallel connected inverter having
virtual impedance control. We have used two voltage source inverters in parallel
having droop characteristics. A comparison has been made with and without the
virtual impedance control strategy. The non-linear model has been built and is
linearised for zero initial condition and steady-state condition to obtain the linearised
model using the perturbation technique. The system of the equations has been solved
and compared with that of an actual system having elementary switching blocks.
Eigenvalue analysis and frequency response analysis were also performed. Results
found that using virtual impedance increased the resonant peak of the system and
shifted the closed-loop pole to the right-hand side of the s-plane, providing better
system stability towards load variation.
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