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There are a number of books available in the market describing electrical engineering optimization
concepts. Most are primarily concerned with the mathematical theorems, which might not be
interesting for students studying engineering.

The main purpose of this textbook is to provide engineering students with a comprehensive
coverage of required fundamentals. Numerous applications and examples are provided to demonstrate
how the discussed fundamentals can be utilized in the domain of engineering, with a particular focus
on electrical engineering.

It is expected that students, academic researchers, engineers, and institutes in engineering will
find this book useful, particularly those in the area of electrical engineering. This book can be
used as the main text in courses such as Engineering Optimization, Convex Optimization, Advanced
Engineering Mathematics, and Robust Optimization. The book can also be utilized as a supplementary
text for university students at both undergraduate and postgraduate levels for courses such as Smart
Grids, Communication Networks, Wireless Communication, Automation, and Systems Theory. The
main prerequisite of optimization is linear algebra; to satisfy this requirement, the book includes an
extensive chapter on this topic.

The authors have over a decade of experience in both academia and industry, specifically with
communication networks/systems, automation, robust/intelligent control, and smart/microgrids. The
application of such experience to this text creates a rich and detailed resource for students, researchers,
and engineers studying/working on electrical engineering.

Most of contributions, outcomes, and insights presented in this book were achieved through long-
term teaching and research conducted by the authors and their research groups on optimization
problems over the years. It is a pleasure to acknowledge the received supports and awards from the
Smart/Micro Grids Research Center (SMGRC) and the University of Kurdistan (UOK) as well as
other sources. In particular, the comments from our colleague Dr. S. Fathi Manesh at the UOK are
appreciated.

The authors would like to thank their postgraduate students, S. Shokoohi, S. Hasani, Y. Khayat,
A. Abdollahi, S. Rehimi, and M. Abdolmaleki, as well as the students in the courses of Advanced
Engineering Mathematics, Smart Grids, and Robust Optimal Control in the Department of Electrical
Engineering at the UOK for their active and continuous support.
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patience and help during the preparation of this book.
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Abstract

Over the years, making the best decision among a number of possible choices has been a
challenging issue. The issue arises from the complexity of the decision criteria and the extent
of possible choices. Optimization is the knowledge of decision-making. Scientists and engineers
have always tried to develop techniques and tools to overcome the complexity of optimization.

Keywords
Optimization in electrical engineering - Signal processing - Circuit design - Resource allocation -
Power dispatching - Load-frequency control - Microgrid planning

1.1 Optimization Taxonomy

In the area of engineering, the first step towards optimization is to model the decision-making process
mathematically into an optimization problem. Depending on the structure of the decision criteria
and possible choices, optimization problems are generally categorized into linear and nonlinear
programming problems [1]. Deployed functions in a linear program are limited to appear in the
linear form. Reliable and efficient algorithms along with implemented solvers have been developed
for these problems [2]. Consequently, linear programming is a mature area and mostly considered as
a technology. In spite of the strict limitation in the form of deployed functions, linear programming
has wide applications in engineering.

On the other hand, the area of nonlinear programming remains a challenging domain due
the diversity and complexity in the form of functions deployed in the problem [3]. Nonlinear
programming in turn can be divided into different categories. Among which, integer programming
[4,5], convex programming [6, 7], and geometric programming [8] are more common due to the
solution procedures proposed in the literature.

Modeling a problem as a nonlinear programming is relatively easy in general. This is due to the fact
there is no limitation in the form of functions and parameters deployed in the problem. Indeed, they
can appear in any nonlinear function and integer/continuous parameters. However, solving a nonlinear
programming problem analytically is not trivial in general. Alternatively, artificial intelligence-based
tools such as artificial neural network [9], particle swarm optimization [10], and genetic algorithm [11]
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have been investigated over the years. Inspired by the human and nature, these tools are mostly based
on search methods. They employ intelligent techniques to explore the whole possible solutions of the
given problem and therefore to overcome some limitations of traditional optimization approaches.

To mitigate the broadness of nonlinear programming and to explore analytic solution procedures,
the focus is usually done on a number of special cases of nonlinear problems such as convex and
geometric programmings, in which deployed functions are limited to appear in certain forms [12]. The
challenging issue is in the modeling of a problem in these forms and moreover to recognize whether
a given problem follows the required forms or not. In return of accepting these limitations, solving
these programmings is possible through reliable and efficient algorithms [13, 14]. Consequently, the
area of convex and geometric programming is mostly considered as a technology. Although there is
no analytic solution in general, reliable and efficient algorithms implemented by software packages
do exist for this area [15-17].

1.2  Optimization in Engineering

Engineering is the knowledge of analysis and design. The most important requirement of designing
is the simplicity in the design and the optimality in the performance. In the past decades, with
a small number of components in the process of decision-making, achieving these requirements
together was almost readily available. However, nowadays, with a large number of components
in engineering systems, achieving this goal is not trivial. An alternative tool towards this goal is
optimization [18]. The area of engineering, particularly electrical engineering, has always been
affected by mathematical tools and technologies. One of these tools that have emerged in recent years
is mathematical optimization.

1.3  Optimization in Electrical Engineering

Over the years, the area of electrical engineering was about analysis and synthesis of a system with
a limited or a small number of elements. Nowadays, things have been changed. Not only systems are
getting larger and more complex but also they are connecting and collaborating together. They work
towards a common objective while facing some constraints.

To address the requirements of emerging electrical engineering systems, this area is recently
influenced by mathematical optimization [19,20]. This is of high importance when there is a need
that engineering systems must operate economically. The knowledge of optimization helps engineers
to design more efficient systems. They would be able to carry out systematic modeling, designing,
and analysis of complex networks and systems considering required constraints and parameters. For
example, communication and electrical power infrastructures are getting more intelligent, a higher
number of electronic devices are placed on integrated circuits, and more data is generated and
processed by the information technology. Design and analysis in all of these areas need appropriate
tools of optimization, which is the topic of this book.

As a motivation and to highlight the topic, a number of application examples of optimization in
electrical engineering are stated in the following subsections.

1.3.1 Signal Processing

Many problems in signal processing can either be cast as or be converted into optimization problems.
With significant advancements of optimization methods and computing resources, these problems



1.3 Optimization in Electrical Engineering 3

can be solved efficiently with recently developed optimization models and software tools. More
importantly, the advances in computing resources enable these optimization tools to operate in the
real-time manner. This motivates the extension of innovative applications of optimization in the area
of signal processing.

One known application of optimization in the domain of signal processing was the design of linear
phase finite impulse response filters in which filter coefficients are optimized [21,22]. In array signal
processing, multiple sensor outputs are linearly combined together to form a composite array. The
output weights are then optimized to form a desired pattern [23]. The parameters of classification
algorithms in statistical and machine learning are determined with optimization methods [24]. Image
and speech processing applications take advantage of optimization techniques for noise removal,
recognition, and automation [25-27]. Parameter estimation and data fitting are also optimized
using fitting moving average (MA) or autoregressive moving average (ARMA) models [28, 29].
The performance of many functional blocks in communication systems and networks including
equalization, pulse shape design, demodulation, detection, antenna selection, compressed spectrum
sensing, etc. is improved using optimization methods [30-32].

1.3.2 Circuit Design

With the development of VLSI technology, integration of mixed analog—digital circuits as a complete
system on a chip is in progress. Although the analog part forms a small part of the entire circuit, its
design is much more difficult due to the complex nature of analog circuit design and the trade-off
between several number of parameters.

This design is often done in two stages [33]. In the first stage, the circuit topology and structure
is constructed. Then, in the second stage, the circuit parameters such as the size of elements are
determined in order to optimize performance measures such as area, gain, and consumption power.
This stage that is traditionally done by hand using analytic equations is an iterative and time-
consuming task without guarantying the optimal performance. Consequently, analog circuit design
automation techniques become essential to obtain the optimal performance with the minimum time
effort [34].

To overcome the aforementioned complexities and drawbacks, optimization methods have been
employed by the researchers [35]. Due to a trade-off between several performance measures, design
problems in this area mostly appear in the form of multi-objective optimization. Optimization methods
and tools not only reduce the time of circuit design but also result in more efficient, robust, and cost-
effective circuits.

Analog circuit design based on geometric programming has been presented in [36]. Applications
of evolutionary optimization methods in the design of analog integrated circuits have been surveyed
in [37]. A particle swarm optimization method is used in [38] towards multi-objective circuit design
and extracting Pareto feasible points. Parameter optimization and device sizing using evolutionary
algorithms have also been presented in [39] and [40]. Furthermore, the implementation of radio
frequency energy harvesting circuits is also done using optimization methods in [41].

1.3.3 Resource Allocation in Communication Networks

Due to the diversity in the number of supported users and services, communication networks
have demonstrated their importance and progressing role for the community over the years. The
performance of these networks is highly impacted by the methodologies employed to design and to
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allocate communication resources among the network entities [42]. The resources appear in a number
of forms including time, geographical space, transmitted power by antennas, frequency spectrum
provided by the network utility, buffer spaces in the network equipment, etc. The purpose of resource
allocation in communication networks is to intelligently assign the limited available resources among
the network entities in an efficient way to satisfy the user’s service requirements [43].

With the fast development of communication networks and diversity in the number of transmission
technologies, resource allocation becomes a challenging issue. In particular, complexities in the
network topology, different radio technologies in wireless communication, environmental concerns,
diversity in user requirements, and growing demand for high-speed data transmission cause the
resource allocation to be more critical. To satisfy this requirement, a number of tools including
optimization theory, control theory, game theory, and intelligent methods have been employed recently
to model and to design resource allocation methodologies in communication networks [44—46]. Due
to the dynamic nature of communication parameters such as the communication channels and the
transmitted traffic, these methodologies need to be of low computational complexity to operate in a
real-time manner.

A typical wireless communication network consisting of a base station (BS) and a number of
receivers is shown in Fig. 1.1 [47]. Associated with each receiver, there is a queue to buffer arrival
data packets by a block known as the rate controller. The packets are then scheduled to be transmitted
by a radio known as the scheduler. The scheduler decision is mostly based on the network quality
of service requirements and the provided information such as the queue state information (QSI) and
channel stated information (CSI). The performance of the network in terms of the joint performance
of the rate controller and the scheduler is usually formulated into an optimization problem, known
as the network utility maximization. The problem is then solved by decomposing it into individual
subproblems in the rate controller and scheduler blocks.

The resource allocation in communication networks has been addressed by many research
publications recently using optimization methodologies. Rate control of data transmitters has been
used as a way to combat congestion in communication networks [48]. Allocation of resources among
different protocol layers in wireless networks has been done using an approach known as cross-
layer design [49, 50]. Joint rate control, routing, and scheduling in wireless networks in different
radio technologies has been decoupled into distinct problems in different protocol layers [46, 51].
In addition to proposing general frameworks of resource allocation in wireless communication, each
radio technology and topology in wireless networks can also be investigated in more detail from this
viewpoint, e.g., cellular networks [52], device-to-device communication [53], and wireless sensor
networks [54].
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1.3.4 Power Dispatching

Power generation units in electric power systems face a number of constraints such as fuel, generation
levels, ramping rate, output uncertainties, and the system load demand. The process of power
dispatching is to determine and to allocate generation levels to generation units in order to satisfy
the load and power demand in the network while considering the units and the network constraints.
Mostly, the objective in power dispatching is to minimize the cost of power production, which
is known as economic power dispatching problem [55]. Due to the constraints of the network
and generation units, transmission losses, and generation and load uncertainties, power dispatching
problem has been a challenging issue for decades [56].

To overcome the complexity of power dispatching, optimization and control tools have been
employed widely by the researchers [57]. Intelligence-based optimization tools have been employed
widely for dispatching problems [58,59]. The uncertainty from both sides of generation and demand in
next-generation power grids needs new techniques on stochastic modeling and optimization [60,61].
A comprehensive discussion of deterministic and stochastic optimization techniques towards optimal
power flow, with an emphasis on the advantages, disadvantages, and computational characteristics of
each technique, is presented in [62] and [63].

Power dispatching problem is even more critical in next-generation power grids consisting of
new blocks, known as microgrid (MG) [64]. An MG is a small electrical distribution system that
interconnects multiple customers, distributed generators (DGs), renewable energy sources, and storage
energy systems (ESSs). The MGs are known as the main building blocks of the future smart grids
and are typically characterized by multipurpose electrical power services to communities that are
connected via low-voltage networks. Due to the capability of MGs to operate in an interconnected
mode, power dispatching problem in MGs is mostly addressed by establishing a set of power
flows among MGs in the literature [61], as shown in Fig.1.2. Moreover, MGs can contribute
to regulating power management by injecting their surplus active/reactive powers. The network
operator has the responsibility of managing the regulating power [65]. To ease the implementation of
power dispatching and regulating in interconnected MGs, wireless communication infrastructures and
protocols have been proposed in [66] and [67].

1.3.5 Optimal Load-Frequency Control

Load-frequency control (LFC) loop as the main part of automatic generation control (AGC) in power
systems is responsible to minimize the system frequency deviation and balance the grid load and

Fig. 1.2 Power flow in
interconnected MGs
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generated power. In addition to minimizing the frequency change in a control area, the LFC must
maintain the power interchanges at the scheduled values with other connected control areas. These
objectives are satisfied by measuring the area control error (ACE) signal representing the real power
imbalance between power generation and load via the following linear combination of net power
interchange and frequency deviation (for typical area i) [68]:

ACE; = APiic,i + BiAfi (1.1)

where A Py, ; is tie-line power change, Af; is the area frequency deviation, and g; is the area bias
factor.

A conceptual LFC response model is shown in Fig. 1.3. The AP, is the generator mechanical
power change, R is the speed droop characteristic showing the speed regulation due to governor
action, and A Py is the load/generation disturbance. The A Py is the (LFC or secondary) control action
signal. The « is participation factor of generating unit in the LFC. Market operator is responsible
to balance the system generation-load in a reliable, secure, and economic way. Market operator can
change the bulk generators setpoint, participation factor, and power dispatching through the LFC and
higher control level. These parameters are fully explained in [68, 69].

The LFC synthesis problem in a multi-area power system can be easily solved using the following
optimization problem over all controllers k; € Kg (Ky is set all feasible stabilizing controllers),
considering a constraint on the control action signal, with the upper limit uq:

min |ACE;|, Vi (1.2a)
kjEKS
subject to |A Pg| < ugp (1.2b)

1.3.6 Optimal Operational Planning in Microgrid

In order to allow seamless deployment of MGs, the relevant operation and control challenges should
be solved. Consider an MG with several renewable energy sources such as photovoltaic (PV) and
wind turbine (WT) units, ESSs, and conventional DGs (CDGs) such as diesel engine and micro-gas
turbines (MGT). In order to follow an optimal operational planning in this MG, the environmental and
economic issues must be taken into account by the MG control center (MGCC) [70]. For this purpose,
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two stages are usually required. First stage is a day-ahead operational planning algorithm for the
minimization of CO; emissions and fuel consumption by the CDGs. This algorithm may solve the unit
commitment problem (UCP) (e.g., using a dynamic programming) with predictions of the available
energy from PV and WT generators, the power demand from the loads, and the state of charge (SOC)
of ESSs. Based on these data, this stage gives power references for CDGs while maximizing the use
of PV and WT generators and reducing equivalent CO, emissions and the economic operating cost.

The second stage may be implemented during the day and consists in reducing variations due to
the power uncertainty (from the PV/WT production and load demand). This stage enables to retrieve
day-ahead calculated optimal economic costs and/or CO; emissions. Ensure uninterruptable power
supply to the loads, maximize renewable generation in the energy mix, and minimize the economic
costs and the CO» equivalent emissions of the CDGs. The later task can be done by setting the CDGs
power references such that they produce the minimum pollution and have minimum startups and
shutdowns are important objectives of the MGCC. A general scheme to formulate and solve the
optimal operational planning problem for cost minimization and CO; equivalent emissions reduction
is depicted in Fig. 1.4.

The dynamic programing-based optimization procedure can be performed with three different
objective functions: minimization of the CO, equivalent emissions from the CDGs, the consumed
fuel and a trade-off between these two functions. In [70], the objective function of UCP with dynamic
programming is applied to minimize the CO; emissions and cost according to the given operational
planning scheme in Fig. 1.4. To solve the objective function, different power and reserve dispatching
strategies are performed under several nonlinear constraints.

Fig. 1.4 Scheme of the Weather forecast
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Fig. 1.5 An inverter-based DG with droop control

1.3.7 Microgrid Voltage-Frequency Control

An MG may include several DGs. Figure 1.5 shows an example of an inverter-based DG for supplying
a local load through a line in an MG. The DG is connected to the load bus via a line impedance Z /6.
Z = R + jX is the interconnection line impedance and 6 is the impedance angle. The LCL output
filter has been added to prevent the resonance impact in the output network. Also, the LCL damps the
distortion of output sinusoidal waveform and reduces high-frequency harmonics caused by switching
operations of the inverter [70].

In Fig. 1.5, fo and vy are, respectively, rated as nominal frequency and voltage of the MG. Py and
Qo are the nominal values of active and reactive powers, respectively. If a change happens in the
frequency or voltage of inverter, the impact can be observed on the output active and reactive powers
of the inverter. The amount of suitable frequency and voltage deviation can be achieved through
the droop characteristics. The calculated powers are used by the Droop Control block to provide
corresponded voltage and frequency deviations. The droop control stabilizes the DG’s frequency and
voltage following load changes.

It is shown in [71] that by properly estimating the line parameters, the droop control would
exhibit high performance and acceptable response at different load change scenarios. For this purpose,
an objective function must be determined to minimize the frequency and voltage fluctuations.
For example, simultaneous control of frequency and voltage can be presented in the following
optimization problem:

min ZaiIAfi(x)l + Bil Avi(x)] (1.3a)

subjectto |Afi| < Ef, |Avi| < E,, leinfRi

< RIMax xmin < x, < xMaX (1.3b)

where x is the line resistance (R) and reactance (X) of DGs, f(x) is the objective function, Af; is
the frequency deviation of the ith DG output, Av; the voltage deviation of the i-th DG output, «; is
the stress coefficient of frequency in node i, B; is the stress coefficient of voltage in node i, n is the
total number of DGs in the MG, E is the maximum allowable frequency deviation, and E, is the
maximum allowable voltage deviation. For optimal estimation of line parameters, the particle swarm
optimization (PSO) evolutionary algorithm has been used in [68], and the obtained values are tested
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on an MG case study. In [71], to solve the same optimization problem in an MG with numerous DGs,
an adaptive neuro-fuzzy inference system is used instead of the droop control.

1.3.8 Wide-Area Power System Oscillation Damping

Wide-area power system oscillation damping using wide-area measurement system (WAMS) with
phasor measurement units (PMUSs) is an important issue in a modern electric power system design
and operation. An accurate monitoring can be achieved by the technique of phasor measurements
and global positioning system (GPS) time signal. Proper grasp of the present state with flexible wide
area control and smart operation address significant elements to maintain wide-area stability in the
complicated grid with the growing penetration of RESs/DGs and MGs [72].

Using PMU-based WAMS, the parameters of the power system stabilizers (PSSs) and/or automatic
voltage regulators (AVRs) can be adjusted using an on-line monitoring-based optimal tuning mech-
anism. This control architecture is conceptually shown in Fig. 1.6. This figure shows the schematic
diagram of the concept of optimal damping controller based on the wide-area phasor measurements.
The small signal stability assessment with phasor measurements is well discussed in [72]. The
stability of the inter-area low-frequency oscillation mode can be investigated by adopting the method
to estimate the oscillation dynamics with a simple oscillation model. The estimated low-order model
based on the measurements represents power system oscillations, and can be used to design/tune PSSs.

To stabilize the dominants oscillation modes, the specified PSSs (and/or AVRs) in a power system
can be tuned based on the estimated low-order oscillation model. The effectiveness of tuning approach
can be assessed more properly by evaluating the eigenvalues of estimated oscillation model which is
obtained from the measurement data. One may tune the damping controllers gradually, and in each
step, the effect of tuning is assessed by eigenvalues of the low-order oscillation model that is estimated
again using the phasor fluctuations after tuning control.

In [72], a coupled vibration model with two dominant electro-mechanical modes (a dominant
and a quasi-dominant modes) associated with the angle stability is discussed. The result shows that
the approximated model estimates two conjugate eigenvalues, properly. In addition, the trend of the

Fig. 1.6 A structure for
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variation of both eigenvalues with parameter change coincides well with each other. Therefore, the
extended coupled vibration model can correctly evaluate the stability change with tuning of PSS
parameters.

The PSSs parameters are determined to improve damping ratios of two low-frequency modes of the
model, that is, to maximize the following objective function J under the constraint that all eigenvalues
lie on the left-hand side of the complex plane:

N(xi)

max J = min (1.4a)
VRO 4+ 3()?

subject to N(A;) <0, Vi (1.4b)

where A; is the i-th eigenvalue of estimated low-order oscillation model. The Re(;) and J(A;) denote
the real and imaginary parts of the i-th eigenvalue, respectively.

1.4  Purpose and Structure

This book aims to provide students, researchers, and engineers in the area of electrical engineering
with a textbook in mathematical optimization. Using a readable wording without getting involved
into the details of mathematical theorems, the book tries to highlight fundamental concepts of
optimization used in electrical engineering. From simple but important concepts in optimization such
as unconstrained optimization to highly advanced topics such as linear matrix inequalities and artificial
intelligence-based optimization methodologies have been collected together in the book.

The reader is motivated to be engaged with the content via numerous application examples of
optimization in the area of electrical engineering throughout the book. This approach not only provides
relevant readers with a better understanding of mathematical basics but also reveals a systematic
approach of algorithm design in the real world of electrical engineering. The content of the book is so
arranged and ordered that anyone with a basic knowledge in mathematics can follow the chapters.

Overall, the book contains specific and useful optimization materials in engineering. University
students and academic researchers in electrical engineering are primary audiences of the proposed
book. Indeed, the book can be used as a textbook for this society. Moreover, the book can be used as
a supplement book by university students, design engineers, and academic researchers in other areas
of engineering.

1.5 Organization

The book proceeds with an extended review of linear algebra in Chap.2 that is a prerequisite to
the mathematical optimization. This chapter provides an intensive review of linear algebra with
the aim of covering mathematical fundamentals in the following chapters. It discusses vector and
matrix spaces, and their application in analyzing the solution of a set of linear equations. The chapter
then discusses well-known quadratic forms and introduces positive and negative definite properties
accordingly. Matrix diagonalization and decomposition is presented using eigenvalue and singular
value definitions. Then, some calculus concepts such as level set, gradient, and Hessian are finally
presented.

The concept of optimization including objective function, optimization variable, feasible set, and
optimal value is introduced in Chap. 3. This is done using the set constrained optimization as the
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simplest form of optimization. The chapter then discusses some conceptual optimality conditions for
the set constrained optimization. A number of basic and general iterative optimization algorithms are
then introduced with extensive examples.

Chapter 4 discusses convex programming as a category with a wide range of applications in all
fields of engineering. This kind of programming is characterized by some conditions and properties
in the construction of functions used in the objective and constraint functions. One major advantage
of convex programming is that any local optimal point is also global, which brings forward a great
step in the solution of convex optimization problems. The chapter first defines convex sets and convex
functions, using which the definition of a convex programming problem is determined. To clarify
these definitions, appropriate application examples in electrical engineering are given accordingly.

Solving an optimization problem in general is difficult. Chapter 5 discusses the concept of duality
as a framework to transfer the problem into another domain, known as dual domain. Based on the
achievements from this domain, Karush—Kuhn-Tucker (KKT) conditions are introduced, which are
helpful in finding optimal solutions in general optimization problems. Some application examples in
electrical engineering are given, accordingly.

Chapter 6 presents the application of linear matrix inequalities (LMIs) in real-world engineering
optimization problems in both convex and non-convex categories. The LMI is used as a powerful
mathematical language for reformulation of a wide range of optimization problems. As examples,
some robust optimization problems are formulated and solved via the LMI-based optimal H, and
mixed H,/Hyo control theorems. In order to solve non-convex optimization problems, iterative LMI
algorithms are introduced. The chapter is supplemented by several illustrative examples and MATLAB
codes.

Chapter 7 shows that how using the artificial intelligence (AI) and nature-inspired searching
methods relaxes some constraints as well as limitations of well-known optimization approaches, and
increases the number of solvable optimization problems. The application of artificial neural networks
(ANNSs), particle swarm optimization (PSO), and genetic algorithm (GA) for solving the practical
optimization problems is explained. The key ideas and several application examples are presented.
The flexibility and simplicity of Al and evolutionary-based algorithms in solving of complex multi-
objective optimization problems are emphasized.
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Abstract

Linear algebra is a broad topic in mathematics with a wide range of applications in engineering.
In particular, it is the main prerequisite of optimization. To satisfy this requirement, this chapter
provides an intensive review of linear algebra with the aim of covering mathematical fundamentals
in the next chapters. The chapter begins with an introduction to vector and matrix spaces. It then
employs this introduction to analyze the solution of a set of linear equations which often appear
in constraints of optimization problems. The chapter then discusses eigenvalues, eigenvectors,
matrix diagonalization, and quadratic forms and introduces positive and negative definite properties
accordingly. Some calculus concepts such as level set, gradient, Hessian, and directional derivative
with a broad range of applications in optimization are finally presented.

Keywords
Directional derivative - Gradient - Hessian - Level set - Matrix diagonalization - Vector space

2.1 Vector Space

Vector as a mathematical concept is to represent a set of numbers in a single array in the form of a
column or a row. Here, in this book, vectors are denoted by lowercase boldface letters in a column
array. A real vector a, consisting of a set of real numbers, is indicated in the form of

ai
az
a=| . | eR" 2.1
ap
where ay, az, ..., a, € R are entries of a. Associated with each vector, there is a transpose vector.
The transpose of a column vector a is a row vector indicated by al = [ay,...,a,] and vice versa.
Following is an example in MATLAB:
© Springer Nature Switzerland AG 2019 15
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a =
4
5
1
>> a’
ans =
4 5 1
where a’ denotes a’ in MATLAB. Addition and subtraction of any two same size vectors a and b is
a; £ b
denoted bya+b = : . Moreover, any vector can be scaled using its multiplication by a
a, £ b,
aag
scalar € R as aa = - |. The real vector space R" is closed under vector addition and scalar
aay

multiplication. In other words, the results of these operations on vectors in R” belong to R”.

Definition 1 A set of vectors {a, a3 ..., a,} is called linearly dependent if there exist scalars
oy, a2, ..., 0,,not all zeros, such that:
oja; +azax + - - - + aua, =0. (2.2)

In other words, there is at least one scalar o; # 0. Alternatively, a set of vectors is said to be
linearly independent if the equality in (2.2) implies that all ¢;’s are zero.

1 0
Example I Are vectorsa; = | 2 [ anday = | 5 | linearly independent?
0 6
Solution The equality oja; + apay = O implies @y = oy = 0. Therefore, they are linearly
independent.
2
Alternatively, if we consider the set {aj, ap, a3}, where a3 = | 9 |, it can be written that 2a; 4+ a —
6

a3z = 0. Therefore, the set is linearly dependent.

>> al=[1; 2; 0];
>> a2=[0; 5; 6];
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>> a3 = 2xal + a2
a3 =

O

O

As a special case, a set composed of a zero vector 0 is linearly dependent. Note that in a zero
vector, all entries are zero. Moreover, a set composed of only one vector that is nonzero is linearly
independent.

Following in Theorem 1, linearly dependence is stated in terms of linear combination.

Theorem 1 In a set of vectors {ay, ay, ..., a,}, each vector can be written as a linear relation
or linear combination of the remaining vectors if and only if the set is linearly dependent.

Proof If {ay, a3, ..., a,} is linearly dependent, then there is at least a scalar o; % O such that oja; +
-~ 4+ o;a; + - - - + aya, = 0. This results in:

In other words, a; is a linear combination of the other vectors in the given set. Conversely, without
loss of generality, suppose that a; is a linear combination of the other vectors in the set, i.e., a; =
Bia; + - - - + Bra,, then

pra;+---+(—Da; +---+ Bra, =0.

Because of nonzero coefficient (—1), the set of vector is thus linearly dependent. O

In Example 1, there is a linear combination between ay, a;, and a3, i.e., a3 = 2a; + ap. Therefore,
they are linearly dependent.

To get more insight into the vector space, in the following, a number of well-known terms including
subspace, span, basis, and dimension are introduced.

Definition 2 A subset S of R” is called a subspace if S is closed under vector addition and
scalar multiplication. It is apparent that every subspace contains the zero vector 0.

Definition 3 The space of all linear combinations of a set of vectors {aj, as, ..., a,} is called

the span of these vectors. This is written as:

n
spanfa;.a.....a,] =Y oale; €R (2.3)

i=1
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Definition 4 A set of linearly independent vectors {aj, as, ..., a,} C S which spans S, i.e.,
S = spanlay, ap, ..., a,], is called a basis for S.

Definition S All bases for a subspace S contain the same number of vectors. This number is
called the dimension of S and is denoted by dim S.

For example, consider the vector set:

1 0 0
e1=|(0|,ep=|11],e35=1|0
0 0 1

These vectors span the real space R>. Moreover, as e1, e, and e are linearly independent, they are
1
also a basis for R3, and the dimension of this space is 3. As another example, considereq = | 1 | and
0
vector set {e1, e2, €3, e4}. This vector set also spans R3, but is not basis as it is not linearly independent.
The importance of a basis for a subspace relies on the property presented in Theorem 2, which
states that any vector in the subspace can be represented as a unique linear combination of a basis.

Theorem 2 Let {ay, ay, ...,a,} be a basis of subspace S. Then, any vector a in S can be
represented uniquely as:

n
a=Za,~ai 07 e R.

i=1

Proof Assume that there is a vector a € S with two representations:
a=oajar + -+,

and
a=lglal ++ﬂnan

These two representations imply («; — B1)a; +- - -+ (¢, — By )a, = 0. Because of linearly independent
vectors in {ay, ..., a,}, we can write &1 — B = -+ = a, — Bn = 0 or equivalently o] = f1, a2 =
B2, ...,a, = PBp. Therefore, the linear presentation of a in terms of the basis {aj, ap, ..., a,} is
unique. O
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2.2 Matrix

Matrix is the generalization of the vector concept to represent a set of numbers in two or even more
dimensions. Matrices are denoted by capital boldface letters. In the case of two-dimensional matrix, a
matrix A = {g;;} € R™*" is a rectangular array of numbers or functions in m rows and n columns:

aip a2 ... Ain
azy az . ap

A= ] ] 2.4)
Aml Am2 ° Admn

where q;; is the matrix entry of row i and column j. To ease the representation, let us denote the kth
Aalk

azk
column of A by ai £ . |- Following this notation, then A can be written as A £ [aj, a,...,a,]

Amk
Note that two matrices are equal if and only if they have the same number of rows and columns

and corresponding entries are equal. Similar to the vector concept, associated with each matrix, there
is a transpose matrix. Transpose of A € R™*" is the substitution of row and column entries and is
denoted by AT € R"*™ as:
T
a
T
a
2
AT = (2.5)
a,

T

where the row vector a j

transposition rules:

is the transpose of the column vector a;. Following are a number of

ADHT =A (2.6)
A+B)T =AT + BT 2.7)
(cA)T = cAT (2.8)
(AB)T =BTAT (2.9)

Matrices appear in any general form. However, the following special matrices are important in
understanding the properties of matrices.

* Square matrix: a matrix with the same number n of rows and columns is called a square matrix and
is denoted by A € R"*",
* Symmetric matrix: a square matrix A = {a;;} € R"*" is called symmetric if AT = A ie., ajj=aj;.
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* Diagonal matrix: a square matrix D = {d;;} € R"*" that has nonzero entries only on the main
diagonal is called diagonal matrix. Entries above and below the main diagonal must be zero, i.e.,
dij =0fori # j.

* Identity matrix: a diagonal matrix I = {#;;} whose all entries in the main diagonal are 1 is called
identity or unit matrix, i.e., #;j = 1 fori = j and #;; = O for i # j. It is noteworthy that for each
square matrix A € R"*" and I € R"", Al = 1A = A.

The matrix concept has a number of useful characteristics, which can be used in matrix

manipulation. In the following subsections, four more important characteristics including range and
null spaces, rank, determinant, and minor are introduced.

2.2.1 Range and Null Spaces

Associated with each matrix A, range and null spaces are stated in Definitions 6 and 7.

Definition 6 Let aj, ay, ..., a, be columns of A € R™*". Then, the range space of A is
defined as:

R(A) £ {AX = xja; + X222 + - - - + xpa,|x € R"} (2.10)
or equivalently R(A) £ span[aj, as, ..., a,].

Definition 7 The null space of A € R™*" is defined as:
N(A) £ {x € R"|Ax = 0}. (2.11)

Moreover, the dimension of N (A) is called nullity.

Definition 8 Row operations consist of interchanging of two rows, multiplying a row by a
nonzero scalar, and replacing a row with the combination of itself plus a multiple of another
row. It is noteworthy that under row operations, the rank, range space, and null space of a
matrix will not change. Therefore, row operations can be used to find these characteristics.

4-20
Example 2 Find null spaceof A= 2 1 —1
2-31
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Solution Each row of A represents coefficients of corresponding equation in Ax = 0. Therefore,
using row operations on A, we derive

4-20 A P 4-20 R 4-20
ro=ry—r =
201 1| ZERTS lg 2 1| BT g 2
2-3 1 | n=n3"n/2 |0-21 00 O
. dx1 —2xp =0 .
Therefore, the set of equations Ax = 0 reduces to = that results in xp, =

ZXZ—)C3=0

%X3, x| = %xz = A—I‘X3. Assuming any value for x3, the solution is in the form of:

X1 1/4
X=1[|XxX2]| = 1/2 X3
X3 1

and therefore the null space can be represented by:

1/4
NA =1]1/2|clceRr
1

with dimension or nullity 1. This can be also derived in MATLAB using:
> A=1[4 -20; 21 —-1; 2 =3 11];
>> null (A)

ans =

0.2182
0.4364
0.8729

Note that MATLAB solution has been normalized to be of length unity. O

2.2.2 Rank

The maximum number of linearly independent columns of matrix A is called rank of A and is denoted
by rank A. In other words, rank is the dimension of span[aj, a, ..., a,]. The rank of a matrix is not
changed under the following operations:

* Multiplication of columns by nonzero scalars.
¢ Interchange of columns.
* Addition to a given column a linear combination of the other columns.
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These operations can be used to determine the rank of a given matrix, as shown in Example 3.

3 0 2 2
Example 3 Find rank of A= | —6 42 24 54
21 =21 0 —15

Solution Let a; be the ith column of A. Using the aforementioned column operations, we derive

3 0 2 2

—6 42 24 54

21 =21 0 —15

30 2 2

36 42 24 54

0 —21 0 —15
00 2 2
0 42 24 54
0-210 —15

00 20

0 42 240| = rank A = 2 due to the two remained nonzero linearly

0-2100

A
aj=a;+ap
_
aléal —3/2a3
_

as2a,—(5/7ar+a3)
B ——

independent vectors. This result can also be achieved in MATLAB using:

> A =1[3 02 2; —6 42 24 54; 21 =21 0 —15];
>> rank (A)

ans =
2

For each matrix A € R™*", it can be shown that rank A < min(m, n).
Theorem 3 For each matrix A, rank A = Number of columns—nullity.

Instead of providing a proof, this theorem is verified for Example 3, where the number of columns
is 4 and the rank is 2. The nullity is derived in MATLAB using:

> A =13 02 2;, —6 42 24 54; 21 =21 0 —15];
>> rank (null (A))

ans =

2

which confirms the statement in Theorem 3.
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2.2.3 Determinant

Determinant is an operation defined for square matrices. The determinant of a square matrix A € R"*"
is a scalar function det: R"*" — R denoted by det A or |A|. If det A # 0, A is said to be nonsingular
matrix, otherwise it is a singular matrix. The determinant function has a number of useful properties,
which can be used in matrix manipulation. Before going into these properties, let’s begin with some
simple order determinants.

¢ First-order determinant: if A = a = det A = a.

. . ay a ail a
+ Second-order determinant: if A = | “!! “12 = det A = ey _ ajjax — ajpda].
azy ax azy ax
apl a2 a3 apy apz a3 a3
¢ Third-order determinant: if A=| ay; ap a3 | = det A = a1 ap ax3| = aqy ;
asp aszs
as) azz ass az] azz ass
apn aiz ap apz . .
1241 12413) Ag shown, the third-order determinant has been reduced to the second-
asp ass azp a3

order determinant. Similarly, higher-order determinants can also be reduced to lower-order ones.

543
Example 4 Find determinant of A = | 0 —1 7
002

-1 . . . .
Solution detA =5 ' 7 = (5)(—1)(2) = —10, i.e., the product of diagonal entries. This can also

02
be verified in MATLAB using:

> A=1[54 3, 0-17;, 00 2];
>> det(A)

ans =

—10

Two important properties of the determinant function are stated in Theorems 4 and 5.

Theorem 4 Determinant of a matrix is a linear function of each column. Consider the kth

column of A = [ay,...,a,] as ay = ota,(cl) + ,Ba,(cz), where o, f € R. Then:
deflay, ..., aa,(cl) + ,Ba,(cz), ...,a,] = adefiay, ..., a,(cl), e, ay]

+ Bdeffa, ..., 2", ... a,l. (2.12)
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Theorem 5 Determinant of a matrix with two identical columns or rows is zero. In other words,
if for some i and j, we have a; = aj, then det A = 0.

The proof of Theorems 4 and 5 can be found in the literature of linear algebra [1,2]. Considering
these theorems, the following results can be derived.

1. Determinant of a matrix with a zero column is zero, i.e., det[a;,...,0,...,a,] = 0. This is
derived from Theorem 4 whena = 8 = 0.

2. Determinant does not change if we add to a column a linear combination of the other columns.
This implies that columns of A are linearly dependent if and only if det A = 0.

3. Determinant changes its sign if we interchange columns, that is:

detla|,...,a;,...,a;,...a,] = —detla;,...,a;,...,a;,...a,].

4. LetI, € R™ " be the identity matrix, then det I = 1.

2.2.4 Minor

A pth-order minor of an m x n matrix A with p < min(m, n) is the determinant of a p x p matrix
obtained by deleting m — p rows and n — p columns. Therefore, if there is a nonzero minor, the
columns associated with this nonzero minor are linearly independent. Consequently, the rank of a
matrix is equal to the highest order of its nonzero minors.

2.3  Linear Equations

Linear equations are often raised in the constraints of optimization problems. Therefore, it is of high
importance to investigate the quantity of feasible solutions for linear equations. Consider m linear
equations in n unknowns as:

anxy +apxy + -+ anx, = b (2.13)

ax1X1 +axnxy + -+ ayx, = by

am1X1 + am2x2 + - -+ AunXy = by,

where x;’s are unknowns and a;;’s are coefficients. This set of equations can be represented as xja; +
ayj b1
Xo@) + -+ x,a, = b, wherea; £ | © |andb = | @ |. Alternatively, if A £ [a}, a2, ..., a,],

amj b
the set of equations in (2.13) is represented as:

Ax=b (2.14)
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X

where x £ .| is the vector of unknowns and each row of A represents the coefficients of an
Xn

equivalent equation.

The discussions on the possible solutions of a set of linear equations are summarized in Theorem 6
[1]. The proof is left as an exercise to the reader.

Theorem 6 Let’s include the vector b € R™ as a column in A € R™*" and denote the resulted

matrix as [A b, usually known as the augmented matrix. Then, the system of linear equation
Ax = b, x € R" has:

e A unique solution if and only if rank A = rank [Ab] =n
o Infinite number of solutions if and only if rank A = rank [A b] <n
e No solution if and only if rank A < rank [A b].

Example 5 Find the number of solutions in the following set of equations:

x1—x2+x3=0
—x1+x2—x3=0
10x7 + 25x3 = 90
20x1 + 10x, = 80

1 -1 10
-11-10
0 10 2590
20 10 0 80
in Example 3, we derive rank [A b] = rank A = 3. Considering Theorem 6, this equation set has a
unique solution. It can be computed in MATLAB as:

Solution The augmented matrix is [A b] = . Using column operations as described

> A=1[1 -11; -1 1 —1; 0 10 25; 20 10 0];
> b = [0; 0; 90; 80];

>> X = A\b
X =
2.0000
4.0000
2.0000
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24 Inverse
The inverse of square matrix A € R"*” is denoted by A~! € R"*” such that:
AATT=ATTA =1 (2.15)

where I is the identity matrix. The inverse of a matrix does not exist in general. If A has an inverse,
then A is called a nonsingular matrix. Otherwise, it is called a singular matrix.

543
Example 6 Find inverse of A = |0 —17 |.
00 2

Solution This can be done in MATLAB using:
> A=1[543;0-17; 00 2];

>> inv (A)
ans =
0.2000 0.8000 —3.1000
0 —1.0000 3.5000
0 0 0.5000

>> Axinv (A)

ans =
1.0000 0 —0.0000
0 1.0000 0
0 0 1.0000
O

The condition on existing of the inverse of a square matrix is stated in Theorem 7.

Theorem 7 The inverse A~' of A € R"*" exists if and only if rank A = n, i.e., A is full rank.

Proof Letb € R” be a linear combination of columns of A. To prove the theorem, first assume that
A~! exists. Multiplying both sides of Ax = b by A~!, we derive x = A~!b that is a unique solution.
Following Theorem 6, A must have rank #.

Conversely, let rank A = n. Then, the system of equation Ax = b has a unique solution in the form
of x = Bb, where B is an n x n matrix. Substituting x in Ax = b = ABb) = b = (AB)b =
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b = AB = I. On the other hand, x = Bb = BAx = BA = 1. From both AB = I and BA =1, itis
concluded that B=A~1. O

Theorem 8 If A has an inverse, the inverse is unique.

Proof Assume that two matrices B and C are inverses of A. Using B = BI = B(AC) = (BA)C =
IC = C, it is concluded that B = C. Therefore, the inverse is unique. O

2.5 Inner Product

For every a and b € R”, the inner product function < ., . >: R" x R” — R is defined as:

n
(a,b):aTb=Zaibi =a1by + -+ a,b,. (2.16)
i=1
For example, if:
1 3
a=|[5|,b=|4|= (a,b)=1A3) +G)@ + (1) = 30.
7 1

30

In particular, the vectors a and b are said to be orthogonal if (a, b) = 0. Moreover, (a, a) > 0 and
(a,a) = 0ifand only ifa = 0.

A well-known inequality in the context of inner product is Cauchy—Schwarz inequality stated in
Theorem 9. The proof can be found in the literature of linear algebra [1,2].

Theorem 9 (Cauchy-Schwarz Inequality) For any two vectors a, b € R", the inequality:
|(a, b)|* < (a, a) (b, b)

holds. The equality holds if a = ob for a € R.
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2.6 Norm

For any a € R", the pth-order norm function is denoted by |/a|| ,. The mathematical operation depends
on p. Following are a number of well-known norm operations:

« 2-norm or Euclidean distance : ||a]» = /{a, a) = vaTa = Jai+ - +al.
e l-norm: ||lally = |ai| + |az| + - - - + |an].

e oo-norm: ||alleo = max{|ayl, |az|, ..., |an|}.

* p-norm: ||a||, = (la1|? + |az|? + - -+ + |an|P) /7.

Any pth-order norm operation of a can be computed in MATLAB using norm (a, p) command.
Norm operations have the following properties:

e Ja]| = 0, ||a]| = 0if and only if a = 0.

* llrall =Irllall, r € R.

e Triangular inequality: ||la 4+ b|| < Ja|| + ||/b]| (this can be concluded from Cauchy—Schwarz
inequality).

* In the usual 2-dimensional space, (a, b) = | a||||b]| cos &, where 6 is the angle between a and b.
This is a geometric representation of the inner product.

Finally, the norm operation is also extended for matrices. In particular, the Frobenius norm of
matrix A € R™*" is defined as:

iia?j (2.17)

i=1 j=1

IAllF =

2.7 Eigenvalues and Eigenvectors

Consider a square matrix A € R™*". A scalar A is called an eigenvalue of A if there is a vector
v # 0 € R” such that:
Av = Lv. (2.18)

v is also called the eigenvector corresponding to eigenvalue A. Equation (2.18) says that Av does not
change the direction of v, it only can change the magnitude and/or sign in the direction of v [4].

From Av = Av, we derive (A — AI)v = 0, where I is the n x n identity matrix. Because of
nonzero solution v for this equation, it is concluded that matrix (A — AI) is singular and its columns
are linearly dependent. Consequently, the necessary and sufficient condition for existing eigenvalue A
is det (A — AI) = 0. This alternatively results in a characteristic equation as:

M ap Nt ai +ag=0 (2.19)

with n roots as eigenvalues.

Example 7 Find eigenvalues and eigenvectors of A = |:_25 _22i| .
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Solution det (A — AI) = ‘_5 —r 2

—_ _ _ _ _ _ 2 _ _
) —2—x’—(5 M(—2—-2) —4=224+TA+6=0= 1 =

—6, Ay = —1. A set of feasible solutions for Avi = A;v; and Avy, = Apvy are vi = |:_(1) 5i| and

1 . . . .
vy = |:2], respectively. Eigenvectors v; and v, are linearly independent. O

Moreover, the following command in MATLAB returns the normalized eigenvectors in V and
eigenvalues in the main diagonal of D. Note that the eigenvectors have been normalized to be of
length unity.

> A =[-5 2; 2 -2];
>> [V,D] = eig(A)

V =
—0.8944 —0.4472
0.4472 —0.8944
D =
—6
0 -1
Theorem 10 Suppose that vi, va, ..., V, are eigenvectors corresponding to distinct eigenval-
ues M, A2, ..., Ay. Then, vy, va, ..., v, are linearly independent vectors.

The proof can be found in the literature of linear algebra [1,2].

2.8 Matrix Diagonalization

Matrix diagonalization is the process of taking a square matrix A € R"*" and transforming it into a
special form of:
A=vVDV'! (2.20)

in which V and D € R"*" and more importantly D is in a diagonal form. Here, matrix V diagonalizes
matrix A. The process of diagonalization is described in Theorem 11.

Theorem 11 The square matrix A € R™" is diagonalizable if and only if it has n linearly
independent eigenvectors.

Proof Assume that A has n linearly independent eigenvectors {vi, va, ..., v,} and corresponding
distinct eigenvalues {A1, A2, ..., A, }, according to Theorem 10. Let V £ v, va, ..., V,] and write
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AV = A[vy, ..., Vv, =[Avy, ..., Av,] = [AV], ..., AV, ] = VD
where:
A 0 ... 0
D2 0x : O
00 : A

is a diagonal matrix containing eigenvalues in the main diagonal. As a result of linearly independent
eigenvectors, the matrix V is invertible and we can write A = VDV~! or equivalently D = V1AV,

Conversely, if A is diagonalizable, then V the matrix of eigenvectors is invertible. Therefore,
eigenvectors are linearly independent. O

Example 8 Find the matrix that diagonalizes |:g _61]

Solution First, we find eigenvalues and eigenvectors:

det (A — AI) =

‘2_’\ =Q2-M(=1-2)=0=2r =2, =—1

0 —1—x‘

Since eigenvalues are distinct, according to Theorem 11, we claim that the matrix D = [(2) _01] that

contains eigenvalues on the main diagonal can diagonalize A. As a verification, note that a set of

feasible solutions for Av; = A;v; and Avy, = Apvy are v| = [(l)i| and vp = |:_12i|, respectively.

Therefore, we form VasV = [(1) _12] and moreover V™! = [(1) ?:| Substituting in (2.20), we derive

2 6

-1 _
VDV _[O_

1j| that is the same matrix of A. The solution can also be done in MATLAB as:

> A=[2 6; 0 —1];
>> [V,D] = eig(A)

V =

1.0000 —0.8944
0 0.4472

[\
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For square matrices that are real and symmetric, the diagonalization derivation can be more
simplified. Before doing this, consider Theorem 12.

Theorem 12 FEigenvectors of real symmetric matrix A € R"*" are mutually orthogonal.

Proof Here, the theorem is proved only for the case of distinct eigenvalues. Let {A1,...,x,} be n
distinct eigenvalues of A corresponding to eigenvectors {vy, ..., V,}. For any A; and A ;, we have

)»iViTVj = ()»iV,')TVj = (AVi)TVj = ViTATVj.

Now, AT = A implies AiviTVj = VZ»TAV]' = viTAjvj = Ajviij. Ifr; #21; = Vl-TVj = 0. Therefore,
eigenvalues are mutually orthogonal. O

For square matrices, if each eigenvector v; is also normalized to be of length unity, then Vl.T vi=1
for all i. Under the assumption of V = [vy, v2, ..., v, ] and considering two derivations ViT v; = 0and
ViTVi = 1, we conclude V'V = I and equivalently to V~! = V7 Substituting in (2.20), we finally
derive

n
A=VDV" =3 "nviv] (2.21)
i=1

which is known as the diagonalization for real, square, and symmetric matrix A [4].

2.9 Singular Value Decomposition

Matrix diagonalization in Sect.2.8 is valid only for square matrices. For the case of non-square
matrices, the diagonalization appears in the form of singular value decomposition that is the topic
of this section.

29.1 Singular Value

Definition 9 The singular values of an m x n matrix A with m > n are the square roots of
the nonzero eigenvalues of the symmetric n x n matrix AT A listed with their multiplicities in
decreasing order o1 > 03 > -+ > g, > 0. If m < n, then the nonzero eigenvalues of the
symmetric m x m matrix AAT are considered rather than AT A.

01
Example 9 Find the singular values for matrix A = [ 1 1
10
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01
Solution Consider ATA = |:(1) } (1)] 11| = [? §i| The characteristic equation is det (ATA —
10

AL) = (2 — A% —1 = 0. Then, we have two eigenvalues Ay = 3 and A = 1. According to
Definition 9, the corresponding singular values are o1 = v/3and oy = 1. O

Remark 1 Let opax (A) be the maximum singular value of an m x n matrix. Then, 2-norm of A is
defined as |A]l2 = omax (A) = /Amax (ATA).

2,9.2 Singular Value Decomposition

The singular value decomposition (SVD) of a matrix A is very useful in the context of least squares
problems and analyzing properties of a matrix. The existence of decomposition is investigated in
Theorem 13.

Theorem 13 Let A be an m x n matrix with m > n. Then, there exist symmetric orthogonal
matrices Uy xm and V,x, and a block diagonal matrix X,,«, = diag(oy, o2, ...,0n) with
order oy > 03 > --- > 0, > 0 such that:

A=UxV’. (2.22)

The proof can be found in the literature of linear algebra [2]. The column vectors of U =
[ay, ..., u,] are called the left singular vectors, and similarly the columns of V = [vq,...,V,]
are the right singular vectors of matrix A. The columns of U and V are orthonormal, and the matrix
¥ is diagonal with positive real entries of o;. Unlike the more commonly used spectral decomposition
in linear algebra, the SVD is defined for all matrices (rectangular or square).

Let [ £ min(m, n), then the matrix X can be represented as

5 :[ i Ox—n ] (2.23)
06n—1yx1 Om—1yx@m—1)

where ¥ =diag(o1,02,...,0)ando; > o2 > ...,>0; > 0.

Since the matrix ¥ must be of dimension m x n (the same size as A), to maintain dimensional
consistency, it should be padded with zeros either on the bottom or to the right of the diagonal block,
depending on whether m > n or m < n, respectively. In MATLAB, the function svd computes the
SVDas [U, S, V] = svd(A), where S denotes X.

If o, > 0 is the smallest singular value greater than zero, then the matrix A has rank r, and r </
. In this case, U and V in (2.22) can be partitioned as U = [U;,Us] and V = [V, V>], where
U; =[uy,...,u-]and V| = [vy, ..., v,] have r columns. Then

%0 d
A=[U; U] [ o 0] Vi Val" =UIZ, V] =) o] (2.24)

i=1
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While equation (2.22) presents the full decomposition with square matrices U and V, equa-
tion (2.24) gives the reduced or the economy version of the SVD. In MATLAB, the economy size
decomposition of matrix A is achieved using [U, S, V] = svd(A, 0),where S denotes X,.

If dimension of A is m xn with m > n, then only the first n columns of U are computed and the size
of X, isn x n. Forn > m, svd (A, 0) is equivalent to svd (A) . The function svd (A, ‘econ’)
also produces the economy size decomposition. If A is m x n with m > n , then it is equivalent to
svd (A, 0).Form < n, only the first m columns of V are computed and X, is m x m.

Example 10 Using svd function, find an SVD (full and economy decomposition) for the given
matrix A in Example 9.

Solution This is done as:

>> A=[0 1;1 1;1 O]

A =
0 1
1 1
1 0
>> [U,S,V] = svd(A)
U =
—0.4082 0.7071 0.5774
—0.8165 0.0000 —0.5774
—0.4082 —0.7071 0.5774
S =
1.7321 0
0 1.0000
0 0
V =
—0.7071 —0.7071

—0.7071 0.7071

>> [U,S,V] = svd(A,0)

U =
—0.4082 0.7071
—0.8165 0.0000
—0.4082 —0.7071

S =
1.7321 0
0 1.0000

V =
—0.7071 —0.7071

—0.7071 0.7071
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Example 11 Compute the reduced version of SVD for matrix B = [% ﬂ

Solution B is of rank 1. First, we need to compute B” B and its eigenvectors.

T [55
B B_[ss

The characteristic equation is det (BTB — AL) = (5 — A)2 — 25 = 0. Then, the BB has two
eigenvalues A1 = 10 and A» = 0. So, the corresponding singular values are oy = +/10 and o, = 0. For
reduced SVD, the nonzero singular value must be considered (i.e., o1). The corresponding eigenvector
of A1 is obtained as follows:

T =55 . |1
B B_)LIIZ)XI—[S _s x1=0=x| = |

1

Normalized form of xq gives v| = |:“/1§:| Now, to find u;, we multiply v; by B as:

7

i
w =[] 2]-[25])
2
From (2.24), the unit vector u; can be obtained as follows:

Bv, 1 |:2\/§:| %
ul = = — = 1 .
o1 10 V2 NG
This gives the reduced SVD as:

2
B leldlvlT = |:£:| «/ﬁ[% \/LE:I
5

2.10 Quadratic Form

A quadratic form is a polynomial function in which the highest-degree term is of degree 2. A general
quadratic function f : R” — R is in the form of:

f& =x"Qx =" "xiqijx; (2.25)

i=1 j=1
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Fig. 2.1 Curvature of quadratic functions

where Q is a square matrix in R"*" with {g;;} entries and x € R". Without loss of generality, Q
is assumed to be symmetric. If not, it would be possible to replace it with an equivalent symmetric
matrix Qo = 3(Q + Q) such that f(x) = x” Qx = x” Qox.

Example 12 Find the quadratic form for Q = I:Z g

Solution Let x = i = xT'Qx = [x] x2] 3411 = 3x12 + 10x1x2 + 2x%. Moreover, let
X2 62][x2

Qo = %(Q +Q7) = [z ;] = x'Qpx = 3x12 4+ 10x1x2 + 2x22 that is the same as x’ Qx. O

Following definitions are used to classify quadratic form functions. A quadratic form x” Qx in
which Q = QT is said to be:

* Positive definite, denoted by Q > 0, if x’ Qx > 0 for all x # 0.

¢ Positive semi-definite, denoted by Q > 0, if x7 Qx > 0 for all x # 0.
* Negative definite, denoted by Q < 0, if xTQx < O forall x # 0.

* Negative semi-definite, denoted by Q < 0, if XTQX < 0 forall x # 0.
o Otherwise, x! Qx is indefinite.

To illustrate this classification, the following code in MATLAB generates the graphs shown in the
Fig. 2.1 using three typical functions:

fl
f2

@(x1, x2) x172 + x272;
@(x1, x2) —(x1"2 + x272);



36 2 Linear Algebra Review

f3 = @(x1, x2) xI1"2 — x272;
subplot(1,3,1), ezmesh(fl)
subplot(1,3,2), ezmesh(f2)
subplot(1,3,3), ezmesh(f3)

1. f(x) = x12 + x% = xTQx, , where Q = [(1) (1)j| . For every x # 0, f(x) > 0. Therefore, f(x) is a
positive definite function. As seen, the curvature is upward.
-1
2. f(x) = —(xl2 + x%) = x"Qx where Q = |: 0 _01:| For every x # 0, f(x) < 0. Therefore, f(x)
is a negative definite function. The curvature is downward.
3. f(x) = x? — x3 = xTQx, where Q = |:1 0

0 1] . This function is positive along x| and negative
along x;. Therefore, it is indefinite.
Consider the statement in Theorem 14 to determine whether a matrix Q is positive or negative
definite.

Theorem 14 A symmetric matrix Q is positive definite (or positive semi-definite) if and only if
all eigenvalues of Q are positive (non-negative).

Proof Recall that for a symmetric matrix Q, the diagonalization is in the form of Q = VDV’ as
in (2.21), where D contains the eigenvalues on the main diagonal. Now, for any x € R" and symmetric
Q = VDV, consider

x'Qx =x'VDV'x = (V'x)"D(V'x)

Lety £ VIx = x'Qx = y'Dy = > )\iyl?. Considering this derivation, if x” Qx > 0 for all
x # 0, we drive ZLI kiyiz > 0 for all y;’s, which in turn implies A; > O for all i.

Conversely, A; > 0 for all /i implies ) /| A; yl.2 > 0 for all y;’s and consequently x” Qx > 0 for all
x#0. O

Notice that Theorem 14 can be extended to the case of negative definite matrices. If Q is positive
definite, then —Q is negative definite. Therefore, a symmetric matrix Q is negative definite (or
negative-semi definite) if and only if all eigenvalues of Q are negative (nonpositive).

2.11 Gradient

Gradient is the extension of the derivative operation from a single variable to a multivariable vector.
The gradient of a function of several variables is a vector-valued function whose components are the
partial derivatives of the function. More precisely, the gradient of a scalar and differentiable function
f :R" - Ris denoted by V f(x) and is defined as:
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af (x)
dx]
af(x)
dxp

V() = (2.26)

8 %)

dxp

where % is the partial derivative of f with respect to x; and indicates the rate of increase of f in

the direction of x;.

Example 13 Find the gradient of f(x) = x12 + x32 + 2x1x2 + 2x1x3 + 2x2X3.

Solution Using partial derivatives:
2x1 + 2xp + 2x3
Vi) = 2x1 + 2x3
2x1 + 2xp + 2x3

Moreover, using the MATLAB commands, we derive

>> syms x1 x2 x3

>> f = x172 + x372 + 2xx1*%xx2 + 2xx1%x3 + 2*xx2%xx3;
>> gradf = jacobian(f,[x1,x2, x3])

gradf =

[ 2xx1 + 2%x2 + 2xx3, 2*xx1 + 2%x3, 2xx1 + 2xx2 + 2%x3]

Some well-known forms of gradient functions are:
e fx)=blx,beR"=Vf(x)=b
e f(x) =x'Qx, Q € R™" is symmetric = V f(x) = 2Qx.

2.12 Hessian Matrix

The Hessian of a scalar-valued function is a square matrix containing the second-order partial
derivative functions. This matrix denotes the local curvature of the function. Given f : R" — R,
if V f(x) is differentiable, we say that f(x) is twice differentiable and write the Hessian matrix as:

’?r o2f - 8f
3x12 0x20x] """ 0x,0x]
af 8 f 32 f
H= sz(X) _ 9x10x2 8x§ 0x,0x72 (2.27)
22f oy 02y

0x10x, 0x20x, """ 9x2
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Due to the commutative property of partial derivatives, the Hessian matrix is symmetric. Further-
more:

e fx)=blx,becR"=H=0
e f(x) =x!Qx, Qis symmetric = H = 2Q.

Example 14 Find the Hessian of f(x) = x7 + x2 + 2x1x2 + 2x1x3 + 2xX3.

Solution Using the result of Example 13 and taking the second-order partial derivatives:

222
H=|202
222
111
Alternatively, we can write the quadratic function as f(x) = x'Qx, where Q = | 1 0 1 | . Therefore,

111
V f(x) =2Qx and H = 2Q, which is the same as above derivation. Finally, the MATLAB commands
are as following:

>> syms x1 x2 x3
>> f = x172 + x372 + 2xx1%xx2 + 2xx1%x3 + 2xx2%x3;
>> hessian(f, [x1,x2, x3])

ans =

[ 2, 2, 2]
[ 2, 0, 2]
[ 2, 2, 2]

2.13 Supremum and Infimum

Supremum and infimum are two operations that are used frequently in the literature of optimization.
Before introducing these operations, consider definitions of upper bound and lower bound terms in
Definition 10.

Definition 10 The real number M is called an upper bound of the real set S C Rif x < M
for all x € S. Similarly, the real number m is called a lower bound of S C R if x > m for all
x €S.

Following this definition, the supremum of § is its least upper bound, denoted by sup S. The
supremum is also called the maximum of § if it belongs to S, denoted by max S. Similarly, the
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infimum of S is its greatest lower bound, denoted by inf S. The infimum is also called the minimum
of § if it belongs to S, denoted by min S.

Example 15 Consider the set S = {% |[n € N}, where N is the set of positive integers. Find sup,
inf, max, and min of S.

Solution Inspecting the elements in S, it is seen that sup S = 1 that belongs to S, so max S = 1.
On the other hand, inf S = 0 that does not belong to S, so it is not a minimum. Indeed, there is no
minimum for S. O

Following the definitions of supremum and infimum for real sets, these operations are also defined
for every function f : @ — R as:

sug f(x) =sup {f(X)|x € Q} (2.28)
Xe

and
insf2 f(x) =inf {f(x)|x € 2} (2.29)

where €2 is the domain of f.

2.14 Level Set

For a real-valued function f : R" — R, the level set at a level ¢ € R is the set of points or vectors
satisfying:
S, ={xeR"f(x)=c}. (2.30)

In general, a level set is the set of all real-valued roots of an equation with n variables x1, x7, ..., x,.
If n = 2, the level set is called curve, and if n = 3, the level set is called surface, and for higher values
of n, it is called hyper-surface.

As an example, the following code in MATLAB plots the level sets of the graph of f(x) = x12 + x%
for a number of constant values ¢ in Fig. 2.2 (f(x) = c). As shown, level sets appear in circular forms
for this function. Each curve is labeled with a value indicating its level c.

delta = 0.25;

[x1, x2] = meshgrid(—3:delta:3);
f = x1.22 + x2.72;

¢ = contour(x1l, x2, f); clabel(c);
xlabel (’x_1"), ylabel(’x_2")

In addition to level sets, sublevel sets S_ and superlevel sets S are also defined as:
S =xeR"fx) <c} (2.31)

and
S:F ={x e R"|f(x) > c}. (2.32)
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Fig. 2.2 Level sets of
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Sublevel and superlevel sets are important in optimization theory as the feasible region of inequality
constraints appeared in these forms and they determine the boundary of the optimization feasible
region. Following, in Theorem 15, the relation between level sets and gradient vectors is discussed.

Theorem 15 Consider level set S = {X|f(X) = c} and X9 € S. Gradient vector V f(Xq) is
orthogonal to S at Xq.

Proof Let S be a surface represented by f(x) = c as in Fig.2.3 and f is differentiable. Every curve
C on § passing through a point Xo can be shown as a parametric representation with parameter ¢ as
x = g(t), where g : R — R” and consequently f(g(t)) = c. The tangent vector of every curve C on
S is obtained as:

ax;

o

dg(t a9
Dg(t):%: N (2.33)

0x,

at

All tangent vectors v passing through xo form a tangent plane as in Fig. 2.3. Recall that the normal
vector of this plane is perpendicular to all tangent vectors. Taking derivative of f(g(t)) = ¢ with
respect to ¢ and using the chain rule, we derive

df  f ox ;
dr  ox, ot ax, ot f&Iv=0=Vix Ly

Therefore, it is concluded that V f (x¢) is orthogonal to S at xg. O

Af dxy

(2.34)
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Fig. 2.3 Vf(xp)is
orthogonal to tangent
vector v [3]

Fig. 2.4 Gradient vectors
of f(x) = x? +x2
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As an example, the gradient vectors of f(x) = xl2 + x% are plotted on the level sets of its graph
in Fig. 2.4. As shown, gradient vector at each point is perpendicular to the corresponding level set.
Moreover, the length of each vector corresponds to its magnitude. This is done in MATALAB as:

delta = 0.25;

[x1, x2] = meshgrid(—3:delta:3);

f = x1.22 + x2.72;

[fx1, fx2] = gradient(f, delta, delta);
contour(xl, x2, f); xlabel(’x_1"), ylabel(’x_2")
hold on, quiver(xl, x2, fxl, fx2, 1)

2.15 Directional Derivative

Recall that in the definition of gradient in Sect.2.11, % was the rate of increase of f along

x;. Directional derivative is an extension of this statement in an arbitrary direction. In particular,

d

directional derivative of f : R" — R in the direction of d = | : | is defined by:
dn
af f&E+ad) - f(x)

— = lim

2.35
od a—0 o ( )
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Using the chain rule:

of _ o L0 T

od =Ygy Tt - =VI®
d=(Vf(x),d).

of

Note that if ||d|| = 1, then 375 is the rate of increase of f at x in the direction of d.

Example 16 Compute the directional derivative of f(X) = xjxpx3 in the direction of d =
[2/3, 1/3, 2/3]".

2/3
Solution V f(x)7d = [x2x3, x1x3, x1x2] | 1/3 | = 2823 4 1% 4 0o g
2/3

The concept of directional derivative is important due to its application in optimization theory
pointed out by Theorem 16.

Theorem 16 The maximum increase rate of f : R" — R at point Xo occurs in the direction of
the gradient vector, i.e., V f (Xp).

Proof The directional derivative of f at point Xg in the direction of d is V f (X9)” d that is equivalent to
IV £ (xo)|l|ld]| cos(8), where 6 is the angle between V f (xg) and d vectors. Consequently, Vf(xo)Td
would be maximized if & = 0 or equivalently d = oV f(x) for some « > 0. Similarly, V f (x0)7d
would be minimized if § = 7 or equivalently d = —aV f(x) for some @ > 0. O

The derivation in Theorem 16 is of high importance in optimization theory as we always need
to know the value and the direction of maximum or minimum rate of increase at a given point
in order to reach the optimal solution. This statement is employed frequently in the rest of the
book.

2,16 Summary

Linear algebra as a main prerequisite of optimization in engineering has been reviewed in this
chapter. Beginning with basic terms of vector and matrix spaces, some well-known characteristics
of these spaces including rank, determinant, minor, inverse, inner product, and norm have been
reviewed. Using the properties of these spaces, the number of solutions of a set of linear equations has
been addressed. Furthermore, eigenvalues, eigenvectors, singular values, and diagonalization as more
useful topics in the matrix space have been also discussed. The rest of the chapter addressed quadratic
form functions and a number of characteristics for general form functions such as gradient, Hessian,
level set, and directional derivative. Throughout the chapter, numerical examples have been done, and
more importantly the solutions have been provided with MATLAB scripts.
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Problem 10 Show that row rank and column rank are equal for the following matrix:
1 0 2 2
A=| -2 42 24 4
7 =21 0 =5
Problem 11
(a) Any real symmetric matrix A € R" " has a set of eigenvectors [vy, ..., v,] that are

mutually orthogonal, show that A = Y7, A;v; viT , where {};}?_, are eigenvalues.

(b) Using the result in part (a), show that symmetric matrix A is positive definite if all
eigenvalues are positive.

Problem 12 Let Api, and Apax be the minimum and maximum eigenvalues of a symmetric
matrix A, respectively, and normalized eigenvectors.

(a) Show that:
AminllX[1% < xTAX < Apax [Ix]|.

for any x € R".
(b) If A is symmetric and Apax < ¥, then show that A — yI is negative semi-definite.

Problem 13 Prove that the columns of A = [ay, ..., a,] are linearly dependent if and only if
det A = 0. In other words, the columns of A are linearly independent if and only if det A # 0.

Problem 14 Prove

(a) Sum of all entries of an n x n positive definite matrix is positive.
(b) All entries in the main diagonal of an n x n positive definite matrix is positive.
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Abstract

A basic form of an optimization problem is to minimize or maximize an objective function of real
variables in a given set. This kind of optimization is usually known as set constrained optimization.
This chapter discusses some optimization concepts and conceptual optimality conditions of set
constrained optimization. A number of basic and general optimization algorithms using iterative
search methods such as steepest descent and Newton’s methods are then introduced with extensive
examples.

Keywords
Iterative search method - Least square optimization - Newton - Steepest descent - Unconstrained
optimization

3.1 Set Constrained Optimization Problem

Consider the problem of minimizing a function over a given set. Mathematically, this statement can
be expressed as an optimization problem in the form of:

min f(x) (3.1a)
X
subjectto x € Q2 (3.1b)

where f : R"” — Ris the objective function, x € R" is the optimization variable, and Q2 C R" is the
feasible set or constraint set. Any x € Q2 is called a feasible solution. The optimal solution or optimal
point of this problem is the value of x = x* which has the smallest value of f among all other vectors
in the feasible set. In other words:

x* = argmin{ f (x)|x € Q} (3.2)
or equivalently:

F &) = min{ f(x)|x € Q}. 3.3)
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Note that the problem of maximizing f is equivalent to minimizing — f. Therefore, in this book,
optimization problems are mostly considered in the minimization form.

In problem (3.1), if = R”, then there is no restriction on the value of optimization variables,
except that x € RR”". Therefore, it is called an unconstrained optimization problem. These kind
of problems arise directly in some applications but they also arise indirectly from reformulation
of constrained optimization problems as unconstrained problems. Often, it is common to replace
constraints of an optimization problem with penalized terms in the objective function and to solve
it as an unconstrained problem.

This chapter investigates necessary and sufficient conditions for the optimal solution of set
constrained optimization. Afterwards, a number of well-known algorithms are introduced to solve
unconstrained optimization problems.

3.2 Local and Global Optimal Points

Prior to discussing optimality conditions, the following definitions on local and global optimal points
are introduced.

Definition 1 (Local Minimizer) A point x* €  is a local minimizer of f over € if there
exists € > 0 such that f(x) > f(x*) forall x € Q and ||x — x*|| < €.

Definition 2 (Global Minimizer) A point x* € Q is the global minimizer of f over € if
f(x) > f(x*) forall x € Q.

Definition 3 (Local Maximizer) A point x* € Q is a local maximizer of f over € if there
exists € > 0 such that f(x) < f(x*) forall x € Q and ||x — x*|| < €.

Definition 4 (Global Maximizer) A point x* €  is the global maximizer of f over Q if
f(x) < f(x*) forallx € Q.

In the first two definitions, if we replace > with >, then we have strict local minimizer and strict
global minimizer, respectively. This is also true for strict local maximizer and strict global maximizer
if we replace < with < in last two definitions.

Note that global optimal points are also locally optimal. However, the converse is not true.
Moreover, there could be several global optimal points, all with the same optimal value.

To clarify the mentioned definitions, consider the curve of a one-dimensional function plotted in
Fig.3.1. As shown, the points x = 1 and x = 4 are both local minimizers. Since f(1) < f(4), the
point x = 1 is the global minimizer. Moreover, the points x = —3, x = 3, and x = 5 are local
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Fig. 3.1 Illustration of

local and global optimal
points
=
X
maximizers. Among them, x = —3 has the largest function value. Therefore, x = —3 is the global

maximizer. Furthermore, all points in the range of —1 < x < 0 satisfy the definitions of both local
minimum and maximum. However, they are not globally optimal.

3.3  Optimality Conditions

Recall from Chap. 2 that directional derivative a];# = d”V f(x) is the rate of increase of f at X in

direction d. Based on this statement, feasible direction is defined in Definition 5.

Definition 5 (Feasible Direction) At any point x € 2, a vector d € R” is a feasible direction
if X 4+ ad € Q2 for small enough o > 0.

Feasible direction is used in the derivation of necessary and sufficient conditions of optimality
conditions. These conditions are important in the design of algorithms for set constrained optimization
[1,2], which are stated in the upcoming theorems.

Theorem 1 (First-Order Necessary Condition) Suppose that f : Q2 — R is a differentiable
function over Q2.

(a) If X* is a local minimizer of f over Q, then ATV f(x*) > 0 for all feasible directions d
at x*.

(continued)
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(b) If X* is a local maximizer of f over Q, then ATV f(x*) < 0 for all feasible directions d
at x*.

Proof The proof is given for part (a). Part (b) can be similarly proved by considering function — f.
Let x* be a local minimizer for any feasible direction d, then:

f&) < fX* +ad) =

af (x*)
>0= ad

S +ad) - f(x)
o

>0
ord”Vf(x*) > 0.
O

As a special case, note that if x* is an interior point, the feasible direction is the whole of R". So,
foralld, d”V f(x*) > 0 and —d” V £ (x*) > 0, which implies

Vi) =0.
This means that the gradient vanishes at all local optimal points in the interior of the feasible region.
However, the converse is not true. There could be points which are not locally optimal but the gradient
is zero.

Example I For the problem:

minimize 2x12 + 0.5x1x + x22

subject to x1,x2 >0

verify if the first-order necessary condition is satisfied in the points x = [025] , X = [166] ,X =
0 x— 0
3217 [0f

Solution The gradient is V f(x)= |:4x1 4+ 0.5x2

0.5x1 +2x2
feasible d at given points, as in Fig. 3.2 where contours and surfaces are plotted.

i|. Let’s check out the sign of d” V f(x) for any
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X

Fig. 3.2 Contour and surface plots of f(x) = 2x12 + 0.5x1x2 + x%

i x = |:O'5:|. This is an interior point, and any feasible direction at this point is in the form of

2
d= le| ,dy, dr € R. Therefore, dTV f(x) = 3d; + 4.25d, which is not zero in general and
| a2
thus does not satisfy the condition.
(1) x = 1(')61|. This is a boundary point, and any feasible direction at this point is in the form of
d= Zl:| ,di € R,dr, > 0. So, dTVf(x) = 6.4d; + 0.8d> which can take both positive and
2

negati_ve values. Therefore, it does not satisfy the condition.
(iil)) x = 3 2i|. This is a boundary point, and any feasible direction at this point is in the form of
o,
_d2
and negative values and thus does not satisfy the condition.

d =

:| ,d; > 0,d> € R. Therefore, d”V f(x) = 1.6d; + 6.4d; that can take both positive

@iv) x = [8] This is also a boundary point, and any feasible direction at this point is in the form of

d= I:Zl] ,dy > 0,dy > 0. Since d” V f (x) = 0, it satisfies the first-order necessary condition.
>

As another necessary condition, the second-order necessary condition, utilizing the second-order
derivative or the Hessian function, is stated in Theorem 2.
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Theorem 2 (Second-Order Necessary Condition) Suppose that f : Q — R is twice
differentiable over  and ATV f (x*) = 0 for all feasible directions d at x*. Moreover, suppose
that H(x*) is the Hessian of f at x*.

(a) IfX* is a local minimizer of f over Q, then dT H(x*)d > 0 for all feasible directions d.
(b) IfX* is a local maximizer of f over Q, then AT H(x*)d < 0 for all feasible directions d.

Proof The proof is given for part (a). Part (b) follows by considering function — f. Based on the
Taylor series, the second-order approximation of f at x* is given by:

2
F&* 4+ ad) ~ f(x*)+ad! VF(x*) + %dTH(x*)d.

Ifd’Vf(x*) =0and f(x* +ad) > f(x*),thend’ Hx*)d > 0. O

As a special case in Theorem 2, if x* is an optimal interior point, d"H(x*)d > 0 foralld € R",
as the whole of R” is feasible direction. This implies that H(x*) should be a positive semi-definite
matrix. Similarly, for the case of local maximizer, H(x*) should be negative semi- definite.

Note that the aforementioned necessary conditions in Theorems 1 and 2 are not sufficient for
optimal solution. For example, for f(x) = x3, we derive f'(x) = 3x2, and f”(x) = 6x. The point
x = 0 satisfies the first-order and second-order necessary conditions. However, this point is neither
local minimum nor local maximum. Indeed, the points which satisfy the necessary conditions are only
candidates to be investigated for optimal solutions.

Example 2 Find the points which satisfy the necessary conditions of optimality for f(x) =
x% + x%, x € R2.

Solution This is an unconstrained optimization problem:
| 2x| «_ |0 w_ |20
Vix)= |:2x21| =0 = x"= |:Oi| =HE")= 02

which is a positive semi-definite matrix. Therefore, x* = |:Oi| satisfies the necessary condition of a

local minimum point. O

Example 3 Find the points which satisfy the necessary conditions of optimality for f(x) =
2 2
X5, X € R-.
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Fig. 3.3 Plotsof a) f(x) = x3 and b) f (x) = —x2

Solution This is an unconstrained problem:

VFx) = [222] =0=x*

= [)g:l,xl eR=Hx") = [gg]

which is a positive semi-definite matrix. Therefore, any point in the form of x* = |: 01 i| satisfies the

necessary conditions of a local minimum point. Similarly, taking the same operation, any point in the

!
form of x* = [O

R2. These observations are plotted in Fig.3.3. O

] satisfies the necessary conditions of a local maximum point of f(x) = —x%, X €

Example 4 Find the points which satisfy the necessary conditions of optimality for f(x) =

2 2 2
xl—xz,xe]R.

Solution Consider

Vikx)= |:_2;;Zi| =0=x*

0 . 20
[
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Fig. 3.4 Illustration of
saddle point for
fx) = x12 - x22
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that is indefinite. For any feasible direction d = [Zl], we have dTH(x*)d = 2d12 — 2d22, which can be
2

either positive or negative depending on d. Therefore, x* =

is neither local minimum nor local

maximum. In particular, this point is called a saddle point, as shown in Fig.3.4. O

So far, necessary conditions of optimality have been discussed. In general, it is not possible to state
a sufficient condition for optimal solutions. However, in the case of interior points, this condition is

stated in Theorem 3.

Theorem 3 (Second-Order Sufficient Condition) Suppose that f : Q@ — R is twice

differentiable over Q, X* is an interior point and V f (x*) = 0.

(a) If H(X*) > O, then X* is a strict local minimizer of f over L.
(b) IfH(x*) < O, then X* is a strict local maximizer of f over .

Proof The proof is given for part (a). Part (b) follows by considering function — f. As stated, based

on the Taylor series, the second-order approximation of f at x* is

& +ad) ~ f(x*) +ad? Vf(xH)

0(2
+ TdTH(x*)d.

If Vf(x*) = 0 and d” H(x*)d > O for all d, we derive f(x*) < f(x* + ad). Therefore, x* is a strict

local minimizer. 0O
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Example 5 Find local minimum and maximum points of f(x) = xle_(xfﬂ%), x € R%.

Solution To check out the sufficient conditions, consider

= X}
—2x1x2 1

(V][]

VFx) = 0T [1 N z’ﬂ —0

and

v2 _ —Gi+xd)
o =e 4x%x2—2x2 4x1x%—2x1

(i) V2f(x) = [_(1)'3 ok

37 0
0 0.85

] <0= x*l‘ is a strict local maximum.
] >0=> X§ 18 a strict local minimum.

(i) V2f(x5) = [

This derivation is observed in Fig.3.5. O

4x% —6x 4x12x2—2x2:|

Example 6 Find local minimum and maximum points of f(x) = 2x; 4 3x3 + 3x}x; — 24x,,

x € RZ.
2
1571
0.4
1 L
0.2 .
0.5 o
0 sl N
e el
-0.4 N -
7
1t )
2
T N
-2 N .
-2 -1 0 1 2 X, 2, )

Fig. 3.5 Contour and surface plots of f(x) = xle*("lzﬂg)
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Solution To check out the optimality conditions, consider

6)612 +6x1x2 | 0
6x2 +3x7 — 24|

0 47 ., [-2
== 4)5-[3]

12x1 + 6x7 6x1
6x1 6

Vf(X)Z[

Then, we check if:
H(x) = [

is positive or negative definite in the derived points.

240
. w
i) H(x]) = [ 06
0 and consequently x] is a strict local minimum point.
24 24
24 6
H (x3) is indefinite and x} is a saddle point.

i) H(xf) = [‘12 -2

]. It is a diagonal matrix with positive entries in the diagonal. Therefore, H (x}) >

ii) H(x}) = [ :| This symmetric matrix has both positive and negative eigenvalues. Therefore,

—-12 6
diagonal. Therefore, H (x3) is indefinite and x3 is also a saddle point.
O

i|. This symmetric matrix has both positive and negative entries in the

3.4 Least Square Optimization

Consider the set of linear equations
Ax=Db 3.4
where A € R x € R", b € R, and rank A = n. If b is in the range space of A and A is
nonsingular, then the unique solution is x* = A~!b. However, suppose that b is not in the range
space of A. Therefore, the equation is said to be inconsistent and it has no solution. In this case,
instead of searching to find the solution of Ax = b, it is of interest to find a point x* such that
|Ax* — b||?> < ||Ax — b||? for all x € R”. In other words, the linear equation solution reduces to
problem:
min |Ax — b2 (3.5)

This problem is called the least square optimization problem, and the optimal point x* is called the
least square solution. The solution of this problem is discussed in Theorem 4.

Theorem 4 The unique solution that minimizes || AX — b||? is given as x* = (ATA)~'ATb.

Proof Let’s write the objective function as:

f(®) = |Ax — b||* = (Ax— b)T (Ax — b)
=x"ATAx — 2bTAx + b7b.



3.4 Least Square Optimization 57

Taking the gradient, we derive

Vix)=0=2ATAx—2ATb=0=
x* = (ATA)"'ATp.

Moreover, H (x*) = 2AT A, which is always positive definite. The reader can verify this statement.
Therefore, x* = (AT A)~'ATb satisfies the necessary and sufficient conditions of optimality and it is
the minimum point. O

Example 7 Consider a wireless communication channel in Fig. 3.6 with transmit power p;. The
received power p, in decibel (dB) is derived using the model:

pr = pi + K — 10y log,,d

where K is a constant depending on the radio frequency and antennas gains, y is the path loss
exponent, and d in meters is the distance between the transmitter and the receiver. In a set of
empirical measurements of p, — p; in dB, given in Table 3.1, find constants K and y to minimize
the mean square error between the model and the empirical measurements.

Solution Let’s define Model = pr—pr = K—10y logo d and Myeasure = pr— pr given in Table 3.1.
The mean square error is

5
1
e = 3 21: (Mmodel (d;) — Mmeasure(di))2
i=

1
= ZlIAx — b||?
5
Fig. 3.6 Wireless P
communication channel
-
d o~
S
Pr
N
Table 3.1 Empirical
d _
measurements Pr = Pr
10 m —70dB
20 m —75dB
50 m —90 dB

100m | —-110dB
300m | —125dB



58 3 Set Constrained Optimization

where 1 —10log, 10 —70
K 1 —10log;(20 =175
x:[ } A=|1 —10log;,50 |, b=| —90
v 1 —101og,, 100 ~110
1 —101log;o 300 —125
T T A AT . N —26.74
Substituting in x* = (A" A)7'A’ b, we derive x* = |: 3.96 ] and thus K = —26.74 and y =

3.96. Moreover, the following code in MATLAB yields the same solution:

>> A=[1 —10%xlogl0(10); 1 —10%logl0(20); 1 —10xlogl0(50);
1 —10%logl10(100);1 —10%logl0(300)];

>> b=[—-70;-75;—-90;—110;—125];

>> x = A\b

X =

—26.7440
3.9669

3.5 General Optimization Algorithms

So far, we have demonstrated necessary and sufficient conditions for optimal solutions of problems in
the form of:

min f(x) (3.6a)
X
subject to x € Q. (3.6b)

Solving this problem analytically using the given conditions is almost difficult or even impossible in
general. As alternative approaches, numerical and iterative algorithms are introduced to solve these
kind of problems [3]. These algorithms typically require the user to supply a starting point X’ €
as an initial solution candidate. Then, the algorithm generates a sequence of solutions {xk},fio called
iterates.

Under the assumption of given point x¥, generating the next iterate x**! is based on a directional
search method, which requires information on xk, f (Xk), and sometimes past points x0, ..., x*1 The
user is also required to supply the algorithm with a termination criterion to stop generating iterates.
This criterion is to indicate that either the optimal solution has been reached within a desired accuracy
or no further progress can be made any more. The aforementioned discussion is summarized as the
following process:

1. Imitialization: Supply a starting point x° and a stopping criteria.

2. Tteration k: If x* satisfies the termination criteria, then stop the algorithm. Otherwise:
(a) Determine a search direction dr.
(b) Determine a step size ok > 0.
(c) Determine the next iterate x**1 = x* 4 o*dk.

More explanation on these steps and parameters are given in the following subsections.
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3.5.1 Search Direction

Search direction d* in the directional search methods is of high importance. In minimization problems,
the search direction requires to have descent property, that is:

F&* +akdb < Fxb). (3.7)

Recall that V £ (x¥)Td* is the rate of increase of f at x*. To ensure the descent property, we need to
choose d* such that V f (x*)Td* < 0. One form of d* to satisfy this requirement is to choose

& = DV xh (3.8)

where D* is a positive definite matrix. The reader can verify this statement. Based on the choice of
DF, two well-known directional search methods are derived [3].

1. Steepest descent method with D¥ = 1.
2. Newton’s method with D¥ = H(x¥)~!, where H(x*) is the Hessian matrix and positive definite.

In the rest of this chapter, we only focus on these two methods.

3.5.2 Step Size

Having the point x* and search direction d* at each iterate k, the next important parameter in
directional search methods is the step size . It would be possible to either take small values or
large values of step sizes. The first option reduces the speed of reaching the optimal solution, whereas
the second option may result in a more zigzag path to this solution. Moreover, the second option
may require fewer evaluations of search directions, because it may lead to divergence and instability.
Therefore, it would be necessary to provide a trade-off between speed and accuracy.

On how to compute the step size, there exist two approaches. One simple but not fast approach is
to choose a sufficiently small fixed value for the step size in all iterations, that is, «¥ = « = constant.
Another approach is to choose a* by solving the following one-dimensional optimization problem:

min (@) = F(x* + adb). (3.9)

This is a one-dimensional problem and can be solved using ¢’(a) = 0 or iterative methods such as
the line search method.

3.5.3 Termination Criterion

As noted, the termination criterion is to ensure that optimality conditions have been reached or no
further progress can be made in more iterations. Moreover, recall that interior point x* is a local
minimizer if and only if V f(x¥) = 0 and H(x") is positive definite. These conditions can be used
as bases for termination criterion. Satisfying these conditions in general requires high numerical
computations and might not be fully achieved in a finite number of iterations. Therefore, it is necessary
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to provide a trade-off between accuracy and speed of convergence to the optimal solution. Following
are a number of termination criteria, in which case we stop the algorithm:

1. One practical criterion is to check if the norm ||V £ (x¥)| is less than a specified threshold e, i.e.,
IV < e.

2. Alternatively, the absolute difference between two successive iterations as ||x*T! — x*|| < € or
between their function values as | f (xkt1) — f (xk)| < € can be used.

3. Finally, we may check relative values or scaled independent differences between two successive
[ x| Lf D —f ()|

1terations as max (L f ()]}

< € or < €.

max {1, | x¢ [}

Having stated the general structure of optimization algorithms, following two well-known opti-
mization algorithms including steepest descent method and Newton’s method are presented.

3.6 Steepest Descent Method

Recall that —V £ (x*) is the direction of the maximum decrease of f at point x*. Therefore, the search
directional method using d* = —V £ (x¥) is called steepest descent method. Here, when a candidate
solution x¥ is given, the next iterate is generated as:

X = xb — ok v £ (%) (3.10)
where of > 0 is a positive scalar step size and is chosen such that:

of = argmin f(xF — aV f(x5)). (3.11)

a>0

In other words, o is chosen to minimize f(x*1).
One important characteristic of steepest descent method is its descent property, i.e., f(x¥*1) <
£ (x¥). To show this property, let’s rewrite f(x**1) as:

FETY = f&E V) = () — VTV + o)
= f(x) — bV L) 12+ o(eb).

IfVf(x5) #£0= fxFt!) < £(x5), as o(a¥) is sufficiently small. Therefore, x¥*! is an improvement
over x* if we are searching for a minimizer.

Another important characteristic of the steepest descent method is on the path of reaching from the
initial point to the optimal solution. Theorem 5 states that this is a zigzag path with orthogonal steps.

Theorem 5 In the steepest descent method, every two consecutive search directions are
orthogonal to each other. In other words, xX*T1 — x* is orthogonal x*+* — xk+1,
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Proof Consider the inner product (xk*1 — xk, xk*+2 — xk+1y = gkok+1(v £ (xK), V £ (xkT1)).
We also have of = arg min, - fxF —aVfxh) = arg ming ¢ (). Therefore, ¢ @) =0=
ViEHT (v ity =0 using the chain rule. This completes the proof. O

As a conclusion, steepest descent method is mostly simple to implement and thus is widely used
in practical applications.

Example 8 Find the minimizer of f(x) = xle_(xlzﬂg ),

Solution This is the same function as given in Example 5. Using the derived gradient, the following
code in MATLAB implements the steepest decent method for this example. The step size is optimally
computed at each step. Results are given in Fig. 3.7a, where the first part is the contour plot and the

. . . I . . . -0.7
second part is the function value starting from an initial point x to the optimal point x* = [ 0 i|

O

%
clear all, close all
Q=11 0; 0 1];
f = @(x) x(1)xexp(—x"*Qxx);
g = @(x) exp(—x"*Qxx)*[1—=2xx(1)"2; —2xx(1)*x(2) ];
delta = 0.1;
xx=—1.6:delta:0; yy=—1.6:delta:1.6;
[X, Y] = meshgrid(xx, yy);
Z = X.xexp(—X."2 — Y."2);
stepsize = 0.25;
epsi = 0.001;
k=1;
x(:,k) = [=1; 1];
fvalue (k) = f(x(:,k));
for k=1:1000
a = g(x(:, k));
xc= x(1,k); ye=x(2,k);
phi = @(s) (xc—sx*xa(l))*xexp(—(xc—sx*xa(1))"2 — (yc—s=*xa(2))"2);
stepsize = fminbnd(phi, 0, 10);
x(:,k+1) = x(:,k) — stepsizexg(x(:,k));
fvalue (k+1) = f(x(:,k+1));
tol = abs(f(x(:,k+1)) — f(x(:,k)))/max(1l, abs(f(x(:,k))));
if tol<epsi
break ;

end
end
figure (1), subplot(1,2,1), contour(X,Y,Z, fvalue);
hold on, plot(x(1l,:), x(2,:), ’o="), xlabel(’x_1"), ylabel(’x_2")
subplot(1,2,2), semilogy(l:k+1, fvalue, —o0’), xlabel(’k’),...
ylabel (* f(x)’)
(oA

(4

To demonstrate the effectiveness of optimal step sizes, the steepest decent method with fixed step
size af = o = 0.25 is also done. The results are depicted in Fig.3.7a. As shown, in comparison
to optimal step sizes in Fig.3.7b, more steps have been taken to reach the optimal solution. It is
noteworthy that, depending on the starting point, search methods may converge to a local minimum.
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Fig. 3.7 Contour plots and function values versus iterations with € = 0.001 for f(x) = xle*(xlz”%). (a) Optimal step
sizes a¥. (b) Fixed step size @ = 0.25



3.6 Steepest Descent Method 63

Example 9 Find the minimizer of f(x) = 0.06e?*11%2 4 0.05¢%172%2 4 ¢=¥1,
Solution The gradient is

0.06¢2* 1772 — (.1 ¢¥172%2

0.12e211%2 4 (0.05¢%172%2 — g1
Vikx) = [

and the following code is the steepest method for this example. Results are given in Fig. 3.8a, where
the first part is the contour plot and the second part is the function value starting from an initial point

0.64
—0.02
is clearly shown in this figure. O

x? to the optimal point x* = |: ] The orthogonality of every two consecutive search directions

%
clear all, close all
c1=0.06; ¢2=0.05; c3=1;
f = @(x) clxexp(2xx(1) + x(2)) + c2xexp(x(l) — 2%x(2)) + c3xexp(—x(1));
g = @(x) [2xclxexp(2%x(1)+x(2)) + c2xexp(x(l) — 2xx(2))
— c3 x exp(—x(1)); clsxexp(2xx(1) + x(2)) — 2xc2xexp(x(1)— 2xx(2))];
delta = 0.1;
xx=—1:delta:1.75; yy=—2:delta:3.5;
[X, Y] = meshgrid(xx, yy);
Z=clxexp(2xX + Y ) + c2xexp(X — 2xY ) + c3xexp(—X);
stepsize = 0.25;
epsi = 0.001;
k=1;
x(:,k) = [=0.5;2];
fvalue (k) = f(x(:,k));
for k=1:1000
a = g(x(:, k));
xc= x(1,k); ye=x(2,k);
phi = @(s) clxexp(2x(xc — s*a(l)) + (yc—sx*a(2))) ...
c2xexp ((xc — sxa(l))— 2x(yc—sx*xa(2))) +c3xexp(—(xc — sxa(l)));
stepsize = fminbnd(phi, 0, 10);
x(:,k+1) = x(:,k) — stepsizexg(x(:,k));
fvalue (k+1) = f(x(:,k+1));
tol = abs(f(x(:,k+1)) — f(x(:,k)))/max(1l, abs(f(x(:,k))));
if tol<epsi
break ;

end
end
figure (1), subplot(1,2,1), contour(X,Y,Z,fvalue);
hold on, plot(x(l,:), x(2,:), ’o—"), xlabel(’x_1"), ylabel(’x_2")

subplot(1,2,2), semilogy (l:k+1, fvalue, —o0’), xlabel(’k’) ,...
ylabel ("f(x)’)
%

To demonstrate the effectiveness of optimal step sizes, the steepest decent method with constant
step size «f = o = 0.25 is also done. The results are given in Fig.3.8b. As shown, in comparison
with optimal step sizes in Fig. 3.8a, more steps have been taken to reach the optimal solution.
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3.5

3.5

(b)

Fig. 3.8 Contour plots and function values versus iterations with € = 0.001 for f(x) = 0.06e>*17*2 4 0.05¢%1~2*2 +
e~"1. (a) Optimal step sizes o (b) Constant step size @ = 0.25
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3.7 Newton’s Method

While the steepest descent method uses only the first-order derivative of the function in the search
direction, the Newton’s method uses both the first- and the second-order derivations of the function in
the hope of performance improvement. The idea behind Newton’s method is to construct a quadratic
approximation of the function at each iteration such that the first- and the second-order derivatives of
the function and its approximation matches with each other. The method then minimizes the derived
quadratic function to generate the next iterate. As a special case, if f(x) is quadratic, the optimal
point is attained in only one step. Otherwise, the approximation will only provide an estimate of the
minimizer.

To justify the search direction in this method, note that every twice differentiable function f(x)
can be approximated as a quadratic function in a close proximity of x* as:

f®~gx) = fx)+VEHTx—xH
+ %(x—xk)TH(xk)(x—xk) (3.12)

which is a quadratic Taylor expansion of f at x*. The minimum point of ¢ (x) is obtained by Vg (x) =
0 or

Vi) +HEHx—xH=0
=x=x—HEx""'Vixh). (3.13)

Therefore, the direction d¥ = —H(xF)~!Vv f (x) can be considered as the search direction in the
Newton’s method. Thus, the iterative search method is formed as:

Xl =xF — H&N v F(xh). (3.14)

Based on Theorem 6, the Newton’s method is not always guaranteed to have descent property,
unless H(x¥) is positive definite.

Theorem 6 If H(x) is positive definite, then d* = —H(x*)~1V £ (x*) is a descent direction.

Proof Since H(xk) is positive definite, for any v # 0, we have that

HEYH™'VTHEO)HE) V) > 0
= v/ Hx")Tv > 0.
Therefore, H(x*)~7 and thus H(x*) ! is also positive definite or equivalently —H(x!
definite. This implies that

is negative

—VIEHTHEH 'V <0

and therefore d* = —H(x*)~'V f(x¥) is a descent direction. O
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Note that the Newton’s method assumes that H(x¥) is nonsingular to have the inverse. Moreover,
the points generated by this method may not converge in general, even if H(x*) is nonsingular, unless
the starting point is close enough to the optimal point. Furthermore, this method may converge to a
local minimum.

Example 10 Find the minimizer of f(x) = —In(1 —x; —x2) —In(x1) — In(x>) using Newton’s
method.

Solution Prior to use the Newton’s method, we need to ensure that the Hessian is always positive

definite. Consider | |
Vi = |y
I=x1—x X2

2 2 2
1 1 1
(==) +&)  (==)
2 2 2|
1 1 1
(=) (==)+&)

It can be verified that H(x) > O for all x. The following code in MATLAB implements the Newton’s

method for this example. The results are shown in Fig. 3.9. The first part is the contour plot of f(x)

starting from an initial point x° to the optimal point, and the second one is the function value along
0.3084

0.3452]'

and

iterations k. After a number of iterations, optimal point is reached as x* = |:

Fig. 3.9 Newton’s 0.5
method: contour plots and [
function values versus 3.75
iterations for 045 | /\ ] 37f
F&® =-In(l —x; — '
x2) — In(x1) — In(x2) /\ 365F
04r 1
035 \ | 5 355
35¢
031 0 ] 3451
34r
025 1
335
0.2 s s s
0.1 0.2 0.3 0.4 0.5 0

X
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%

clear all, close all
f =@(x) —log(1-x(1)—x(2)) — log(x(1)) — log(x(2));
g = @(x) [1/(1—-x(1)—x(2))—1/x(1); 1/(1—-x(1)—x(2))—1/x(2) 1;
delta = 0.01;
xx=0.1:delta:0.5; yy=0.2:delta:0.5;
[X, Y] = meshgrid(xx, yy);
Z = —log(1-X-Y) — log(X)—log(Y);
epsi = 0.001;
k=1;
x(:,k) = [1/8; 1/3];
fvalue (k) = f(x(:,k));
for k=1:1000
H = [1/(1 =x(1)=x(2)"2 + (1/x(1))"2  1/(1—-x(1)—x(2))"2;
/(1 =x(1)—x(2))"2 /(1=x(1)—x(2)"2 + (1/x(2))"2];
x(:,k+1) = x(:,k) — inv(H)*xg(x(:,k));
fvalue (k+1) = f(x(:,k+1));
tol = abs(f(x(:,k+1)) — f(x(:,k)))/max(1l, abs(f(x(:,k))));
if tol<epsi
break ;
end
end
figure (1),subplot(1,2,1), contour(X,Y,Z,fvalue);
hold on, plot(x(1l,:), x(2,:), ’o="), xlabel(’x_1"), ylabel(’x_2")

subplot(1,2,2), semilogy(l:k+1, fvalue, —o0’), xlabel(’k’) ,...
ylabel ("f(x)’)
%

3.8 Summary

Necessary and sufficient conditions of optimal solutions in set constrained optimization problems
have been presented in this chapter with extensive examples. Considering these conditions, general
optimization algorithms using iterative search methods have been introduced. In particular, steepest
descent method and Newton’s method as two well-known optimization algorithms have been
discussed and their implementation has been given. Moreover, the least square optimization that is
widely used in engineering applications has been introduced with analytic solution.

3.9 Problems

Problem 1 Consider the function f(x) = x” [:;' ;:| x4+ x7 |:i’1| + 6.

. . . 1
(a) Find the gradient and Hessian of f atx = [_ 1:|.

(b) Find the directional derivative of f atx = |: 1] with respect to a unit vector in the direction
of maximum rate of increase.
(c) Find the point which satisfies the necessary and sufficient conditions of optimality for f.

Determine whether this point is a minimum, maximum, or saddle point?
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Abstract

One common form of optimization is convex programming that has a wide range of applications
in all fields of engineering, in particular electrical engineering. This kind of programming is
characterized by some conditions and properties in the construction of functions used in the
objective and constraints functions. One major advantage of convex programming is that any local
optimal point is also global, which brings forward a great step in the algorithms to solve convex
optimization problems. This chapter first defines convex sets and convex functions, using which
the definitions of convex and geometric programming problems are determined. To clarify these
definitions, appropriate application examples in electrical engineering are given accordingly.

Keywords
Convex programming - Convexity - CVX - Geometric programming - Quasi-convex

4.1 Convex Set

As a basic concept in convex programming, convex set is defined in Definition 1.

Definition 1 A set C C R” is convex if
Vx1,x€C,0<60<1=0x1+(1—-0)x €C. 4.1)

In other words, C contains the line segment through any two distinct points in C. A set that is
not convex is called a non-convex set.

As an example, given sets on the top of Fig. 4.1 are convex while those in the bottom are non-
convex. If we remove the condition 0 < 6 < 1 on 6 in Definition 1, the set C is called affine set. In
other words, the affine set contains the whole line through any two distinct points.

Three well-known convex sets are hyperplanes, halfspaces, and polytopes. These sets are defined
in the following and illustrated in Fig. 4.2.
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Fig. 4.1 Sets on the top
are convex, but sets on the
bottom are non-convex

Fig. 4.2 Convex sets: (a) 4
hyperplane, halfspace, and a’'x=»h !
(b) polytope

(a) (b)

A set of points in the form of {x € R"|a”x = b}, where a € R", a # 0, is called a hyperplane as in
Fig. 4.2a. Vector a is said to be the normal vector of the hyperplane. Each hyperplane is a convex
set.

A set of points in the form of {x € R"|a’x < b}, where a € R", a # 0, is called a halfspace as in
Fig.4.2a. Each halfspace is a convex set.

e The intersection of a finite number of hyperplanes and halfspaces is called a polytope as in
Fig. 4.2b. Indeed, the polytope is in the form of

P={xeR'alx<b,i=1,...,m ex=d,i=1,...,p}

where a;, ¢; € R". Polytopes are convex sets. This is due to the fact that the intersection of a
number of convex sets is also convex.

Following the definition of convex set, convex combination is a concept that is used frequently in
convex programming. This combination can be used to form a convex set from a finite set of numbers.
This is stated in Definition 2.
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Definition 2 Convex combination of a set X{, Xp, ..., X, of points in R” is any point in the
form of 01x; + 62xp + - - - + 6,X,,, where 81 + 60, + --- + 6, = 1 and 6; > 0. The set of all
convex combinations of points in a given set S is called a convex hull, indicated by conv(S) as

n n
conv(S) = {Zeixilx,- €S, ZG,:I, 0; > 0}. (4.2)
i=1 i=1

Note that the convex hull of a set S is the smallest convex set that contains S [1]. Finally, a convex
set is closed under convex combinations.

4.2 Convex Function
Having stated the convex set in Definition 1, the next step towards convex programming is the concept
of convex function that is stated in Definition 3.
Definition 3 Function f : R” — R is convex if D (domain of f) is a convex set and
Vx1,X € Dp,0<0 < 1= f(Ox1+ (1 —0)x2) <6f(x1) + (1 —0)f(x2). (4.3)
This statement geometrically implies that the line between (x;, f(x1)) and (X, f(x2)) lies above

the graph of f between x; and x;, as shown in Fig. 4.3. Moreover, f is called a concave function if
— f is convex.

Fig. 4.3 Convex function:
the line between any two
points lies above the graph

fx)

6f(x;) + (1 - 0)f(xz)

f(Bx; +(1-6)x;)

A J

X, Bx; +(1—8)x, X3
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Following are a number of convex function examples:

* Affine function f(x) = a’x + b for all a, x € R” and scalar b.

¢ Exponential function f(x) = ¢** forall a, x € R.

¢ Power function f(x) = x% forx >0, o > lora <0.

* Norm function ||x||, for p > 1. The proof is based on the triangular inequality in Chap. 2.
¢ Log-sum of exponential functions f(x) = log(e*! 4 ¢*2 + - - + ™).

Similarly, following are a number of concave function examples:

+ Affine function f(x) = a’ x + b for all a, x € R” and scalar b.

¢ Power function f(x) = x% forx > 0,0 <a < 1.

* Logarithm function f(x) = logx for x > 0.

¢ Log-determinant function f(X) = logdet(X) if X is a positive semi-definite matrix.

These statements can be verified using the definition of convex function or conditions provided in
the upcoming sections.

Based on the provided definition for convex function, first-order and second-order conditions on
convex functions are derived and introduced in Sects.4.2.1 and 4.2.2. The major advantage of these
conditions is to check out the convexity of a given function.

4.2.1 First-Order Condition

The first-order condition is based on the first-order derivative of a function and is stated in Theorem 1.

Theorem 1 Consider a differentiable function f with convex domain Dy. This function is
convex if and only if
f®) = f(x0) + V.f(x0)" (x — %0) 4.4)

holds for all x and xo € Dy.

Proof First, suppose that f is convex. Therefore, VX, xg € D, 0 < 6 < 1, we have x4+ (1 —0)x¢g =
X0 +6(x—Xg) € Dy and then f(xo+60(xX—Xp)) < (1—6) f(X0) +6f (x). Manipulating this derivation
and dividing both sides by 6, we derive

f(xo +6(x—xp)) — f(X0)
. )

f(x) = f(xo0) + (4.5)

Taking the limit as § — 0, f (x0+9(x79x0))7f (X0) is the directional derivative of £ in direction X — X
that is equal to V f xo)T (x — x0). Substituting in (4.5), we derive

FX) > f(x0) + V£ (x0)" (x —x0).
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Fig. 4.4 Convex function: A
first-order approximation is
a global under-estimator

This proves the necessary condition. On the other hand, for sufficient condition, letz = 6x1+(1—6)x;
for any x1, Xo € Dy. We can say that

fx) = f@+Vf@ (x —2)

and
fx) = f@+ V@ (% -2,
Multiplying the first inequality by 6 and the second one by 1 — 6, and adding them together yields

f(@) =0f(x1)+ (1 -0)f(x2).
This proves the convexity of the function f(x). O
As a more explanation of Theorem 1, the right-hand side of the condition, i.e., f(xo) +
V f(x0)T (x — Xg), is the first-order approximation of f at xo. Therefore, it is concluded that for a
convex function the first-order approximation of f at any point X is a global under-estimator of f at

Xq. This is also illustrated in Fig. 4.4. More importantly, if V f(xg) = 0, we derive f(x) > f(xq) for
any x € D and therefore xq is the global minimizer.

4.2.2 Second-Order Condition
The second-order condition is based on the second-order derivative of the function and is stated in
Theorem 2.
Theorem 2 A rwice-differentiable function f with convex domain Dy is convex if and only if
V2 f(x0) = 0 (4.6)

for all xg € Dy. In other words, the Hessian matrix is positive semi-definite. Moreover, f is
said to be strictly convex if and only if V2 f (Xg) > 0 for all xg € D e
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Proof Based on the Taylor series, the second-order approximation of f at X¢ is given by
1
FOO) & f(x0) + V£ (x0)T (x = %0) + 7 (x = x0)" V2 £ (%0) (x = %) @7

First, suppose that f is convex. Following the first-order condition in Theorem 1, we have f(x) >
f(xp) +Vf (xo)T (x — x0). Considering this inequality along with the second-order approximation
in (4.7), it is inferred that V2 f (xg) > 0.

On the other hand, suppose that V? f(xg) > 0. Once again, considering this inequality along with
the second-order approximation in (4.7), it is inferred that

F® = f(x0) + V f(x0)" (x —x0)
and therefore f is convex as a result of the first-order condition in Theorem 1. O

A similar proof can also be done for the case of strictly convex function by replacing > with > in
the above statements.

Example 1 Check out the convexity of the following functions:

(a) Quadratic function f(x) = (1/2)x” Px + q” x + r (P is symmetric).
(b) Least square function f(x) = ||Ax — b||%.
(c) Quadratic over linear function f(x1, xp) = xl2 /x2.

Solution

(a) Taking the gradient and Hessian, we have V f(x) = Px + q and V? f(x) = P. Therefore, f is
convex if and only if P > 0.

(b) Taking the gradient and Hessian, we derive V f (x) = 2AT (Ax — b) and V2 f(x) = 2AT A. Since
ATA is always a positive semi-definite matrix, f is convex for all A.

(¢) The Hessian can be written as

2 2Tl ]
Vf(Xl,X2)=x—3 B -

2

which is always positive semi-definite for xo > 0. Therefore, f is convex for all x; > 0.
O

Example 2 In communication systems, the capacity of an additive white Gaussian noise
(AWGN) channel, in bits per second, with transmit power p and bandwidth w is generally
written as

pp

r(p, w) = awlog, (1 + E) 4.8)

(continued)
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where o and f are positive scalars. Determine whether (p, w) is convex or concave in terms
of [p j|
w
Solution Taking the second-order derivative, the Hessian is derived as

—Clﬁz 1 _p
Vir(pw) = ————s 3
win@)(1+£2)* | =5 &

w2

which can be written as

—ap? 1 11"
-t LT
ne win@)(1+ £2)* L=5 1 L=

Considering the form of derived V2r (p, w), it can be easily verified that it is a negative definite matrix,

and therefore r(p, w) is concave in terms of |:5) .0

4.2.3 Quasi-Convex Function

A real-valued function f defined over a convex set C is quasi-convex if for all x;, x; € Cand 0 < 0 <
1, we have

FOx1 + (1 = 0)x2) < max{f(x1), f(x2)}. 4.9)

In other words, a point between any two other points does not give a higher function value than both
of the other points. An alternative way of defining a quasi-convex function is that each «-sublevel set
of f denoted by

S, ={xellf(x) <a} (4.10)

is a convex set.

Quasi-convexity is an extension of convexity. In other words, all convex functions are quasi-convex,
however, not all quasi-convex functions are convex. Moreover, a function f is said to be quasi-concave
if — f is quasi-convex. In other words, for a quasi-concave function, a-superlevel sets indicated by
S} = {x € C|f(x) > a} are convex sets.

As an example, consider the function in Fig. 4.5. This function is not a convex function, instead it
is a quasi-convex function. Moreover, the function in Fig. 4.6 is neither convex nor quasi-convex. For
example, the set of points in which f(x) < 0.5 is the union of two bolded intervals, which is not a
convex set.

Example 3 Figure 4.7 illustrates the contour plots of f(x) = x; log (1 + %)’ where Dy = IR{%F.
Using this figure, determine the convexity of f(x).

Solution As seen, the superlevel sets of this function, i.e., {x € R3_| f(X) > «}, are convex set.
Therefore, the function is quasi-concave. In order to check out if the function is concave or not,
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Fig. 4.5 Quasi-convex but 14 T T . .
not convex function

12 ¢ .

0.8 | .

f(x)

0.6 | .

04} ]

02 1 1 1 1

Fig. 4.6 Neither 1.4 : . . . .
quasi-convex nor
quasi-concave function

f(x)

consider to pass any line through the level sets and indicate the intersections as (X;, f(x;)). Now,
consider to plot f(x;)’s versus X;’s. It is observed that a unit increase in the function value occurs by
greater steps of increase in X, which results in a downward curvature. This is the property of concave
functions. Therefore, the function is concave as well. O

Note that the concavity of the channel capacity function »(p, w) in Example 2 can also be verified
using the concavity of f(x) = xlog (1 + j‘c—; in Example 3 by some manipulations.
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Fig. 4.7 Concave
function:
F(X) = x2 log (1 + j%)

10

X2

Fig. 4.8 Quasi-concave
function: f(x) = x1x2 3

057

Example 4 Check out the convexity of f(x) = xx2, where Dy = R%r.

Solution The contour plots of this function are shown in Fig. 4.8. As shown, the superlevel sets, i.e.,
{x € R3_|x1x2 > «}, are convex. Therefore, the function is quasi-concave. As in the solution of
Example 3, if we pass any line through the level sets and plot the function values versus Xx’s, we
observe that a unit increase in the function value occurs by smaller steps of increase in x, which
results in an upward curvature. This property is not seen in concave functions. Therefore, the function

is quasi-convex but not concave. O
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4.2.4 Convexity Preservation

In general, checking out the convexity of a function is not trivial. Therefore, it is advantageous to
investigate the mathematical operations that preserve the convexity property. Following are a number
of these operations. Verifying these operations using convexity definition is left as an exercise to the
reader.

e Non-negative weighted sum: If f1, fa, ..., f, are convex functions and w; > 0, ..., w, > 0, then
wifi+wafo+--+wyfy (4.11)

is a convex function. Similarly, a non-negative weighted sum of concave functions is also concave.

e Composition with an affine function: Suppose f : R — R, A € R™* and b € R". If f is
convex, then f(Ax + b) is also convex. For example, f(x) = ||[Ax + b|| is convex as the norm
functions are convex.

Example 5 Check out the convexity of f(x) = 500130+ 4 23y + xp — 3)2.

Solution The convex function e® is composed with the affine function 6x; — 3x; 44, and therefore
e®173%2+4 §g convex. Similarly, the convex function z2 is composed with the affine function 3x; +
x2 — 3 and so it is convex. Moreover, non-negative weighted sum of convex functions is convex
and therefore f(x) is also convex. O

e Pointwise maximum: If f1, f>, ..., f, are convex functions, then

Jf(x) = max{fi(x), ..., fa(®)} (4.12)

is also convex. Conversely, the pointwise minimum of a number of concave functions is concave.
* Pointwise supremum: This is an extension of pointwise maximum operation. If f(x,y) is convex
in x for each y in a given set, then

g(X) = sup f(X, Y) = max{f(x, yl)’ f(X, YZ)» .- } (4]3)
y

is convex.

4.3  Standard Optimization Problem

Having introduced convex sets and convex functions, it is turn to discuss the structure and properties
of convex problems. Prior to this, following the set constrained problem in Chap. 3, the standard
optimization problem is considered in the form of

min fo(x) (4.14a)

subjectto fi(x) <0, i=1,...,m (4.14b)
hix)=0, i=1,...,p (4.14¢)
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in which

* x € R”" is the vector of optimization variables.

*  fo:R" — Ris the objective function.

e fi:R" > R,i=1,...,m are inequality constraint functions.
e hi:R" > R,i=1,..., p are equality constraint functions.

The problem domain is the set of points for which the objective and constraint functions are defined.
This set is indicated by
D =n",Dys N Dy, (4.15)

where Dy, and Dy, are domains of objective, inequality and equality constraint functions, respectively.
Any x € D that satisfies the constraints (4.14b) and (4.14c¢) is called a feasible point. The set of all
feasible points is called feasible region and is denoted by 2. Furthermore, the optimal value of this
problem is defined as

p* = inf{ fo(x)|x € Q} (4.16)

and a feasible point x* is optimal if fo(x*) = p*.If p* = oo, the problem is said to be infeasible, i.e.,
Q = (. Moreover, if p* = —o0, the problem is said to be unbounded below.

Solving a standard optimization problem in general is difficult. However, specific categories of
optimization problems and in particular convex problems can be solved efficiently due to special form
of objective and constraint functions [1, 2]. The structure of convex problems and corresponding
optimality conditions are investigated in Sect. 4.4.

4.4 Convex Problem

Following the statement of the standard optimization problem in (4.14), the convex optimization
problem is stated in the form of

min fo(x) (4.17a)
X
subjectto fi(x) <0, i=1,....,m (4.17b)
alx=b;, i=1,...,p (4.17¢)
in which fy, f1, ..., fin are convex functions and equality constraint functions aiTx — b; are affine.

Indeed, a convex problem is a special form of a standard optimization problem in which the objective
and inequality constraint functions are convex, and moreover equality constraint functions are affine.
These characteristics result in a convex feasible region for convex problems, as stated in Theorem 3.

Theorem 3 The feasible region of the convex optimization problem is a convex set.

Proof The feasible region €2 of a convex problem is the intersection of problem domain D in (4.15)
and the set of points satisfying inequality and equality constraints. This set is in turn the intersection
of convex sublevel sets {x|f;(x) < 0} fori = 1,...,m and convex hyperplanes {x|aiTx = b;} for
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Fig. 4.? Power apd . P Wi Do Wi
bandwidth allocation in
wireless networks

i = 1,..., p. We know that the intersection of a number of convex sets is certainly a convex set.
Consequently, 2 is convex. 0O

Example 6 Consider the wireless network in Fig.4.9 consisting of n users. The power and

bandwidth resources in the network are to be allocated to the users. Allocating power p; and

bandwidth w; to user i, the achieved transmit rate is r; = o; w; log, (1 S %), where «; and
1

Bi are positive scalars. Let W be the available bandwidth in the network.

Now consider the problem of allocating power and bandwidth jointly in the network such that
the transmit rate of each user i must not be less than r}h and an economic measure of transmit
powers to be minimized. Formulate this problem as a convex programming.

Solution This problem can be formulated as in (4.18a) with a squared cost function of powers.

n 2
min (Z p,~> (4.18a)

i=1

subject to ri[h — a;w; log, <1 + @> <0, i=1,...,n (4.18b)
Wi

witwrt-tw, =W, (4.18¢)

- pi <0, i=1,...,n (4.18d)

—w; <0. i=1,....n (4.18¢e)

The objective (4.18a) is a quadratic and positive function thus it is convex. Considering the concavity
of the channel capacity function in Example 2, it is inferred that left-hand side of constraint (4.18b) is
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Fig. 4.10 x* as a local
and global optimal point in
the feasible set of a convex
problem

a convex function. Moreover, the equality constraint (4.18c) is affine. Finally, the last two constraints
are also convex. Consequently, (4.18) is a convex problem. 0O

Theorems 4 and 5 discuss optimality properties and conditions for convex problems, which are
frequently employed by standard algorithms designed of convex programming [2—4].

Theorem 4 Any local optimal point of a convex problem is also globally optimal.

Proof Assume that x* be a local but not global optimal point. As it is not globally optimal, there
is a point x such that f(x) < f(x*). On the other hand, due to the local optimality of x*, f(x*)
has the smallest value in a neighborhood of x* as in Fig.4.10. Now, let z = 0x* + (1 — 6)x be a
close enough point to x* such that it is located in this neighborhood. As a result of convexity, we
have f(z) < 0f(x*) + (1 — 0) f(x), which concludes in f(z) < f(x*) due to f(x) < f(x*). This
conclusion contradicts the local optimality of x*. Therefore, x* is also a global optimal point. O

Recall that we discussed the optimality conditions of set constrained optimization problems in
Chap. 3. Here, in Theorem 5, we revise the first-order necessary condition for convex problems. As
shown, unlike general optimization problems, this condition becomes both necessary and sufficient
condition for optimality in convex problems.

Theorem 5 Consider a convex problem with objective function fo and feasible set Q2. Then,
x* € Q is optimal if and only if V fo(x*)T (x — x*) > 0 for all x € Q.

Proof First, suppose that V fo(x*)7 (x—x*) > 0 for all x € €. Due to the convexity of fy, we also have
foX) > fo(x*) + V fo(x*)T (x — x*). From these statements, we conclude that fo(x) > fo(x*) for all
x € Q. Therefore, x* is an optimal global minimizer. Conversely, let x* be an optimal point. Following
the first-order necessary condition in Chap. 3, the directional derivative of fj is non-negative at x*,
ie, Vi(x)T(x—x*)>0forallx e Q. O

It is of high importance that the mentioned optimality condition in Theorem 5 satisfies both
necessary and sufficient condition for convex problems. As a special case, for an unconstrained convex
problem, i.e., 2 = R”, x* is optimal if and only if V fy(x*) = 0. For example, the minimizer of
the quadratic function fp(x) = (1 /Z)XTPX + qTX +r (P > 0 and symmetric) is derived using
Vi) =Px*+q=0,ie,x* = —Plq.
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Having the concept of convex programming, in the following subsections, a number of optimization

programming categories which fall into the area of convex programming are introduced. It is
noteworthy that the discussion on solving optimization problems is left to Chap. 5.

4.4.1 Linear Programming

An optimization problem with affine objective and constraint functions in the form of

min ¢! x (4.19a)

X
subjectto g/x <d;, i=1,...,m (4.19b)
alx=b;, i=1,...,p (4.19¢)

is called a linear program, where ¢, g; and a; € R". Since this problem satisfies the requirements of
convex problem, all linear optimization problems are convex and therefore can be solved using convex
programming algorithms.

As an important point, the feasible region of a linear problem is a polytope determined by affine
constraints (4.19b) and (4.19c¢). It can be shown that the optimal solution always lies on a vertex of the
polytope. Based on this fact, numerical solutions of linear problems have extensively been discussed
in the literature [5].

4.4.2 Quasi-Convex Problem

Following our discussion on quasi-convex functions in Sect. 4.2.3, the problem in the form of

min fo(x) (4.20a)
X
subjectto fi(x) <0, i=1,....,m (4.20b)
alx=0b, i=1,...,p (4.20¢)
is quasi-convex if fy is quasi-convex and fi, ..., f, are convex.

Indeed, this is a generalization on convex problems, in which the objective function is not required
to be convex. However, the other requirements are the same as in convex problems. Furthermore,
unlike the convex problem, quasi-convex problem can have locally optimal points that are not globally
optimal. This is evident from Fig. 4.5.

Theorem 6 presents the optimality condition for quasi-convex problems.

Theorem 6 Consider a quasi-convex problem with objective function fy and feasible set Q2. If
V fox)T (x — x*) > 0 for all x € Q, then x* € Q is optimal.

This condition is different from optimality condition for convex problems in Theorem 5. First,
unlike the optimality condition for convex problems, the optimality condition for quasi-convex
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problems is only a sufficient condition. In other words, there might be an optimal x* for which
optimality condition does not hold. Second, this optimality condition requires nonzero V fj(x*).

4.4.3 Geometric Programming

Geometric programming is a kind of optimization problem with a special form of objective and
constraint functions that is widely used in engineering applications [6]. This problem is not convex
in general. However, it can be converted into a convex problem by a change of variables and a
transformation of objective and constraint functions. The solutions follow the same algorithms of
convex problems. Even large-scale geometric problems can be solved efficiently using numerical
methods [7].

Prior to introducing a geometric problem and the way of transforming it, let us consider
Definitions 4 and 5.

Definition 4 A real-valued function f : R, — R with non-negative domain and in the form
of
Fx) = ex('x3? . oxg (4.21)

n

is called a monomial if ¢ > 0 and every exponent a; be a real number.

For example, x1x2, jﬁ—;, 0.6x]2x(2)'5 are monomials in x and —3xx, is not monomial.

Definition 5 Sum of a number of monomial functions in the form of
K
f(x) = Z crxS*xgk | xGnk (4.22)
k=1

is called a posynomial function.

For example, 0.5x1x, s xg.z is a posynomial in X and x; — x7 is not posynomial. Posynomials
are closed under addition and positive multiplication but not division.
Following Definitions 4 and 5, a problem in the form of

min fo(x) (4.23a)

X
subjectto fi(x) <1, i=1, ,m (4.23b)
hx)=1, i=1,...,p (4.23¢)

is called a geometric problem if f;’s are posynomial and %;’s are monomial functions. As an example,
following is a geometric problem:

min O.5x1x2x3_1 + 3x12x2 + 6x1_1x3 (4.24a)
X
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subject to x12 4+ x0x3 <1, (4.24b)
2x1x3x3 = 1. (4.24¢)

As a special case, we can maximize a nonzero monomial objective function by minimizing its
inverse that is also a monomial.

Since posynomials are not convex functions, a geometric programming is not a convex problem
in general. The main approach to solve a geometric problem is to convert it into a convex
optimization problem with convex objective and inequality functions, and affine equality constraints.
This conversion is based on a logarithmic change of variables, and taking a logarithmic transformation
of objective and constraint functions. In particular, this is done by changing each variable x; with
yi £ log x;. The resulting optimization variable is denoted by y = [y1, ..., y.]7.

To turn the problem into a convex form, instead of minimizing the posynomial function fy(x),
its logarithm log fy(e¥) is minimized. The notation ¢¥ means component-wise exponentiation,
ie., (¢¥); = €. Moreover, inequality constraints f;(x) < 1 are replaced with equivalent ones
log fi(e*) < 0.

Having deployed the aforementioned transformations, the posynomial f; (x) = Z,le crx{ x5
xpmk is transformed to

K
log f; (e¥) = log (Z eaiTkY+b”‘> (4.25)

k=1
where a;, = |dik, ..., dnk) and b;p = log ck. e function 1n (4. 1S a log-sum-exp function that 1s
here al, = [ ] and bjx £ log . The function in (4.25) is a log p function that i

a convex function. Similarly, equality constraints /; (x) = 1 are replaced with log ; (¢¥) = 0. In other

ay; _.az; api -
words, ; (X) = cix}"x3% ... x," is transformed to

logh;(e¥) = a]y + b, (4.26)

where al £ [ay;,...,ap] and b; £ logc;. This is an affine function. Performing the operations

in (4.25) and (4.26) on problem (4.23) results in a convex problem in the form of

K
min log (Z eaoTkY+b0k> (4.272)
y k=1
K
subject to log (Z eaiTkHbik) <0, i=1,....m (4.27b)
k=1
aly+b; =0, i=1,....p (4.27¢)

with new optimization vector y. Unlike the original geometric problem in (4.23), problem (4.27) is
convex and can be solved using convex optimization algorithms [6]. As an example, following is the
transformation of problem (4.24) into the convex form:

min log (ey.+yz—y3+ln(0.5> 4 ety tin®) 4 e—y1+)’3+ln(6)) (4.282)

y
subject to log (ezy‘ + ey2+y3) <0, (4.28b)
y1+y2+y3+1n2) =0, (4.28¢)

which is a convex function.
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4.5 Application Examples

So far, the fundamentals of convex programming and the way of recognizing a convex problem have
been discussed. For now, to highlight the importance of this programming and its application in the
field of electrical engineering [8,9], several application examples are given in this section.

The approaches towards analytic solution of convex programming are left to Chap. 5. Alternatively,
the solution of the given examples is presented using the state-of-the-art solvers deployed by software
packages [10-12]. In this book, CVX [10] as a well-known tool to solve convex programming is
adopted. CVX is a MATLAB-based modeling system for convex optimization allowing objective and
constraints to be specified using MATLAB expression syntax. In CVX, functions and sets are built up
from a small set of rules from convex analysis. This tool also supports geometric programming. For
more information, see http://cvxr.com/cvx/ and included user guides.

4.5.1 Wireless Communication Channel

Here, to get started with CVX, finding the parameters of the wireless communication channel stated
in Chap. 3, which is an unconstrained convex problem, is given in the following:

%
A=[1 —10%logl0(10); 1 —10xlogl0(20); 1 —10xlogl0(50);...
1 —10%10og10(100); 1 —10xlogl10(300) 1;

b=[—70; —75; —90; —110; —125];

cvx_begin

variable x(2)
minimize norm (Axx—b)
cvx_end

Status: Solved
Optimal value (cvx_optval): +7.52421

—26.7440
3.9669

%

The provided result is the same as in Chap. 3.

4.5.2 Joint Power and Bandwidth Allocation

The problem of joint power and bandwidth allocation, raised in Example 6, is also solved using
CVX for n = 2 users and assumed values for W, r o, and B in the following. Just note that

rel _entr (x,y) in CVXis equivalent to x log (’;“)
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%

W= 1;

rth = [2; 1];
a= [1; 11,

b=1[1; 0.5];
cvx_begin

variables p(2) w(2)
minimize sum(p)”2
subject to

4 Convex Programming

for i=1:2

rth(i) — (—a(i)/log(2))*xrel_entr(w(i), w(i)+b(i)*p(i)) <= 0
end

sum(w) ==

w >= 0

p>=20

cvx_end

p

w

Status: Solved
Optimal value (cvx_optval): +83.3532

p =
5.1567
3.9731
W =
0.6219
0.3781
%

4.5.3 Power Control in Wireless Communication

Power control has always been a challenging issue in wireless communication as the power budget is
limited in wireless transmitting nodes [13, 14]. Moreover, the transmit power by an individual node
causes interference to the other nodes and thus degrades the quality of their communication links.
A power control problem usually arising in multi-point to multi-point communication networks is

investigated here.

Consider a wireless communication network consisting of a set A'7 of m transmitting nodes and a
set Ng of m receiving nodes. Each node i € A7 is going to establish a connection and transmit data
to the same node index i € Ng. The channel gain between any pair of transmitting node i € N7 and
receiving node j € Ny is denoted by H;;, which is a function of path loss, shadowing, and fading.
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Under the assumption of transmit power p; from node i € N7, the signal strength at its
corresponding receiving node i € Ny is H;; p; and the interference plus noise is Z’J":l jeti Hjip; +
o2, where 27:1’./# Hj; p; is the interference from simultaneous transmissions by the other nodes

in N7 and o is the noise power. The received service by each node i is a function of its signal to
interference plus noise ratio (SINR) determined by

H;i pi
m - 2°
-1z Hjipjt+o
One desired objective in the network is to minimize the total transmit power by the nodes while

satisfying a given SINR for each node i, i.e., y; > M. The problem of determining transmit powers
p = {p:i}7", can be formulated as

Vi = (4.29)

mpin pi+p2++ pm (4.30a)
subject to
H;; p; th )
>y, i=1,....m (4.30b)
Yz Hjipj+o? T
pi = 0. i=1,...,m. (4.30¢)

The objective of this power control problem is an affine function. Moreover, the constraint
in (4.30b) can be rewritten as

m
Z y"Hjip; — Hiipi + 7"0? <0
j=Li#i

which is also an affine function. Therefore, the problem in (4.30) is linear programming and so a
convex problem. This problem can be solved using CVX package in MATLAB with typical given
channel gains H;; = e~ =il and given yth =[15,12,9,6].

%
m = 4;
H=[];
SINR = [15; 12; 9; 6];
noise_pow = le—9;
for i=1:m

for j=1:m

H(i.j) = exp(—abs(i—j));
end

end

d = diag(H);

cvx_begin

variable p(m,1)

minimize sum(p)

subject to

(H-diag(d)) *xp.xSNR — d.xp + noise_powx*SINR <= 0
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p >= 0;
cvx_end
p

Status: Inaccurate/Solved
Optimal value (cvx_optval): +3.98981e—09

p =
1.0e—08 =x
0.1408
0.0668
0.0582
0.1332
%

As another problem, in the mentioned power control scenario, assume that the objective is to
maximize the minimum SINR over the network receivers. In other words, the objective is to

max min ¥ (4.31)
P i

such that p; < pmax for all i. In other words, this objective aims to offer an equal service to all
the receiving nodes. To formulate this objective into an optimization problem, let # = min y; be the
l

minimum SINR and thus y; > ¢ for all i. Therefore, the problem can be formulated as

max t (4.32a)
P
) H;; p; .
bject t > t, =1,..., 4.32b
subject to ST Hp ot T i m ( )
0 < pi < Pmax; i=1,...,m. (4.32¢)

Note that the objective in (4.32a) can be written as min % that is a monomial. Moreover, the
p

constraint in (4.32b) can be rewritten as

t (ZT:],,/’;&[ Hjip; + 02)

<1
H;; p;i

where the left-hand side derivation of this constraint is a posynomial. Considering the monomial
functions in the objective (4.32a) and constraint (4.32c), it implies that this power control problem is
a geometric programming. This can be solved in MATLAB using the gp switch of the CVX package.
Following is a numerical solution for this problem assuming pmax = 1:

%
m = 4;
H= 1]

noise_pow = le—9;
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pmax = 1;
for i=1:m
for j=1:m
H(i.j) = exp(—abs(i—j));
end
end
d = diag(H);
cvx_begin gp
variables p(m,1) t
maximize t
subject to
t*((H-diag(d))’xp + noise_pow) ./ (d.xp) <=1
p <= pmax

p >0
cvx_end
p

Status: Solved
Optimal value (cvx_optval): +1.35762

p =
0.6863
0.9367
0.9367
0.6863
%

4,54 Power Dispatching in Interconnected Microgrids

Distributed power generation is a key concept in the next generation of power systems [15]. Small-
scale generators and renewable energy sources can be collected together to supply heterogeneous
power demands. Because of its distributed structure, the system is more reliable in terms of
maintenance and services, as well as is more flexible in using renewable energy sources.

Integrating distributed power units into a framework, using information, communication and smart
technologies, is known as a smart power grid [16]. This grid, characterized by power flexibility and
reliability, enables the incorporation of various components such as renewable power resources and
distributed micro-generators.

A unit of the grid, known as a microgrid (MG), is a group of small generators and loads connected
to the grid in multiple points. As a considerable capability, each MG can operate in islanded and
grid-connected operation modes. In the grid-connected operation mode, as in Fig.4.11, each MG
interacts with other MGs to establish a set of regulating power flows in the grid [18, 19]. As a result
of this regulation, a grid-wide balance between supply and demand is provided, which results in a low
operational cost.

Consider a distributed power grid consisting of aset V' = {i : i = 1, ..., n} of MGs interconnected
through a power and data transmission infrastructure. Power demand within each MG; is assumed to
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Fig. 4.11 Interconnected
MGs [17]

Network
Operator

- — — Data flow

Power flow

be y;. Moreover, it is assumed that total power generated in MG; must not exceed o;. The objective of
the network operator is to establish a set X = {x;;} of power flows among MGs in order to minimize
a cost function of the system-wide power generation. x;; is the amount of power transmitted from
MG; to MG;. Under the assumption of a quadratic cost function for power generation at each MG,
the optimization problem is formulated as

2

n n
min DD o (4.33a)

i=1 \j=1

n
subject to inj =Y, j=1,...,n (4.33b)
i=1
n
> xij <o, i=1,....n (4.33¢)
j=1
xij > 0. i,j=1,...,n (4.33d)

Constraint (4.33b) satisfies the supply-demand balance in each MG; and constraint (4.33c)
restricts the power supplied by each MG; to its maximum power generation level. This convex
problem is solved for three MGs with the same o;’s but different y;’s, i.e., demands, as in the
following:

%

d =[1; 2; 3], % demand
s = [3; 3; 3]; % supply
n = 3;

b = ones(n, 1);

cvx_begin

variables x(n, n)

minimize sum(x(1, :))*"2 + sum(x(2, :))"2
subject to

X’ xb ==

x*¥b <= s

x >= 0

cvx_end
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Status: Solved
Optimal value (cvx_optval): +4.5
>> X

0.3051 0.5253 0.6696
0.3051 0.5253 0.6696
0.3899 0.9493 1.6608

%

4.6 Summary

In this chapter, we introduced the fundamentals of convex programming including convex sets,
convex functions, and convex problem. In particular, the first- and second-order conditions on convex
functions are presented and the optimality condition has been shown to be both necessary and
sufficient for convex problems. Furthermore, geometric programming as a special optimization that
can be transformed into a convex form has also been introduced. A number of application examples
in electrical engineering with convex models have been introduced and their numerical solutions
using CVX have been presented. In the next chapter, the approaches and algorithms to solve convex
problems will be presented.

4.7 Problems

Problem 1 For each of the following functions determine whether it is convex, concave, or
neither one. In case of neither convex or concave, find a transformation to make the function
convex.

(@ f(x) = ﬁ on R?H.
b) f(x)= i—é onR?H.

Problem 2 Consider the optimization problem
min x12 + x%
subjectto xp > —x1 +2
X2 = X1
x1 =>0,x > 0.

(a) Plot the feasible region and check out if this region is convex.
(b) Determine whether the problem is convex and find the optimal value.
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Fig. 4.12 Level set of
F®) =x}+0.5x3 +3x, +4.5
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Problem 7 Consider a random vector x € R” and convex function f. Show that

FEXD = E[f(X)]

where E[.] is the expected value function. This inequality is known as Jensen’s inequality.

Problem 8 Show that minimizing the maximum of a finite number of posynomials, i.e., F(x) =
max;{ f; (x)} is a geometric programming.
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Abstract

One common approach towards solving an optimization problem, in general, is to transfer it from
the primal domain into a dual domain. This is sometimes of great advantage as the problem in
the dual domain is simple enough to solve. In this chapter, this transformation is introduced and,
based on the achievements from the dual domain, Karush—Kuhn-Tucker (KKT) conditions are
derived to find optimal solutions in general optimization problems. Moreover, based on KKT
conditions, Lagrangian algorithm is introduced to be implemented as an iterative search method
to solve convex problems. Finally, some application examples in electrical engineering are given,
accordingly.

Keywords
Duality - Dual decomposition - KKT conditions - Lagrangian algorithm - Sensitivity analysis

5.1 Lagrangian Function

Recall that the standard optimization problem, not necessarily convex, is given in the form
of

“%(in fo(x) (5.1a)
subjectto fi(x) <0, i=1,...,m (5.1b)
hix)=0, i=1,...,p (5.1¢)

with domain D = N/ D . ﬂf: 1 D, - Let us consider this problem as a primal problem and define its
corresponding Lagrangian function and Lagrange multipliers in Definition 1.
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Definition 1 Associated with each optimization problem in (5.1), the function L : D x R™ x
R? — R in the form of

m p
LA, v) = fo() + Y 2ifi)+ Y vihi(x) (5.2)
i=1 i=1

is called the Lagrangian function. Coefficients A = {;}7" | and v = {v; }f’z | are called Lagrange
multipliers. Each A; is the Lagrange multiplier associated with f;(x) < 0 and each v; is the
Lagrange multiplier associated with 4; (x) = 0.

Indeed, Lagrangian function is a weighted sum of objective and constraint functions.

5.2 Dual Problem

Now, consider the function g : R™ x R? — R defined as

g(A,v) = inf L(x, A, ). 5.3)
xeD

This function is called the dual function associated with the so-called primal problem in (5.1). g is
the pointwise minimum of a set of affine functions in (A, v). Therefore, it is a concave function even
though the primal problem is not convex, as discussed in Chap. 4.

Deriving a dual function for an optimization problem is of high importance as we can take
advantage of beneficial Theorem 1.

Theorem 1 Let p* be the optimal value of the objective function in the standard optimization
problem. Then, the dual function with all .; > 0 is the lower bound of p*. In other words, if
Ai > 0 foralli, then g(A,v) < p*.

Proof Suppose X be a feasible point of problem (5.1). If ; > 0 for all i, we claim

g, v) = inf L(x,X,v) < L(X, A, v) =< fo(X).
xeD
The first inequality is due to the fact that the inf operation returns the minimum function value. The
second inequality occurs because f;(X) < 0 and 4;(X) = 0 as a result of the feasibility of X. Since
the optimal point x* with function value p* = f(x*) is also a feasible point, it is concluded that

g(X, v) < p*. In other words, the dual function is a lower bound of the optimal value. 0O

Following the lower bound property in Theorem 1, the best lower bound can be derived using a
problem called dual problem in the form of

max g(A,v) (5.4a)
Ap

subjectto A; >0, i =1,...,m. (5.4b)
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Recall that g(A, v) is concave, so the dual problem is always a convex problem even for non-convex
problems in the primal domain. This problem can be used to find optimal Lagrange multipliers in the
dual domain.

Assume that the optimal value of the dual problem has been derived as d*, i.e., the best lower
bound on p* that can be achieved from the dual function. We define the duality gap as the difference
between the optimal values of the primal and dual problems, i.e., p* —d*. As a result of the mentioned
lower bound property in Theorem 1, d* < p* and therefore the duality gap is always non-negative. In
particular, if duality gap is zero, i.e., d* = p*, we say that strong duality holds or there exist a zero
duality gap. Otherwise, there exist a weak duality, i.e., d* < p*.

Note that the strong duality does not hold in general. However, it usually holds for con-
vex problems. For more information, refer to Slater’s constraint qualification in the literature
[1].

Dual problem derivation is more explained by the following two examples.

Example 1 Find the dual problem for the least norm solution of linear equations in the form
of

min  x'x

subject to Ax = b.

Solution The Lagrangian function is written as L(x,v) = x'x + v'(Ax — b). There-
fore, the dual function is derived as g(v) = infyxep L(X,v). The solution can be done
using

1
Vil (x,v) =2x+ATv=0= x = _EATV
1
=g(v) = L(x,v) = —ZvTAATv — by,

Then, the dual problem is to maximize g(v). It can be verified that g(v) is a concave function as
—AAT is negative semi-definite. 0O

Example 2 Find the dual problem of the following quadratic problem. Assume P is positive
semi-definite.

min x!Px

subject to Ax < b

Solution The Lagrangian is L(x, A) = x/Px + AT (Ax — b) and therefore the dual function is derived
as g(A) = infxep L(X, A). The solution can be done using
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ViL(x,1) =2Px+ATA =0
1
=x=—-P ATy
2
1
=g(d) = —ZATAP‘IATX —bTa.

Consequently, the dual problem is to maximize g(A). O

53 Karush-Kuhn-Tucker Conditions

In mathematical programming, Karush—-Kuhn-Tucker (KKT) conditions were originally named after
Harold W. Kuhn and Albert W. Tucker first published the conditions in 1951 [2]. These conditions
reduce the solution of a zero duality gap problem into a set of equations and inequalities that can be
solved analytically or numerically.

Prior to introducing KKT conditions, let us discuss two important properties derived from strong
duality. In a standard optimization problem, in which strong duality holds, suppose that x* be primal
optimal and (A*, v*) be dual optimal. Now, consider the statements in

m V4
fox*) = g%, v*) = inf (fo(X) SDITACEDS v;*h,-<x)) (5.5)
i=1 i=1
m 14
< fox) + ) AT A+ Y vihi(x") (5.6)
i=1 i=1
< fo(x*). (5.7)

In this statement, the concept of strong duality, dual function, and Lagrangian function has been
utilized together. The inequality in (5.6) is due to the fact that the minimum value of a function is
always less than or equal to the function for each possible argument in the domain, x* in this case.
Moreover, the inequality in (5.7) comes from the feasibility of x* and A* that implies A} f; (x*) < 0
and h; (x*) = 0 for all ;.

From (5.5)—(5.7), we conclude that the two inequalities in (5.6) and (5.7) can be replaced with
equality. Considering this derivation, following statements are concluded:

1. From the first one in (5.6), we derive infyep L(x, L™, v*) = L(x*, L™, v*). In other words, x* as an
optimal primal variable minimizes the Lagrangian function L(x, A*, v*) as well.

2. From the second one in (5.7), it is concluded that A;"f,- x*) =0fori =1, ..., m. This is known as
complementary slackness property. In other words, for each f; (x*) and A}, we can say that either

M0 fix) =0 (5.8)

or
filx) <0=AF =0. (5.9)

Considering the aforementioned derivations, KKT conditions are stated in Theorem 2.
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Theorem 2 [n any optimization problem with differentiable objective and constraint functions
for which strong duality holds, any pair of primal X* and dual (A*, v*) optimal points must
satisfy the KKT conditions as in

i) <0, i=1,...,m.

Chix*) =0, i=1,...,p.

k;"zO, i=1,...,m.

A ik =0, i=1,....m.

. VxL(X*, 1%, v*)=V f(x*)

+ 3 AV () + Y vEVRi(x*) = 0.

S S I S e

The first three conditions are from the fact that x* and A* are feasible. The forth condition is from
the complementary slackness property. Finally, the last condition is due to the fact that x* minimizes
L(x, A*, v*) function and therefore the gradient of Lagrangian function with respect to x is zero at
(x*, A%, v*).

It is noteworthy that the aforementioned KKT conditions are only necessary for optimal
points in general optimization problems. However, in the case of convex problems, it is
shown in Theorem 3 that KKT conditions are both necessary and sufficient conditions. In
other words, these conditions result in optimal primal and dual solutions, and zero duality

gap.

Theorem 3 In a convex optimization problem with differentiable objective and constraint
functions, if any (f(, x, fl) satisfies KKT conditions, then X is primal optimal, ():, v) is dual
optimal, and strong duality holds.

Proof If any (i, ):, fJ) satisfies KKT conditions, the first three conditions in Theorem 2 state that X

and (}:, fJ) are primal and dual feasible. Besides, i,- > 0 for all i in condition 3 implies that L(x, ):, V)

is also a convex function in x. Therefore, VyxL (X, ):, v) = 0 in condition 5 states that X minimizes
L(x, A, v). In other words,

gk, %) = inf L(x, A, 9) = L(X, &, D).
xeD

Moreover, since Xif,-(i) = 0 and h;(x) = O for all i, we can also say that L(X, A D) = Jfo(X) and
consequently y
g, v) = fo(x).

This derivation implies that the pair of X and (X, ») provides zero duality gap and consequently they
are primal and dual optimal. O

Following the results of Theorems 2 and 3, it is concluded that for a convex problem with
zero duality gap, KKT conditions are both necessary and sufficient conditions. Based on these
conclusions, many algorithms exist for solving convex optimization problems using KKT conditions
in the literature [3,4]. One of these algorithms, known as the Lagrangian algorithm, is stated in
Sect. 5.4.
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Example 3 Solve the least norm problem in Example 1.

Solution The problem is convex. Therefore, x = —(1/2)A” v derived from VyL(x, v) = 0 could also
be primal optimal if v is substituted with the dual optimal value. Since the derived dual problem in
the solution of Example 1 is an unconstrained problem, we can use V, g(v) = 0 to find the optimal
Lagrange multiplier v* and then x* as

Vyg(v) = 0= v* = —2(AAT)"'b = x* = AT(AAT) " 'b. o

Example 4 Find the KKT conditions for the following problem with P > 0.

min 3x"Px +q'x +r

subject to Ax=Db

Solution This is a quadratic convex problem with only affine constrains. The Lagrangian function
and its gradient are L(x,v) = 3x' Px + q'x +r + vT (Ax — b) and VxL(x,v) = Px+ q + ATv,
respectively. Therefore, the KKT conditions that are necessary and sufficient conditions are derived as

Ax—b=0 PAT|[x —q
T = - .
Px+q+A'v=0 A 0 |[v b

As derived, the problem solution is reduced to solve a set of linear equations. O

5.4 Lagrangian Algorithm

So far, we have transformed the optimization problem in the primal domain (5.1) into an equivalent
problem in the dual domain (5.4). As highlighted in Sects. 5.2, 5.3, finding the optimal Lagrange
multipliers (A*, v*) in the dual domain is of great help to find the optimal solution x*. This section
presents Lagrangian algorithm which uses both primal and dual domains jointly to reach the optimal
solution.

In Chap.3, we have discussed a number of iterative search methods to solve unconstrained
optimization problems. Here, we can take advantage of these methods to solve an optimization
problem jointly in the primal and dual domains. This is based on the following facts. First, the optimal
x* that minimizes f (x) is also the minimizer of the Lagrangian function L(x, A*, v*). In other words,
x* solves

min L(x, A*, v*) (5.10)
X

as well, which is an unconstrained problem. Second, the dual problem,
max g(A,v) (5.11a)
A

subjectto A; >0, i=1,...,m (5.11b)
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Fig. 5.1 Lagrangian
algorithm Primal problem

min L(x, Ak, v¥)
X

(ik, Vk) X

Dual problem

mgxac.v)

is mostly an unconstrained problem. Even if not, due to the constraint of (5.11b), we can relax this
constraint and then take advantage of projection methods later to apply this constraint to the derived
solution.

Considering the aforementioned points, the Lagrangian algorithm for constrained convex problems
is depicted in Fig. 5.1, where iterative search methods are deployed in both primal and dual domains
together. The steps are taken as in the following:

1. First, supply starting points x°, A°, v¥ and a stopping criteria for each variable.
2. Assuming given points xk, Xk, v¥ at iteration k, the gradients of L(x, A, v) and g(X, v) at xK, Xk, vk
are computed as

m p
VL& A0 = V o) + Y MV A + Y Vi)

i=1 i=1

ag(Ak, vh) )

T:ﬁ(xk), i=1,2,....,m

) xk’ k

AV by, i=1.2.... . p
81),'

These gradients are used as search directions with appropriate step sizes in iterative methods.
3. The variables in the next iterate k 4 1 are updated numerically as

m p
KT = xk — oy (Vfo(xk) Y MVAEE) + ) vahi(xk)> (5.12)
i=1 i=1
At = (x{? +/3kf,~(xk))+, i=1,2,....m (5.13)

v =k R, i=1,2,...,p (5.14)

1
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where oy, Bi, yx are step sizes at iterate k and ()7 £ max(.,0). Since dual variables are to
maximize the dual problem, search directions are in the direction of gradients, i.e., gradients are
considered with positive signs for dual variables in (5.13) and (5.14). Moreover, the constraints
A; > 0 have been applied the operation of (.)* in (5.13), indicating the projection method noted
earlier in this section.

Steps 2 and 3 repeat until the satisfaction of a termination criterion, e.g., the convergence of x, A,
and v in Step 3.

The examples on how to apply the Lagrangian algorithm to solve convex optimization problems
are addressed in Sect. 5.5.

5.5 Application Examples
5.5.1 Power Control in Cellular Communication

Consider a wireless communication system, as in Fig. 5.2, consisting of a base station as the
transmitter and n users as receivers with channel gains {A;}?_,. Depending on environmental
conditions, channel gains are time-varying following certain statistical characteristics. To address the
impairment effects of time-varying channel gains, the base station is to adopt transmit power p; to
provide transmit rate r; = log, (1 + «;h; p;) for each user i, where «; is a positive scalar.

Now, assume that the base station wishes to maximize its sum transmit rate ) ;_, r; to the users
by adopting the transmit powers {p;}?_,. Moreover, assume that the total transmit power cannot be
exceeded by Ppax at the base station. Hence, the problem is to determine { p; };':] such that the system
sum-rate is maximized. This objective then can be formulated as

n
m;lx X;Ing(l + aihip;i) (5.15a)
i=

Fig. 5.2 Wireless power
allocation
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n
subject 0 Y " pi < Prnax (5.15b)
i=1

pi>0, i=1,....n (5.15¢)

Logarithmic functions are concave and (14«;h; p;) is affine, thus the objective function is concave.
The constraints are also affine and convex. Therefore, the problem is convex and can be rewritten as

n
min —-ZE:logz(l + aihipi) (5.16a)
P
i=1
n
subject to Z Pi — Pmax <0 (5.16b)
i=1
—pi<0, i=1,....n (5.16¢)

For the time being, relax the constraint (5.16¢) as it can be applied later to the solution. The
Lagrangian and dual functions of problem (5.16) are written as

n
L(p, M= —)_log,(I+aih;p;)

i=1

+2 (Z pi—Pmax> (5.17)

i=1

and g(A) = infpep L(p, A), respectively. Since the primal problem is convex, optimal transmit powers
also minimize L (p, A*). Taking the gradient of this function, we derive

1 1\
VpL(p, )\.*) =0= p;k = (m — W) (5.18)
ini

for all i, where (.)™ = max(., 0) is applied to satisfy constraint (5.16c). Therefore, the dual function
and dual problem are obtained as g(1) = L(p*, 1) and max; >0 g(A), respectively. This solution is
usually known as water-falling power allocation in the literature of wireless communication [5].

As a numerical example, consider a network of n = 10 users, channel gains # = {0.1,0.2, ..., 1},
a; = 1 for all i, and Ppax = 1. Taking a numerical computation to substitute p;ks in (5.18) into
g(A) = L(p*, 1), we plot the dual function in Fig. 5.3. As shown, this function is maximized for
A* =~ 1. Substituting in (5.18), the transmit powers are consequently computed as p} = 0 fori =
I,...,6, p7 =0.0141, pg = 0.1927, p5 = 0.3316, and pj, = 0.4427.

In addition to this numerical solution, we also take advantage of the CVX solver in MATLAB to
obtain the optimal transmit powers as in the following.
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Fig. 5.3 Dual function 0 T T

X:1
4t Y:-1.145

a(A)

-10

12 1

14+

(VA
0

clear all

h=0.1:0.1:1; Pmax = 1;
cvx_begin

variable p(1,10)

dual variable lambda

maximize sum(log(l+h.xp)/log(2))
subject to

lambda: sum(p) <= Pmax

p >0

cvx_end

p
lambda

Optimal value (cvx_optval): 1.14543

0.0000 0.0000 0.0000 0.0000 0.0000
0.3363 0.4474

lambda =
0.9968

[9/A
0

0.0000
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These results mostly match the ones achieved using numerical solution. As a remarkable point,
the Lagrange multiplier associated with each constraint can also be found in CVX using dual
variable script and the constraint labeled by the variable name. As shown, the optimal Lagrange

multiplier for constraint (5.16b) derived by CVX is A* = 0.9968.

As an alternative solution for (5.16), we take advantage of Lagrangian algorithm. Recall that taking

+
VLp(p, A*) = 0yields p; = (#g@) — %) for all i. Under the assumption of a given dual variable

A, we can take advantage of this to derive transmit powers. Rather than plotting the dual function and
finding the optimal dual variable, here, we employ an iterative search method. Taking the gradient of

dual problem with respect to A results in

ag "
3_)L ZZP,' — Prax-

i=1
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Then, the iterative search method can be formed as

n +
ahF1 (/\k + g (Z pl’f - Pmax>)

i=1

where g* is the step size and pl’f is the transmit power of user i at iteration k. Considering these
derivations, dual variable A and transmit powers are plotted in Fig. 5.4 versus search iterations. As
shown, after a number of iterations, the curves converge to the same results in two previous solutions.

5.5.2 Cross-Layer Resource Allocation

Traditionally, the functionality of protocol stacks in communication networks is divided between
different layers, based on OSI or TCP/IP reference models [6, 7]. The performance functionality
of each layer is mostly independent from the other layers. Therefore, the performance optimization of
each layer is done individually [8].

However, in the case of wireless networks, the performance of network layers is mostly coupled
with each other [9]. For example, the power control and bandwidth allocation in the physical
(PHY) layer determines link establishment throughout the network. This in turn impacts the channel
assignment in the multiple access control (MAC) layer and the routes and queue management schemes
adopted by the network layer. Following these resource allocation mechanisms, the end-to-end rate
control and congestion control policies are accomplished in the transport layer. In other words, the
performance optimization of a wireless network is required to be done jointly across the whole layers
in the reference model. This is usually known as cross-layer design in the literature [10—12].

To illustrate the application of duality in the cross-layer design of wireless networks, consider a
multi-hop wireless network, as in Fig. 5.5, consisting of L links, indexed by /, and S transmitters,
indexed by s. The transmit rate of each transmitter s is indicated by r, which is routed and relayed
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Fig. 5.5 A typical st

multi-hop network @"’ T3

through a path consisting of a set L(s) of wireless links. In the network depicted in Fig. 5.5, £(1) =
{l1, 13}, L) = {I3, 15}, LB) = {la, 5}, and L(4) = {I3, [o}. The capacity of each link / is a function of
the allocated resources, e.g., bandwidth and power in the MAC/PHY layer. The capacity is indicated
by ¢;(w, p), where w and p are allocated bandwidth and power vectors, respectively.

Assume that the network entity defines a utility function associated with each transmit rate ry,
denoted by U (ry). This is to measure the satisfaction level of user s from the received service r.
The utility is usually a non-decreasing and concave function. The objective of the network entity is
to maximize the sum of utilities throughout the network [13]. This is known as utility maximization
problem and is formulated as

S
max ZUS(rS) (5.19a)
s=1
subjectto Y ry < ci(W. p), I=1,...,L (5.19b)
s:leL(s)
rg >0, s=1,...,8 (5.19¢)

where constraint (5.19b) states that traffic load on any link does not exceed the achievable capacity on
that link.

In general, solving the utility maximization problem raised in (5.19) depends on the network
topology, utility, and link capacity functions. By the way, it can be addressed using dual domain
in general. The Lagrangian and dual functions can be written as

S L
Lar,w,p.d) =) Usr) =Y m| D re—c(w.p) (5.20)
s=1 =1 s:leL(s)
and
D(A) =max L(r,w,p,L) (5.21)
r,w,p

respectively, where A = {}; > O}ZL:I is the vector of Lagrange multipliers associated with constraint
(5.19b). For a given A, the maximization in (5.21) to derive the dual function is done using

S L
max } Us(r) =Y di| D rs—a(w.p)
T s=1 =1 s:del(s)
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which can be decomposed into two sub-problems as

S S
max DU =D > hry (5.22a)
s=1

s=11eL(s)
L

+ max IZI:,\ZCI(W, p. (5.22b)

The former in (5.22a) is a problem of transmit rates rg’s that is accomplished in the transmitters by
the transport layer and the latter in (5.22b) is a problem of resource allocation on the links that is done
by MAC/PHY layers. Two sub-problems are only coupled with each other using Lagrange multipliers
in the dual domain. Therefore, this is usually known as dual decomposition [14].

The Lagrange multipliers A are obtained using the dual problem as

min D(X). (5.23)
A>0

Using iterative search methods, the solution is achieved as

+

M=+ DY i —awhph (5.24)
s:leL(s)

for all /, where rf, wk_ and pk are primal variables at iteration k.

As shown, the system-wide problem of utility maximization in (5.19) has been decoupled into a
number of sub-problems to be done by the network protocol stack. In particular, it results in jointly
optimal end-to-end congestion control and per link resource allocation in the network.

The approach of dual decomposition has usually been adopted in the literature to decompose a
system-wide problem into smaller problems and to perform cross-layer design [15—17]. The resulting
sub-problems, solved by individual layers, are coupled with each other using Lagrange multipliers. As
a remarkable point, this decomposition gains the complexity reduction of the system-wide problem.

5.6  Sensitivity Analysis

Recall that the standard primal and associated dual problems have been introduced as

mxin fo(x) (5.25a)
subjectto fi(x) <0, i=1, ,m (5.25b)
hix) =0, i=1,...,p (5.25¢)
and
Hxlﬁ:x g(x,v) (5.26a)

subjectto A; >0, i =1,...,m. (5.26b)
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respectively. Now consider to replace each constraint in (5.25b) with f;(x) < u; and each constraint
in (5.25¢) with h;(x) = v;. Assume that the objective function in (5.25a) is a measure of cost, and
u={u;}" andv = {v,-}l.p: | are consumed resources. Then, problem

rr;in fo(x) (5.27a)
subjectto fi(x) <wu;, i=1,....,m (5.27b)
hix)=v;, i=1,...,p (5.27¢)

is called a perturbed problem of (5.25). The corresponding dual problem can be written as
rrklax gk, v) — ulr —vly (5.28a)
v
subjectto A; >0, i =1,...,m. (5.28b)

The optimal value in the perturbed problem (5.27) is certainly a function of the resources in u and
v, i.e., p*(u, v). We are interested in p*(u, v), when u and v are varying. Under the assumption of
zero duality gap, we derive

p¥u,v) = g, v*) —ul A* — vl p*
= p*(0,0) —u’ A* —vTp*. (5.29)

In order to evaluate the increase rate of the optimal value p*(u, v) in terms of available resources,
consider the partial derivatives

ap*(u,
WMV v i m (5.30)
Bui !

and
prwy) _ .
81),' !

Considering these derivations, A and v are called shadow prices and are derived as

i=1...p. (5.31)

A*:_ap*(u, V)’ \)?k—_ap*(u’ V)'
! Bu,- ! 31)[

Recall that p*(u, v) is the optimal value of the cost function or equivalently —p*(u, v) is the
optimal value of the revenue function. Accordingly, the interpretation of the sensitivity analysis is
concluded. The larger is the Lagrange multiplier of a constraint in (5.27), the more is the revenue
achieved from increasing the resource of this constraint. In other words, it would be more efficient
economically to increase the resource of a constraint with the largest Lagrange multiplier.

Example 5 Let R*(Ppax) denotes the optimal value of the sum-rate ) '_, r; in problem (5.15)
as a function of the maximum allowed transmit power Pn,x. Perform a sensitivity analysis.
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Table 5.1 Sensitivity

analysis results Prax 0.8 |09 1 .1 |12

R*(Pmax) [0.94 [1.044 |1.14 1.24 |1.34

Solution As derived in the solution of the equivalent problem (5.16) with objective to minimize —R,
the Lagrange multiplier associated with constraint (5.16b) is A* >~ 1 for Ppax = 1. By the results of

sensitivity analysis, we claim
0(—R*(Puax)

—1 (5.32)
9 Pmax
or equivalently
IR*(P,
IR (Pra) _ (5.33)
8 Pmax

To verify this derivation, we show the sum-rate values for a number of maximum allowed transmit
powers around Pp,x = 1in Table 5.1. The results verify the derived sensitivity analysis in (5.33), i.e.,
any variation in Pp,x appears with slope 1 in the sum-rate values. O

5.7 Summary

The process of transforming an optimization problem into a dual domain has been discussed in
this chapter. Important concepts of Lagrangian function and dual problem have been introduced. It
has been highlighted that, in the case of a minimization problem, the solution of the dual problem
provides a useful lower bound for the optimal solution. Based on the results from the dual domain,
KKT conditions have been derived, which reduces the problem solution into a set of equality and
inequality equations. Furthermore, Lagrangian algorithm as an iterative search method has been
proposed, accordingly. Finally, taking advantage of dual domain, a number of application examples
in electrical engineering have been introduced.

5.8 Problems

Problem 1 Consider the binary optimization problem

min  2x| + x2
subjectto x; +x2 > 1

x1, x2 € {0, 1}

(a) Determine whether the problem is convex, and find the primal optimal value p*.
(b) Find the dual function, state the dual problem, and verify that it is a concave problem.
(c) Find the dual optimal value d* and check out whether the strong duality holds.
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Problem 2 Find the dual problem of the following linear program:

min cI'x

subject to Ax = b, x > 0.

Problem 3 A power station is to supply energy demand E;,; of a city during daily hours, index
by 7T £ {t:t=1,...,24}. The cost of generating x, kWh energy at time instant 7 is indicated
by fi(x;) = a,xtz + bixs + ¢;, where a; > 0, by, ¢, are some constants. The objective is
to determine {xt};zip while minimizing the total cost of power generation and the total daily
energy equals E; ;.

(a) Formulate the problem as convex optimization problem.

(b) Write down the KKT conditions and form a set of linear equation in the matrix form to find
the solution.

(c) Suppose that in addition to the scheduled energy x;, there is also an unpredicted and
time-varying demand over daily hours, modeled as a random variable y. Considering this
unknown demand, reformulate the problem in part (a) as a stochastic optimization problem.
Is this problem convex?

Problem 4 A radio transmitter is to send data to a receiver through a time-varying communica-
tion channel. The channel gain y is modeled as a random variable varying over a set {)/S}SS:1 of
states with probabilities {ns}le. At each state s with gain yy, data transmit rate is log, (145 ps),
where p; is the consumed power by the radio at state s. The objective of the transmitter is to
determine transmit powers per states, i.e., {ps} SS=1, while maximizing the average data transmit
rate. The average total transmit power is Pr. The problem is formulated as

S
maximize Z 7wslogy (1 + ysps)
s=1
S
subject to Z wsps < Pr.
s=1
(a) Show that the problem is convex.
(b) Write down the KKT conditions for the problem.
(c) Using the KKT conditions, find the optimal solution.

5 Duality
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Problem 5 A typical problem in economy is sum-utility maximization. Let two economic
resources Sy and Sy to be distributed among N groups of people. The utility of each group
i achieved from the share x; of the resource S, and the share y; of the resource Sy, is denoted by
a; In(x;) and B; In(y; ), respectively, where «; > 0 and g; > 0 are weights indicating the priority
of group i. The objective is to maximize the total utility subject to the resource constraints. This
problem can be written as

N N
maximize Y o; In(xi) + Y B In(y)
i=1 i=1
N
subject to: Zx,- = S

i=1

N
dovi=5y
i=1

xi,yvi=0 i=1,...,N.

(a) Show that the problem is convex.
(b) Write down the KKT conditions and find the optimal solution x* and y for all i.

*

y b
where v} and v} are optimal Lagrange multipliers for resource constraints. Therefore, they
are rate of increase of the sum-utility value with respect to resource values.

(d Let N =2,0 =B =[1 1],and Sy = 1, S, = 0.5. Find v} and v;‘. Which resource do you

prefer to increase if you are going to increase the sum-utility?

* *
(c) Let p* be the optimal value. Substituting x; and y;, show that g%x = v} and g%y =
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Abstract

In this chapter, following an introduction on the fundamentals of linear matrix inequalities (LMIs),
the application of LMIs to solve convex optimization problems, using numerical examples, is
explained. Then, the robust optimization problems are formulated and solved via the LMI-based
Hy, and mixed H>/H optimization techniques. In order to solve non-convex optimization
problems an iterative LMI is addressed. Finally, the effectiveness of given LMI-based optimization
techniques in control synthesis is emphasized and several illustrative examples are given.

Keywords
Linear matrix inequalities (LMI) - Robust optimization - Optimal Hs, control - Multi-objective
optimization - Performance index - Non-convex optimization

6.1 Linear Matrix Inequalities (LMI)

Recently, linear matrix inequalities (LMIs) have emerged as a powerful tool to approach optimization
and control problems that appear difficult or impossible to solve in an analytic method. Many
optimization problems in dynamic system and control can be formulated as LMI problems. Over
the years, efficient algorithms have been developed for solving the LMIs [1].

6.1.1 Lyapunov Inequality

The history of LMIs in the analysis of dynamical systems goes back more than 100 years, when
Lyapunov published his work called Lyapunov theory in 1890. The basic idea of this theory for
stability analysis of linear systems is to search for a positive definite function of the states, called the
Lyapunov function, whose time derivative is negative definite. A necessary and sufficient condition
for the linear system

x(t) = Ax(¢) 6.1)
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where x € R”, A € R" " to be stable is the existence of a Lyapunov function V (x) = x’ Px, where
P € R™*" is a symmetric positive definite matrix, such that the time derivative of V is negative for all
x#0,ie.,

V(x) = VVTx)x = 2Px)T Ax = 2x" P Ax
=x'(ATP+PA)X <0 (6.2)
or equivalently

ATP+PA <0. (6.3)

It is noteworthy that (6.2) is obtained using the scalar values property of x’ PAX, i.e., x! PAX =
xTPAx)T = xTATPx.

The inequalities (6.3) are called the Lyapunov inequality on P, which is a special form of
an LMI where P is variable. Therefore, the first LMI used to analyze stability of a dynamical
system was the Lyapunov inequality (6.3), and it is fair to say that Lyapunov is the father
of LMI.

Example 1 (Stability Analysis) Evaluate the robust stability of

. 0 1
X = [_5 _J x, 8 € [0.1 1]. (6.4)

Solution According to (6.3), we can formulate the stability problem to solve the following LMIs for
P> 0:
ATP+PA; <0, i=1,2

This is a convex optimization and can be easily solved in MATLAB environment. 0O

The LMIs can be used not only for stability analysis but also for control synthesis. For example,
it is desired to design state-feedback control law u(x) = Kx for linear system x = Ax(¢) + Bu.
The closed-loop system is stable if and only if the LMI (6.3) is satisfied for X(t) = A x(¢), where

A. = A+ BK.
AP+ PA.<0= (A+BK)"P+P(A + BK)<0. (6.5)

Multiplying both sides by P~!, then
AP L+ PIAT 4 BKP! + (KP~H)TBT <0. (6.6)
Changing variables P~! = Q and KQ =Y, an LMI in terms of Y and Q is obtained as
AQ+ QAT + BY +Y'BT <. (6.7)

Now (6.7) is convex and solving it for Q and Y yields K = YQ ™! and P = Q1.
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Example 2 (Controller Synthesis) Design a robust controller for the following uncertain

system:
. 01 0
X = |:a5 O]X—i— |:bi|u se[091].

Solution

Using LMI (6.7) through the MATLAB codes, the robust controller is achieved. 0O
6.1.2 Standard Presentation

Definition 1 A standard presentation of an LMI is

F(x)=Fy+ ) xFi <0 (6.8)

i=1

where F is an affine function mapping a finite dimensional vector space 2 to either sets of all
m x m Hermitian H or symmetric matrices S (F : @ — Hor F : @ — S). x € Q is a vector of
n real numbers as the variables. Fo, Fy, ..., F, are real symmetric matrices.

The LMI (6.8) is feasible if there exists x €  such that F(x) < 0, otherwise it is said to be
infeasible. Since all eigenvalues of a real symmetric matrix are real, F(x) < 0 means F(x) is negative
definite (i.e., u F(x)u < 0 for all nonzero real vectors u), and all its eigenvalues are negative.
Remark 1 Inequality (6.8) describes a strict LMI. A non-strict LMI is a linear matrix inequality where
< in (6.8) is replaced by <.

Remark 2 An LMI optimization problem is reduced to minimize ¢’ x over all x €  that satisfies
F(x) <0,i.e.,
T
min ¢’ X (6.9a)
X
subject to F(x) < 0. (6.9b)

Remark 3 In LMIs, the matrix variables can also be used instead of vector variables. This means that
we can consider LMIs in the form of F(X) < 0, where X € R"*",
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A special case with m = n is the Lyapunov inequality F(X) = A”X + XA + Q < 0, where
A, Q € R™" are assumed to be given and X is the unknown matrix variable of dimension n x n. Note
that this defines an LMI only if Q € S".

Definition 2 A system of LMIs is a finite set of LMIs F1(x) < 0,...,F,(X) < 0; with the
convex set of all x. These inequalities are satisfied if and only if

Fix) 0 ... 0
0 Fox) : 0
F(x) £ i ; <0. (6.10)

0 0 : F,x

Example 3 (Lyapunov Stability) Find an LMI for inequalities ATP + PA < 0 and P > 0.

Solution According to (6.10), we can present two LMIs to one LMI as follows:

—P 0 <0 |
0 ATP+PA )

Remark 4 The matrix inequalities F(x) > 0 and F(x) < G(x) with affine functions F and G are
obtained as special cases of (6.8) as they can be rewritten as the LMIs —F(x) < 0 and F(x)—G(x) < 0,
respectively.

6.1.3 LMl for Convex Optimization

An LMl is a convex constraint. Consequently, optimization problems with convex objective functions
can be formulated into LMIs. Therefore, LMIs are a useful tool for solving a wide variety of
optimization problems. Linear inequalities, convex quadratic inequalities, matrix norm inequalities,
and various constraints from control theory such as Lyapunov and Riccati inequalities can all be
written as LMIs. Further, as mentioned, multiple LMIs can always be written as a single LMI of larger
dimension. An LMI convex optimization problem is a semi-definite programming (SDP) problem
which usually appears in (6.9) or in the form of

min ¢’x (6.11a)
X
subjectto A(x) < B (6.11b)

where A(X) = x1A| + - - - + x,A,, x € R?, A;’s and B are real symmetric matrices.

The constraint A(x) < B means B — A(x) is positive semi-definite and presents an LMI. For
example, Lyapunov theory leads to find a semi-definite matrix P (i.e., P = P”) such that ATP +
PA < 0.
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6.2 Equivalent LMIs Representation

6.2.1 Schur Complement

Lemma 1 (Schur Complement) The LMI

[s?T E] <0 6.12)

is equivalent to the following nonlinear matrix inequalities:

Q<0,R-S"Q7!s<0
(or R<0, Q—SR!ST <0). (6.13)

Proof Starting from (6.12), the equivalence follows from
I 0][QS][1-Q°'S
—STQ7'I][STR|[0 I
_|Q 0
- [0 rR-s7Q-ls| =

Similarly, the LMI [S% E] > 0withQ = Q7 > 0and R = R” > 0 is equivalent to R > 0 and
Q-SR'ST>0. o

Example 4 Find an LMI for the constraint P > 0, ¢/P~l¢ < 1 wherec € R*,P = P! ¢
]Rnxn'

. . . . . Pc
Solution Using the Schur complement, it is easy to transfer the above two inequalities to [cT 1i| > 0.

O

Example 5 Formulate the following algebraic Riccati inequality to an LMI.
ATP+PA +PBR 'B'P+Q <0

where P is a positive definite symmetric matrix and Q is a constant symmetric matrix.
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Solution The Riccati inequality is quadratic in P and by applying the Schur complement lemma, one
can obtain the following LMI:

—-ATP—-PA-Q PB
|: BTP R] > 0.

6.2.2 Maximum Singular Value

The maximum singular value measures the maximum gain of a multivariable system, which is very
useful for quantifying frequency-domain performance and robustness for multivariable systems. The
maximum singular value of a matrix A which depends on x is denoted by o A(x), which is the square
root of the largest eigenvalue of A(x)A” (x) or AT (x)A(x). The inequality A (x) < y is a nonlinear
convex constraint on x that may be written as an LMI using the Schur complement lemma:

Example 6 Find an LMI for constraint [M]|; < y, where M is a given matrix.

Solution M2 <y € Amax (MTM) <2 & M'M < y 1 & y I-M'M > 0 & [1\)//IIT ?ﬂ > 0.
O

6.3 LMI-Based Optimization for Robust Control Synthesis

In this section, an LMI-based optimization approach is introduced for robust control synthesis
problems. It can be effectively applied for controllers design in a wide range of real-world control
systems [2].

6.3.1 Static Output Feedback Control

The static output feedback (SOF) control problem has received so much attention due to its simple
structure representation and applicability in the real-world systems. Furthermore, many existing
dynamic control synthesis problems can be transferred to an SOF control problem by well-known
system augmentation techniques.

Usually, design of a full-order output feedback controller can be reduced to the solution of two
convex optimization problems, a state feedback and a Kalman filter. The existence of the SOF
controller is shown to be equivalent to the existence of a positive definite matrix simultaneously
satisfying two Lyapunov inequalities [3], where the determination of such a matrix leads to solve
a non-convex optimization problem [3-6].
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Necessary and sufficient conditions for SOF design, as mentioned above, can be obtained in terms
of two LMI couples through a bilinear matrix equation [4,5,7]. Particularly, the problem of finding an
SOF controller can be restated as a linear algebra problem, which involves two LMIs. For example,
an LMI on a positive definite matrix variable P, an LMI on a positive definite matrix variable Q,
and a coupling bilinear matrix equation of the form PQ = I. However, finding such positive definite
matrices is a difficult task, since the bilinear matrix equation implies Q = P!, Thus, the two LMIs
are not convex in P [4].

6.3.2 Hoo-SOF

This section gives a brief overview of H co-based SOF control design. Consider a linear time invariant
system G (s) with the following state-space realization:

x = Ax+ Biw + Byu (6.14a)
z=Cix+Dyiw+Djou (6.14b)
y=Coxx+Dyw (6.14c)

where x is the state variable vector, w is the disturbance and other external input vector, z is the
controlled output vector, and y is the measured output vector, all in R”,

The Hyo-based SOF control problem for the linear time invariant system G (s) with the state-space
realization of (6.14) is to find a matrix K (static output feedback law u = Ky), as shown in Fig. 6.1,
such that the resulted closed-loop system is internally stable, and the Hy, norm from w to z is smaller
than y, a specified positive number, i.e.,

ITzw(s) oo < ¥- (6.15)

Under certain assumptions on system matrices, the following theorem can be extendable to the
Ho-SOF control problem.

Fig. 6.1 Closed-loop
system via Hy, control

G(s)

u y
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Theorem 1 It is assumed that (A, By, Cy) is stabilizable and detectable. The matrix K is a
dynamic Hy, controller, if and only if there exists a symmetric matrix X > 0 such that

AIX + XA, XBy C]|
BIX —yID]|<o0 (6.16)
Cq Dy —yI

where A = A + BoKCy, B =B, C = C + D;2KCy, D = 0.

Proof The proof is given in [S] and [8]. O

We can rewrite (6.16) in the following matrix inequality form [9]:

XBKC + (XBKC)” + ATX + XA <0 (6.17)
where
i A B 0 i B, i X00
A=]0 —yI/2 0 |.B=|0 [,C=[C200].X=|010]. (6.18)
C 0 —yI2 D> 001

Hence, the Hyo-based SOF control problem is reduced to find X > 0 and K su_ch_tha_lt matrix
inequality (6.17) holds. It is a generalized SOF stabilization problem of the system (A, B, C) which
can be solved via Theorem 2.

Theorem 2 The system (A, B, C) that may also be identified by the following representation:
X = Ax + Bu (6.19a)
y = Cx (6.19b)

is stabilizable via SOF if and only if there exist P > 0, X > 0 and K satisfying the following
quadratic matrix inequality:

T _ Ty _ T T T T
[A X+ XA —PBB’X — XBB’P +PBB’P (B'X +KC) ]<0. 6.20)

B”X + KC —1

Proof According to the Schur complement, the quadratic matrix inequality (6.20) is equivalent to the
following matrix inequality:
ATX +XA —-PBB’X — XBB’P+PBB'P + (B"X + KC)" B"X +KC) < 0. (6.21)
O
Here, the matrices A, B, and C are constant and have appropriate dimensions. The X and P are

symmetric and positive definite matrices. For this new inequality notation (6.21), the sufficiency and
necessity of theorem are already proven [9].
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6.4  An Iterative LMI Algorithm

It is notable that the Hy,-SOF reformulation generally leads to bilinear matrix inequalities (BMI)
which are non-convex. This kind of problem is usually solved by an iterative algorithm that may not
converge to an optimal solution.

6.4.1 Developed Algorithm

Here, the quadratic matrix inequality (6.20) shows a non-convex optimization problem, and its
solution cannot be directly achieved by using general LMI techniques. In order to solve the mentioned
H-SOF, an iterative LMI algorithm has been used. The algorithm is mainly based on the idea given
in [9]. The key point is to formulate the Hy, problem via a generalized static output stabilization
feedback, such that all eigenvalues of (A — BK;C) shift towards the left half plane through the
reduction of a, a real number, to close to feasibility of (6.20). Theorem 2 gives a family of internally
stabilizing SOF gains defined as Kgor. A desirable solution can be obtained using the following
optimization problem.

Optimization problem: Given an optimal performance index y (6.15), simply obtained from
the application of H, dynamic output feedback control to the control area i (for example, using
hinflmi function in MATLAB LMI Control Toolbox), determines an admissible SOF law

u; =Ky, K; € Kyof (6.22)

such that
ITzw (oo < v*, ly —y*| <e€ (6.23)

where ¢ is a small positive number. The performance index y* indicates a lower bound such that
the closed-loop system is Hy, stabilizable. The following algorithm gives an iterative LMI (ILMI)
solution for the above optimization problem:

Step 1.  Set initial values and compute the generalized system (A;, B;, C;) as given in (6.18).

Step2. Seti = 1, Ay = Ay and let 5 = Yy > y. Ay and yp are positive real
numbers.

Step 3.  Select Q > 0, and solve X from the following algebraic Riccati equation (ARE)

ATX +XA; - XB;B/X+Q=0. (6.24)
then set P| = X. )
Step 4. Optimization Problem 1: Solve the following optimization problem for X;, K; and g;.
Minimize a; subject to the LMI constraints:

[AZTXl + X,‘Ai — PiBiEiTXi — X,‘Bi]}iTPi + PiEiBI-TPi — ai)_(l- (BITXI + K,‘C,’)T

AT > <0 (625
B/X; + K;C I } (6.25)

X; =X’ >0. (6.26)

denote a;" as the minimized value of q;.
Step 5. Ifa] <0, gotostep 8.
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Step 6. Fori > 1,ifa’ | <0, then K;_| € Kof is an Hy controller and y* = y; + Ay indicates
a lower bound such that the above system is H, stabilizable via SOF control, go to step 10.

Step 7. Optimization Problem 2: If i = 1, solve the optimization problem for X; and K;: Minimize
trace(X ) subject to the above LMI constraints (6.25) and (6.26) with a; = a . Denote X* as the
X that minimized trace(X ). Go to step 9.

Step8. Sety; =y; — Ay,i =i+ 1. Then go to step 3.

Step 9. If |X;—P;| < &, (8 is a prescribed tolerance), go to step 6; else seti = i+1 and P; = )_(;“_],
then go to step 4.

Step 10. If the obtained solution (K;_1) satisfies the gain constraint, it is desirable and stop.

The proposed ILMI algorithm shows that if one simply perturbs A; to A; — (a/2)I for some a > 0,
a solution of the matrix inequality (6.20) can be obtained for the performed generalized plant. That is,
there exists a real number (¢ > 0) and a matrix P > 0 to satisfy inequality (6.25). Consequently, the
closed-loop system matrix A; — B;KC; has eigenvalues on the left-hand side of the line 93(s) = a in
the complex s-plane. Based on the idea that all eigenvalues of A; — B;KC; are shifted progressively
towards the left half plane through the reduction of a. The given generalized eigenvalue minimization
in the proposed ILMI algorithm guarantees this progressive reduction.

6.4.2 MATLAB Codes

The introduced iterative LMI algorithm can be realized using the MATLAB codes. According to the
design approach given in [9], the main program is written as follows.

Main Program
%

9%% Hinf—-SOF STABILIZATION ALGORITHM

%% Main function
function [P,K,alfa,i,eigen]=SOF(A,B1,B2,C1,D11,C2,D21,D12,X)

lambda=0.801; Y%performance index

9%% define dimensions
[n,nu]=size (B2);[ny,n]=size (C2);
[m3,n3]=size (Bl);[m4,nd4]=size (DI1);

X=are (A,B2xB2’ ,eye(n)); Yostep 3
if min(eig(X))<=0 X=ones(X);end
alfa=1000;alfal=alfa;Kl=zeros(nu,ny);Y=alfaxX;
tt=0;i=1;tol=1e—3;

while i<100000

9%% Optimization problem 1 (step 4)
[alfa ,K2,X1]=minALFA(A,B1,B2,C1,D11,C2,D21,D12,X,KI1, alfa ,Y,lambda);

if alfa<=0 Jostep 5
P=X1;K=K2; break ;

9%% if alfa<0 so we have a Hinf SOF stabilizer with performance index of lambda.
Hence the program stops in step 5.

elseif alfa>alfal
alfa=alfal ;delta=alfa/1000;
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elseif alfa==alfal
delta=alfa/1000;
elseif alfal—alfa<tol
delta=(alfal —alfa)/4;
else
delta=alfa/1000;

end

if alfal —alfa<tol
tt=tt+1;

else tt=0;

end

if tt>5
X=X1;K1=K2;

end

9%% Optimization problem 2 (step 7)
[P,K]=minP(A,B1,B2,C1,D11,C2,D21,DI12,X,Kl, alfa ,lambda);

while isempty (P)
alfa=alfa+delta
[P,K]=minP(A,B1,B2,C1,D11,C2,D21,D12,X,Kl, alfa ,lambda);
end

if norm(X-P)<le—2
>convergence ,ERROR’ , break ;
end
alfal=alfa ,KI=K;X=P;i=i+1
end

9%% System (A,B,C)

a=[A Bl zeros(n,m4);zeros(n3,n) —lambda/2xeye(n3) zeros(n3,m4);Cl DI1
—lambda/2xeye(m4)];

b=[B2;zeros(n3,nu);DI2];

c=[C2 D21 zeros(ny,m4)];

Y%%eigenvalues of closed—loop system
eigen=eig (a+bxKxc);
%

The two optimization problems in the proposed algorithm can be implemented as two separate
MATLAB functions (programs). The detailed codes are given below.

Program 1

%
9%% Optimization Problem 1: Minimization of alpha subject to the LMI constraints

function [alfa ,Kopt,X1,Ylopt]=...
minALFA (A,B1,B2,C1,D11,C2,D21,D12,X,K0, alfa0 ,Y0,lambda)

9%% defining dimensions
[ml,nl]=size(B2);[n2,ml]=size (C2);

[m3,n3]=size (DI1);
X1=XxB2xB2’ ; X2=XxB2xB2’ %X
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Imiterm ([1 1

%

9% defining LMI
setlmis ([]);

9%%define LMI variables
P=Imivar (1,[ml,1]);
F=lmivar(2,[nl,n2]);
Yl=lmivar(1,[ml,1]);
Y2=Imivar(1,[n3,1]);
Y3=Imivar (1,[m3,1]);

9% LMI #1:
Imiterm ([1
Imiterm ([1

11P],A,1,°s);
11 0],(X2+X2°)/2);
1 P],X1,—-1,’s7);
Imiterm ([1 2 1 P],B1°,1);
Imiterm ([1 2 2 0],—lambda);
3 1 P],DI2«B2’,—1);
31

01.ClL);

Imiterm ([1
Imiterm ([1

Imiterm ([1 3 2 0],DI11);
Imiterm ([1 3 3 0],—lambda);
Imiterm ([1 3 3 0],—DI12%DI12");
Imiterm ([1 4 1 P],B2°,1);
Imiterm ([1 4 1 K],1,C2);
Imiterm ([1 4 2 K],1,D21);
Imiterm ([1 4 3 0],D12’);
Imiterm ([1 4 4 0],—1);

Imiterm([—1 1 1 Y1],1,1);
Imiterm([—1 2 2 Y2],1,1);
Imiterm([—1 3 3 Y3],1,1);

9%% LMI #2:
Imiterm([-2 1 1 P],1,1);

9% LMI #3:

Imiterm ([3 1 1 YI1],1,1);
Imiterm ([3 2 2 Y2],1,1);
Imiterm ([3 3 3 Y3],1,1);
Imiterm([-3 1 1 P],1,1);
Imiterm([—=3 2 2 0],1);
Imiterm([—3 3 3 0],1);

9% Eigenvalue minimization
slmi0=getlmis ;
options=[le—3,0, 0,0,1];

%
%

A’ xP+PxA
XxB2xB2’ %X

% —XxB2xB2’xP— PxB2xB2’ %X

%

Bl %P

% —lambdax1

%
%

%

—D12xB2’ %P
Cl1

D11

% —lambdax1

%
%o
%
%o
%
%o
%o
%o
%

%

%o
%o

—-D12«D12°
B2’ %P
KxC2
KxD21
D12’

-1

Y1

Y2

Y2

P>0

Yl<alfaxP
Y2<alfaxI
Y2<alfaxl

xdec=mat2dec (slmi0 ,X,K0,Y0, alfa0 , alfa0);
[tmin , Xopt]=gevp(slmiO ,1,options , alfa0 ,xdec,—1le—6);

9%% withdrawing parameters
alfa=tmin;

Xl=dec2mat (slmi0 , Xopt,P);
Kopt=dec2mat (sIlmi0 , Xopt ,K);
Ylopt=dec2mat(slmiO , Xopt,Y1l);
Y2opt=dec2mat(slmiO , Xopt,Y2);

6 LMI-Based Optimization
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Program 2

%

9%% Optimization Problem 2: Minimization of trace(p)

subject

constraints

function

9%% defining dimensions
[ml,nl]=size(B2);[n2,ml]=size (C2);
X1=XxB2xB2’; X2=X1%X;

%% defining LMI

setlmis ([]);

9%% define LMI variables
P=Imivar (1,[ml,1]);
K=Imivar(2,[nl,n2]);

%defining LMI variable
%defining LMI variable

9% LMI #1:
Imiterm ([1 1 1 P],A’,1,’s’); % A’ xP+PxA
Imiterm ([1 1 1 0],(X2+X2’)/2); % XxB2xB2’xX
Imiterm ([1 1 1 P],X1,—1,’s"); % —XxB2xB2’xP—PxB2xB2’ %X
Imiterm ([1 1 1 P],—alfa ,1); % —alfaxP
Imiterm ([1 2 1 P],B1°,1); % B1’ %P
Imiterm ([1 2 2 0],—alfa); % —alfaxl
Imiterm ([1 2 2 0],—lambda); % —lambdaxI
Imiterm ([1 3 1 P],D12«B2’,—1); % —D12xB2’ %P
Imiterm ([1 3 1 0],Cl); % Cl1
Imiterm ([1 3 2 0],DI11); % D11
Imiterm ([1 3 3 0],—alfa); % —alfaxl
Imiterm ([1 3 3 0],—lambda); % —lambdaxI
Imiterm ([1 3 3 0],—DI12xD12"); % —DI12xD12° % 1
Imiterm ([1 4 1 P],B2°,1); % B2’ %P
Imiterm ([1 4 1 K],1,C2); % KxC2
Imiterm ([1 4 2 K],1,D21); % K«xD21
Imiterm ([1 4 3 0],D12’); % D12’
Imiterm ([1 4 4 0],—1); % —1
9% LMI #2:
Imiterm([-2 1 1 P],1,1); % P>0

9%% solve the minimization problem
slmil=getlmis;
n=decnbr(slmil );c=zeros(n,1);
for j=1l:n

pj=defcx (slmil ,j,P);
end ,
options=[le—5,0,0,0,1];
xdec=mat2dec(slmil ,X,K0);

c(j)=trace(pj);

[copt, Xopt]=mincx (slmil ,c, options ,xdec,le—10);

%

if isempty (Xopt),X1=[];Kopt=[];
else

9%% withdrawing parameters
Xl=dec2mat(slmil , Xopt,P);
Kopt=dec2mat (slmil , Xopt,K);

end

to the LMI

[X1,Kopt]=minP(A,B1,B2,C1,DI11,C2,D21,D12,X,K0, alfa ,lambda)

125
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6.4.3 Numerical Examples

Example 7 Design an Ho.-based SOF controller for the following dynamic system:

¥=—x+[10]w+u (6.272)
z=[10]x+ o, (6.27b)
1
y=x+[01]w. (6.27¢)
Solution Setting the performance index at 0.9 gives « = —0.0164 and K = —0.3576 after two
iterations. For performance index of 0.802, after seven iterations, we can obtain o = —5.3148¢7% and

K = —0.5499. y = 0.802 is the solution performance index, because by setting it at 0.801, we cannot
get a feasible answer from the algorithm. 0O

%
A=—1;

Bl=[1 O0];
B2=1;
Cl=B1’;

C2=1;
Dll=zeros (2);
D12=[0;1];
D21=[0 1];

% Raining the Hinf SOF
[P,K,alfa ,iterations ,eigenvalues]=SOF(A,B1,B2,C1,D11,C2,D21,D12);
P.K, alfa ,iterations ,eigenvalues

P =
1.2355
K =
—0.5499
alfa =
—5.3148e—06
iterations =
7
eigenvalues =
—0.4010
—0.4010
—1.5499
—0.4010
—0.4010

%
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Example 8 Design an Hy,-based SOF controller for the following dynamic system.
x = Ax+ B;w+ Bou (6.28a)
z=Cix+Djpu (6.28b)
y = Cox (6.28¢)
where
[0 0 1.132 0 —1 0.03593 0 0.01672
0 —0.0538 —0.1712 0 0.705 0 0.00989 0
A=10 0 0 1 0 , B = 0 0.07548 0 ,
0 0.0485 0 —0.8556 —1.013 0 0 0.05635
| 0 —0.2909 0 —1.0532 —0.6859 0.00145 0 0.06743
0 0 0 04000 000
—-0.12 1 0 00400 10000 000
B, = 0 O 0 ,Ci=100000|,Co,=101000(,D;p=(d00],
4419 0 —1.665 00000 00100 0dO0
| 1.575 0 —0.0732 00000 00d

d = 0.707106781186548.
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Solution This example shows the dynamic model of an aircraft [10]. The robust performance index

is determined as y = 0.12, and after fifteen iterations the solution is achieved. O

A=[0,0,1.132,0,-1;0,-0.0538,—-0.1712,0,0.0705;
0,0,0,1,0;0,0.0485,0,—-0.8556,—-1.013;0,—-0.2909,0,1.0532,—-0.6859];

B2=[(0,0,0;-0.12,1,0;0,0,0;4.419,0,—-1.665;1.575,0,—-0.0732];
B1=[0.03593,0,0.01672;0,0.00989,0;0,—-0.07548,0;0,0,0.05635;0.00145,0,0.06743];
c2=(1,0,0,0,0;0,1,0,0,0;0,0,1,0,07;
C1=[0,0.707106781186548,0,0,0;0,0,0.707106781186548,0,0;...
0,0,0,0,0;0,0,0,0,0;0,0,0,0,0];
b11=70,0,0;0,0,0;0,0,0;0,0,0;0,0,0];
D12=[0,0,0;0,0,0;0.707106781186548,0,0;0,0.707106781186548,0;...
0,0,0.707106781186548];
D21=[0,0,0;0,0,0;0,0,0];

% Raining the Hinf SOF
[P,K, alfa ,iterations ,eigenvalues]=SOF(A,B1,B2,C1,D11,C2,D21,DI12);
P.K, alfa ,iterations ,eigenvalues

P =
0.1671 0.2911 0.9099 0.2009 —0.4038
0.2911 6.9825 1.8165 —0.0895 —0.3185
0.9099 1.8165 11.6034 2.7984 —3.6254
0.2009 —0.0895 2.7984 1.6434 —1.5504

—0.4038 —0.3185 —3.6254 —1.5504 3.4396
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K =
—0.0565 —0.5282 —1.0339
—0.0531 —1.1752 —0.3750
0.0623 —-0.1121 0.8632
alfa =
—1.4858e—04
iterations =
15
eigenvalues =
—0.0600 + 0.00001
—0.0600 + 0.00001
—0.0600 + 0.00001
—0.0600 + 0.00001
—0.0600 + 0.00001
—0.6606 + 2.5989i
—0.6606 — 2.5989i
—0.1873 + 0.07701
—0.1873 — 0.07701
—1.0113 + 0.00001
—0.0600 + 0.00001
—0.0600 + 0.00001
—0.0600 + 0.00001
%

6.5 LMI-Based Robust Multi-Objective Optimization

In many real-world control problems, it is desirable to follow several objectives such as stability,
disturbance attenuation, reference tracking, and considering the practical constraints, simultaneously.
Pure Hy, synthesis cannot adequately capture all design specifications. For instance, Hy, synthesis
mainly enforces closed-loop stability and meets some constraints and limitations, while noise
attenuation or regulation against random disturbances is more naturally expressed in linear quadratic
Gaussian (LQG) terms (H> synthesis). The mixed H»/Hso control synthesis gives a powerful multi-
objective control design addressed by the LMI techniques.

6.5.1 Optimal Mixed H,/H,, Control Design

A general synthesis control scheme using a mixed H>/H, control technique [2] is shown in Fig. 6.2.
G (s) is a linear time invariant system with the following state-space realization:

x = Ax+ B;w+ Byu (6.29a)
Zoo = CooX + Do W + Dopu (6.29b)
7, = Cox + Dy 1w+ Dyu (6.29¢)
y=Cx+Dyw (6.294d)

where X is the state variable vector, w is the disturbance and other external input vector, and y is the
measured output vector. The output channel z; is associated with the LQG aspects (H> performance),
while the output channel z., is associated with the Hy, performance. Let T, (s) and T>(s) be the
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Fig. 6.2 Closed-loop
system via mixed Hp / Hoo w —e — - Z\
control G ,
S
() w2
u Yy
K -

transfer functions from w to zo, and z;, respectively, and consider the following state space realization
for the closed-loop system:

Xcl = AciXel + Bow (6.30a)
Zoo = Cep1Xel + Depyw (6.30b)
22 = CepXel + Depw (6.30c)
y = CerXel + Dew (6.30d)

Theorems 3 and 4 express the design objectives in terms of LMIs. Interested readers can find more
details and proofs in [11-13].

Theorem 3 (Hy, Performance) The closed-loop RMS gain for Too(s) does not exceed Yoo if
and only if there exists a symmetric matrix Xoo > 0 such that

AcXoo + XeoAD B XooCl
Bl -1 DI, |<o. (6.31)
CcllXoo Dcll - 301

Theorem 4 (H, Performance) The H) norm of Ta(s) does not exceed y; if and only if D¢jp =
0, and there exist two symmetric matrices Xo and Q such that

AaXo +XoAT Bcl] [ Q C012X2:| 2
<0, > 0, Trace < Y5 6.32
|: Bchl I chgiz X, Q) 1) ( )

The mixed H>/H control design method uses both theorems and gives us an output feedback
controller K (s) that minimizes the following trade-off criterion:

kil Too () 126 + k2 I T2() 113, (k1 > 0, ko > 0). (6.33)
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An efficient algorithm to solve this problem is available in function hinfmix of the LMI control
toolbox for MATLAB [14].

Theorem 5 gives the necessary and sufficient condition for the existence of the Hy,-based SOF
controller to meet the following performance criteria:

[Too($)lloo < Voo- (6.34)

Similarly, Theorem 4 gives the necessary and sufficient condition for the existence of the H»-based
SOF controller to meet

IT2(s)l2 < v2 (6.35)

where y» is the H, optimal performance index, which demonstrates the minimum upper bound of Hj
norm and specifies the disturbance attention level.

Theorem 5 For fixed (A, By, B2, Cy, K), there exist a positive definite matrix X which solves
inequality

(A +B,KCy)X + X(A + B,KCy)" + BB <0
X > L (6.36)

to satisfy (6.35), if and only if the following inequality has a positive definite matrix solution
[15]:
AX +XAT — XC] C,X + (B2K + XC])(B2K + XC])" +B1B] <0 (6.37)

where L in (6.36) denotes the controllability Gramian matrix of the pair (A., B1.) and can be
related to the Hy norm presented in (6.35) as follows:

I T>(s) |15 = trace(CacLcCY) (6.38)

Notice that the condition that A + B,KC, is Hurwitz is implied by inequality (6.36). Thus if
trace(Co XCh.) < v (6.39)

the requirement is satisfied.

6.5.2 An Iterative LMI Algorithm

In the proposed control strategy, to design mixed Hz/Hy, SOF controller and to solve the yielding
non-convex optimization problem, which cannot be directly achieved by using LMI techniques, an
ILMI algorithm is developed.
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The optimization problem given in (6.33) defines a robust performance synthesis problem, where
the H> norm is chosen as the performance measure. Recently, several LMI-based methods are
proposed to obtain the suboptimal solution for H,, H and/or Hy/Hs, SOF control problems. It
is noteworthy that using Theorem 5 is difficult to directly achieve a solution for (6.37) by the general
LMI. Here, an ILMI algorithm is introduced to get a suboptimal solution for the above optimization
problem. Specifically, the proposed algorithm formulates the H>/Ho, SOF control through a general
SOF stabilization problem. The proposed algorithm searches the desired suboptimal H>/Hy, SOF
controller K; within a family of H> stabilizing controllers Ky, such that

lvs —v2l <€ Yoo = 1T ($) oo < 1 (6.40)
where € is a small real positive number, y,* is H performance corresponding to Hp/Hy SOF
controller K;, and y» is optimal H, performance index that can result from the application of standard
H;/ Hy, dynamic output feedback control.

In the proposed strategy, first the stability domain of SOF parameters space is specified, which
guarantees the stability of closed-loop system. In the second step, the subset of the stability domain
in the SOF parameter space is specified to minimize the H» tracking performance. Finally, the design
problem becomes the point with the closest H> performance index to an optimal one which meets the
H constraint. The main effort is to formulate the H,/ Hs, problem via the generalized static output
stabilization feedback lemma such that all eigenvalues of (A — BKC) shift towards the left half plane
through the reduction of a;, a real number, to close to the feasibility of (6.33). The proposed algorithm
is schematically described in Fig. 6.3.

6.6 Summary

In this chapter, the definition and characteristics of LMI were briefly introduced. It was shown
that many optimization problems in real-world engineering can be formulated as LMI problems. A
useful LMI transformation was discussed and the application of LMIs to solve convex optimization
problems, using numerical examples, was explained. Finally, the robust optimization problems were
formulated and solved via the LMI-based Hy, and mixed H;/Hy, control methodologies. In order
to solve non-convex optimization problems iterative LMIs were developed. The effectiveness of the
given LMI-based optimization techniques in control synthesis was emphasized and several illustrative
examples with MATLAB codes were given.

6.7 Problems

Problem 1 Determine strict and non-strict LMIs:

(a) P> 0.

(b) PA+ATP < 0.

© [—ATP —PA-CTC —PB] i
—BTP yI | =
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Obtain standard H2/Hw state-space
model for the given dynamic system

¥ 4.B1.B2.C)

Solve H2/Heo control problem using
hinfimix and set initial values

i=1, Y2s Ay >0
0=0,>0 Y=V >0

Solve x from 4.x + X4 - XC,’C,X+0=0, X>0
andset P, =X

Iy

Minimize a; subject to
T T F T T
Ai'Xi+XiAi +BHBH +_P:Cyr' Cini'_Xr'Cyi Cyr'ﬂ"“acyf Cyi‘pi —a;
(BiK; +X,Cy" )

i

Y

ByK,+X,C," Dl

pE- <0
-1
f-"ace(czieXiC:z;'cT) <Y
X, =X >0
i=i+l
Ya=Yu—4AY B=X,
i=it+l

Minimize Trace (X )
subjectto 'y

Ya=Yu+AYe

i=i+{

Fig. 6.3 Iterative LMI algorithm for mixed H,/Hs SOF control [2]
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Problem 8 Design an Hy,-based SOF controller for the following dynamic system, while the
robust performance index is fixed at y = 0.96.

Ll

y=[115]x.

Problem 9 Design an H,-based SOF controller for the following dynamic system, while the
robust performance index is fixed at y = 0.7.

x = Ax + Bou

z=Djru

y = Cox+Dow

—0.0366 0.0271 0.0188 —0.4555 0.4422 0.1761
where A — 0.0482 —1.01 0.0024 —4.0208 B, = 3.5446 —7.5922
0.1002 0.3681 —0.7070 1.42 ’ —5.52  4.49 ’
0 0 1 0 0 0

C;=[0100],D;=[10],Dy =1.

Problem 10 Generate MATLAB codes for the given LMI-based multi-objective control design
algorithm in Fig. 6.3.
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Abstract

Recently, applications of artificial intelligence (Al) techniques and evolutionary algorithms (EA)
have received increasing attention in engineering optimization problems. Numerous research works
indicate the applicability of these approaches on the optimization issues. While many of these
approaches are still under investigation, due to significant advances in metering, computing, and
communication technologies, there already exist a number of practical optimization across the
engineering world. The present chapter explains the power of AI methodologies and EAs in
engineering optimization problems. The basics of some Al and EA techniques are described, and
the state of the art of these optimization methodologies in engineering applications is presented.
In particular, the application structures of artificial neural networks, particle swarm optimization,
and genetic algorithm in engineering optimization problems are explained. Given optimization
approaches are supplemented by several examples.

Keywords

Artificial intelligence - Evolutionary algorithm - Artificial neural network - Particle swarm opti-
mization - Genetic algorithm - Search methods - Gradient-based optimization - Multi-objective
optimization - Pareto-optimal solution - Fitness function - Learning algorithm - Backpropagation

71 Introduction

The fact that most optimization problems, where modeled accurately, are of non-convex and some-
times discrete nature has encouraged many researchers to develop new optimization methodologies
to overcome such difficulties. Concerning the limitations for the application of well-known convex
optimization approaches, discussed in the previous chapters, for real-world engineering systems
attract increasing interest on the applications of Al and EAs such as knowledge-based expert
systems, artificial neural networks (ANNSs), neuro-fuzzy systems, genetic algorithms (GA), searching-
based evolution algorithms, and other intelligent technologies. This is mostly due to real systems
uncertainties and intermittency in one side, and the simplicity, smartness, and flexibility of artificial
intelligent approaches, in the other side.
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Over the last few decades, many optimization applications have been proposed in the literature to
demonstrate the advantages of Al and EAs over the conventional methodologies. Recently, following
the advent of modern intelligent methods, such as ANNs, fuzzy logic, multi-agent systems (MASs),
GAs, expert systems, simulated annealing, Tabu search, particle swarm optimization (PSO), ant
colony optimization, and hybrid intelligent techniques, some new potentials and powerful solutions
for solving the real-world engineering optimization problems have arisen. A number of EAs- and
Al-based optimization approaches have been currently utilized in the electric power grids. Some
application areas of intelligent technologies in Japanese power system utilities are reported in [1].

In the EAs and Al methodologies, an optimization problem in system planning, operation, control,
or management usually reduces to optimize (finding minimum or maximum) a given cost function
or fitness function. These approaches offer many benefits in the area of complex and non-convex
optimization problems, particularly for the systems operating over an uncertain operating range. The
human and nature ability to optimize complex organisms operation has encouraged researchers to
pattern optimization methodologies on human/nature responses, fuzzy behaviors, and neural network
systems. Since all of developed Al techniques are usually dependent on knowledge extracted from
environment and available data, the knowledge management plays pivotal role in intelligent-based
optimization procedures.

In the present chapter, due to the lake of space, among the existing Al techniques and EAs, we will
focus on the ANNs-, PSO-, and GA-based optimization methodologies. Indeed, an ANN consists of a
finite number of interconnected neurons and acts as a massively parallel distributed processor, inspired
from biological neural networks, which can store experimental knowledge and makes it available for
use. The ANNSs are parallel computational systems consisting of many simple processing elements
connected together to perform a particular task. Since the ANNs are powerful computational devices
with capability of parallel processing, learning, generalization, and fault/noise tolerating, they provide
powerful tools to solve the optimization problems. To use neural networks in optimization tasks, it is
commonly needed to have a mathematical model of neural networks.

The PSO is one of the newly developed optimization techniques with many attractive feature and
promising potentials. It was originally developed to create a computer model for simulating the social
behavior of bird flocking, fish schooling, and swarming theory [2,3]. The PSO algorithm shows that,
with some modifications, the mentioned social behavior model can provide a powerful optimizer.
The simplicity is one of the key attractive features of the PSO technique. It is a non-gradient and
derivative-free method, which involves only two simple equations. However, like most metaheuristic
methods, it is a problem-dependent solution method, and for every problem, the PSO parameters must
be carefully tuned to ensure a high quality performance [4].

Genetic and evolutionary algorithms are nature-inspired optimization methods that can be advanta-
geously used for many optimization problems. They imitate basic principles of life and apply genetic
operators like mutation, crossover, or selection to a sequence of alleles. The sequence of alleles is the
equivalent of a chromosome in nature and is constructed by a representation which assigns a string of
symbols to every possible solution of optimization problems [5].

7.2 Artificial Neural Networks

Recent achievements on ANNs promote a great interest principally due to their capability to learn or
to approximate well any arbitrary nonlinear functions, and their ability to use in parallel processing
and multivariable systems [1]. These capabilities of such networks could be properly used to solve
engineering optimization problems.
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For many years, it was a dream of scientists and engineers to develop intelligent machines
with a large number of simple elements such as neurons in biological organisms. McCulloch
and Pitts [6] published the first systematic study of the ANNs. Then, a group of researchers
combined these biological and psychological insights to produce the first ANN [7, 8], and further
investigations in ANN continued by several pioneer researchers. The primary factors for the recent
resurgence of interest in the area of neural networks are dealing with learning in a complex multi-
layer network mathematical foundation for understanding the dynamics of an important class of
networks [9].

The interest in ANNs comes from the networks’ ability to mimic human brain as well as its ability
to learn and respond. As a result, neural networks have been used in a large number of applications
and have been proven to be effective in performing complex functions in a variety of fields including
optimal control systems. Adaptation/learning is a major focus of ANN research that provides a degree
of robustness to the ANN model.

An ANN consists of a number of nonlinear computational processing elements (neuron), arranged
in several layers including an input layer, an output layer, and one or more hidden layers in between.
Every layer usually contains several neurons, and the output of each neuron is usually fed into all or
most of the inputs of the neurons in the next layer. The input layer receives input signals, which are
then transformed and propagated simultaneously through the network, layer by layer [1].

7.2.1 Basic Element

The ANNs are modeled based on biological structures for information processing, including
specifically the nervous system and its basic unit, the neuron. Signals are propagated in the form of
potential differences between inside and outside of cells. A simplified scheme for a typical neuron is
shown in Fig. 7.1a. Each neuron is composed of a body (soma), one axon, and multitude of dendrites.
Dendrites bring signals from other neurons into the cell body. The cell body of a neuron sums
the incoming signals from dendrites as well as the signals from numerous synapses on its surface.
Once the combined signals exceed a certain cell threshold, a signal is transmitted through the axon.
However, if the inputs do not reach the required threshold, the inputs will quickly decay and will not
generate any action. The axon of a single neuron forms synaptic connections with many other neurons
through some terminal branches. Cell nonlinearities make the composite action potential a nonlinear
function of the combination of arriving signals.

According to a neuron biological structure, a simple artificial neuron (mathematical model)
is depicted in Fig.7.1b, which shows the basic element of an ANN with input vector x =
[x1, x2, ..., x,17, weights wy, wo, ..., w,, summation operator » ., and an activation function
f (). A summarized model with a single activation function is shown in Fig.7.2 [1]. It consists of
a threshold (or bias). The values w;’s are weight factors associated with each node to determine the
strength of input vector x. Each input vector is multiplied by the associated weight of the neuron
connection. Depending upon the activation function, if the weight is positive, the resulted signal
commonly excites the node output; whereas, for negative weights, it tends to inhibit the node output.
The node’s internal threshold, 8, weighted by wo, is the magnitude offset that affects the activation of

the node output y as follows:
n
y=f (Z wixi + w09> . (7.1)

i=1
The network shown in Fig. 7.2 is a simple computing element and was called the perceptron. The
nonlinear cell function (activation function) can be selected according to the application. Sigmoid
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Fig. 7.1 Neuron. (a)
Biological structure. (b)
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functions are a general class of monotonically non-decreasing functions taking on bounded values. It
is noted that, as the threshold or bias changes, the activation functions may also shift.

Example I Assume a neuron with inputs X, weights w, and a unipolar sigmoid function f(s) =

m. Calculate the neuron output for x = [0, 1, 0.5, 217, w=1[l, 1, 0.5, 1.5],and 6 = 0.

Solution Summation of weighted inputs is s = wx = 4.25, then the output can be achieved as
o= f(s) = f(4.25) =0.9859. O
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Fig. 7.3 Bipolar sigmoid
function

x

7.2.2 Network of Artificial Neurons

As mentioned, an ANN consists of a number of neurons, arranged in several layers including an input
layer, an output layer, and one or more hidden layers. A neuron accepts one or more input signals and
produces one output, which is a nonlinear function of the sum of weighted inputs. The mapping from
the input variables to the output variables can be fixed by setting all the weights associated with each
neuron to some constants. In fact, the training of an ANN is a procedure to adjust these values so that
the ANN can map all the input values to the corresponding output values [10].

In a multi-layer ANN, the neuron functions in the hidden and output layers are usually selected
from nonlinear functions such as bipolar sigmoid function (Fig. 7.3), while linear neurons are used
in the first layer. The number of hidden layers and the units in each layer is entirely dependent on
the problem at hand, and there is no mathematical approach to obtain the optimum number of hidden
layers [11], since such selection is generally fall into the application oriented category. The number
of hidden layers can be chosen based on the training of the network using various configurations.
Moreover, for many ANN training algorithms, such as backpropagation, the derivative of f(.) is
needed thus the selected activation function must be differentiable.

Example 2 Consider a three-layer ANN with inputs x and weights W and W, as in Fig. 7.4.
The neurons of the first layer use linear functions, while neurons in the hidden and the output

layers use unipolar sigmoid function f(s) = m Calculate the output vector of the ANN

for
05 1 00.5
x= |2l w = 021-1
- 1 El l - 2 0 _3 ’
| 120
(0510 1
Wa=11 230.5]'
Solution The summation of weighted inputs for the hidden layer is
1
-2.9
S1 = W]X = )

-3.5
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Fig. 7.4 A 3-layer ANN
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Fig. 7.5 Common ANN configurations. (a) Feedforward. (b) Backpropagation

and the output of the hidden layer is

0.7311
0.0522
0.1192
0.0293

h= f(s)) =

Then, summation of weighted inputs for the output layer is obtained as s; = Wrh = [?;g;g}

Finally, the ANN outputs through a feedforward calculation can be achieved as o = [Z;] = f(s2) =
0.6099
[0.7699]'

The research on neural networks promotes a great interest principally due to the capability of static
ANNSs to approximate arbitrarily well any continuous function. The most used ANN structures are
feedforward and backpropagation (recurrent) networks.

The above two configurations are presented in Fig. 7.5a, b, respectively. Backpropagation, which is
a gradient descent learning algorithm, is one of the most popular learning algorithms in all mentioned
configurations. It back propagates the error signals from the output layer to all the hidden layers, such
that their weights can be adjusted accordingly. Backpropagation is a generalization of the least mean
square (LMS) procedure for feedforward multi-layered networks with hidden layers. It uses a gradient
descent technique, which updates the weights between neurons in its original and the simplest form

by an amount proportional to the partial derivative of the error function with respect to the given
weight [10].
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7.2.3 Learning Process

Learning and adaptation are two keywords associated with the notion of ANNSs. There exist different
learning algorithms for ANNs, however, normally encounter some technical problems such as local
minimization, low learning speed, and high sensitivity to initial conditions, among others. Recent
advances in static and dynamic ANN have created a profound impact on the neural architecture
for adaptation and optimal control, introduction to the backpropagation algorithms, identification,
prediction, and optimization problems in dynamic systems/environments.

The backpropagation learning algorithm is known as one of the most efficient learning procedures
for multi-layer ANNs. One reason for widely usage of this algorithm which will be described later
is simplicity. This learning algorithm provides a special attribute for the design and operation of
dynamic ANN for a given task such as control error minimization in complex dynamic systems. There
are several approaches to derive the backpropagation algorithm. Direct analytic computation and
recursive update techniques are two basic learning approaches to determine ANN weights. Learning
algorithms may be carried out in continuous-time or in discrete-time via differential or difference
equations for the weights. There are many learning algorithms, which can be classified into three
categories: (1) supervised learning algorithm uses a supervisor that knows the desired outcomes
and tunes the weights accordingly; (2) unsupervised learning algorithm uses local data, instead of
supervisor, according to emergent collective properties; and (3) reinforcement learning algorithm uses
some reinforcement signal, instead of output error of that neuron, to tune the weights [1].

Unlike the unsupervised learning, both supervised and reinforcement learning algorithms require
a supervisor to provide training signals in different ways. In supervised learning, an explicit signal
is provided by the supervisor to guide the learning process, while in reinforcement learning, the role
of the supervisor is more evaluative than instructional [12]. On the other hand, the learning process
in an ANN could be offline, or online. Offline learning is useful in feedforward applications such
as classification and pattern recognition; while in optimal control applications, usually the online
learning, which is more complex, is needed.

Selection of initial conditions in an ANN is also known as an important issue in optimization
applications. Methods for the selection of initial conditions can be classified into three categories
according to the form of the used information [13]: random initial conditions without use of the
learning sample, deterministic initial conditions without use of the learning sample, and initial
conditions with use of the learning sample.

The learning process of an ANN is usually realized through an optimization problem. For instance,
it could be done by minimizing an error signal given by

1
E=lo- 04113 (7.2)

where o4 represents the desired (reference) signal and o represents the output signal, both in RX and
indexed by k. It is desirable to find a set of parameters in the connection weights that minimizes the
error E. It is useful to consider how the error varies as a function of the given connection weights in
the system.

Implemented algorithm for updating weights is based on the backpropagation learning which is
typically described for the ANN in Fig. 7.6. Let x € RY be the input layer vector index by n, h € RM
be the hidden layer output vector indexed by m. Moreover, Wi € R™*N and W, € REXXM pe the
weight matrices, where w"" is the weight between neuron n in the input layer and neuron m in the
hidden layer. Similarly, w’z”" is the weight between neuron m in the hidden layer and neuron k in the
output layer. Vectors net; € RM and net, € RX are also indexed by m and k, respectively.
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Fig. 7.6 A multi-layer ANN with backpropagation learning

To minimize the error signal in (7.2), beginning from initial weight matrices, these matrices are
updated in an iterative manner as

Wit +1) = Wi(t) + AW;, i=1,2. (7.3)

where AW; is the increment of W;. The mentioned procedure finds the values of all the connection
weights that minimizes the error function using the gradient descent method. That is, after each pattern
has been presented, the error gradient moves towards its minimum for that pattern, provided a suitable
learning rate.

Learning of weights by employing the gradient descent method is done by computing Awlz"" =
n% in W, for all k and m, and Aw(" = n% in W for all m and n, where n > 0 is a learning

rate given by a small positive constant. Taking advantage of the chain rule,

oE
——— = Vo ET Do(neta) Dpet, (wi™) (7.4)

km
dwy

where Vo E is the gradient of E with respect to o that is equal to (0 — o4). The second term,

Dy(nety) = diag[ di: Tseves aiif’( ], is a diagonal matrix representing the Jacobian matrix of the
2 2
transformation o(net;). Each entry ’fe% = fz’(netf ), where f>(.) is the activation function in the
2
output layer. The third term, Dpet, (wlzcm) € RX, is the partial derivative of net, with respect to w’z“”
computed as Dpet, (w”z"”) =10,..., hy,...,0]7, where h,, is located at the kth entry. Substituting

these derivations into (7.4), it is concluded that

AwE™ = n(ox — &) f3(neth)hy,. (7.5)
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Similarly,

oE T
W = VoE Do(netZ)Dnetz (h)
wy

X Dp(net;) Dyet, (wi™") (7.6)

where Vo, E and Do (net) are the same in (7.4). The third term, Dpet, (h) = Wo, is the Jacobian of

the transformation net, (h). The forth term, Dy (net;) = diag[ aii ; Trenns aiﬁ ;‘4M ], is a diagonal matrix
1 1

where each entry % = f{(net{") and fi(.) is the activation function in the hidden layer. Finally,
1

Dyet; (w]'™) € RM is the partial derivative of net; with respect to wi" computed as Dpet, (™) =

[0, ..., Xpn,...,0]T, where x, is located at the mth entry. Substituting these derivations into (7.6), we
derive
K
Awl"=n Z(ok—oﬁ)fz’(neté‘)wlzcmf{(netf”)xn. (1.7)
k=1

Example 3 Consider a water tank with a constant input and output flows (w) as shown in
Fig.7.7. Assume the following equation represents the thermodynamic behavior of the water
tank system:

Ttk+1) = fTk)+ 1A — fHI.(k)

1
+—0 = flgk+1)
m

where the input and output temperatures are assumed to be 7, and T, respectively. g is the flame

temperature which can be used as a control input, m shows the amount of available water in the
m .

tank, and f = e~0u. Design a 3-layer ANN-based controller to fix the water temperature at

30°C.

Fig. 7.7 Water tank
example

i
- w

&
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Fig. 7.8 ANN-based control framework for the water tank example

Solution Here, the optimization problem is considered to minimize the squared error between instant
water temperature and the desirable one, i.e., to minimize E = %(Td — T)z.

To achieve the mentioned objective, the ANN control structure shown in Fig. 7.8 is proposed. As it
can be seen, this network has seven units in the input layer, four units in the hidden layer, and one unit
in the output layer. The number of output layer’s neurons is equal to the number of control parameters
that must be adjusted. The neural network acts as a controller to regulate the water temperature by
minimizing the error signal. Here, the input vector of neural network is chosen as

X = [Ty(k), Ty(k — 1), Tg(k — 2), Ty(k — 3),
Tyk —4), Ty(k — 5), Ty(k — 6)]7.

As mentioned, linear functions are considered for the first layer, and for the second and third layers,
the sigmoid functions are chosen as shown in Fig. 7.8. The main advantage of using these nonlinear
functions is in performing a smooth update of the weights.

Selection of initial conditions in an ANN-based optimization system is also known as an important
issue. In the multi-objective control problems, some initial values may not guarantee the achievement
of objectives with a satisfactory value of optimization function. The initial conditions are usually
selected according to the a priori information about distributions at the already-known structure of the
feedforward ANN and selected optimization strategy. Here, the initial quantities in the applied ANN
scheme (Fig. 7.8) are considered as n = 0.15, W; = 0.2 x rand (4, 6) and W, = 0.1 x [rand (1, 4) —
0.6]. 0O

The following MATLAB codes could be used to a simple design of ANN-based optimal controller
for the given example. Figure 7.9 shows that the proposed closed-loop system can effectively regulate
the output temperature against any change in temperature of the input water.
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%
%% Initial weight setting:
clear;

clc;

wlold=rand (4 ,7)/5;

w2old=(rand(1,4) —.6)/10;

eta=0.15;

z=1:8000;

1(1)=12;

1(2)=18;

td=30xones(size(z)); %Desired temp.

m=8.5;

w=2600;

deltat=2;

f=exp(—(m/w)x deltat );

d=(1/m)*x(1—1f);

%o Initial q & t setting:
for k=1:7;

q(k)=0;t(k)=1(1);

end;

deltaw1=0;

deltaw2 =0;

%% Main loop:

for k=7:7000;

if k<=3500;

i=L

else

i=2

end;

tc=1(j)xones(size(z));

%o Update of weights:

wlnew=wlold+deltawl ;

w2new=w2old+deltaw?2 ;

wlold=wlnew; w2old=w2new;

x=[td(k) td(k—1) td(k—2) td(k—3) td(k—4) td(k-5) td(k—6) ]°;
% NN,s input vector

% Feed forward calculation:
netl=wlnewx*x ;

h=1./(1.+(exp(l))."(—netl));

net2=w2newsx*h;

q(k+1)=net2;

t(k+1)=fxt(k)+(1—f)*tc(k)+dxq(k+1); % Plant model

m=1;

while abs ((t(k+1)—t(k-m+1))/(q(k+1)—q(k-m+1)))>=1;

m=m+1;

end ;

%% Error back propagation algorithm:

delta=(td (k+1)—t(k+1))*((t(k+1)—t(k-m+1))/(q(k+1)—q(k—-m+1)))*1;
deltaw2=etaxdeltaxh’;

sigmaj=deltax(h.%(1.—h)).*((w2new) ’);

deltawl=etaxsigmajxx’;

end ; % end of main loop

% Plot

w=1:k+1;

plot(deltaxw,t);

grid on;

%
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Fig. 7.9 System response 35
to the change in the input
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7.2.4 An Application Example for Forecasting Photovoltaics Power and Load in
a Microgrid

Classically, in order to optimize the power operation and cost in a photovoltaic (PV) system, power
generation forecasting is needed. An ANN-based forecasting approach is given in [10]. In this
approach, a stochastic process is applied to consider solar power generators and load uncertainty.
Then, uncertainties of PV power generation and load demand are considered for calculating the MG
operating power reserve.

A three-layer backpropagation ANNSs is applied for the next 24 h PV power generation and load
forecasting. The predicted results are used to predict the errors of forecasting and uncertainty analysis.
Compared with conventional forecasting schemes, the ANNs have some additional advantages such
as adaptability to new conditions and a high input data error tolerance. Many correlated factors such
as solar irradiation, humidity, pressure, cloud cover percentage, temperature of ambient/panels, and
wind speed may affect the output of PV power generators, different parameters have been used in the
past works.

The overall system in the given example is an MG with 1 MW PV generator and 3 micro-gas
turbines (MGTs) with 300 kW rated power (for each one) are considered. First, two backpropagation
ANNSs are used for PV power and load forecasting. Then, another two ANNs have been applied to
forecast errors of PV power and load prediction. For the sake of error analysis, an hourly probability
density function of all the predicted errors is used. Here, a backpropagation ANN for the next 24 h PV
power generation prediction is developed based on last n-hours PV power generation, solar irradiation,
and air temperature in the forecast day. The ANN structure is shown in Fig.7.10. In the performed
study, the PV power forecasts are evaluated with data from a real 17 kW PV power plant.

Firstly, the ANN is trained with historical record data and then predicted weather data are used
as input variables of the designed ANNSs to get hourly PV power generation output prediction. The
efficiency of the proposed method is validated by analyzing the maximum error and mean absolute
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Fig. 7.10 An ANN for PV
power forecasting
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percentage error between predicted and measured values as well as standard deviations. The results
are evaluated with data from a real 17 kW PV power plant. The input data for the first layer are last 24
hourly points of PV power and solar irradiation, as well as 24 points of hourly averaged temperature
of the predicted day. A trial-and-error method has been used to determine the appropriate hidden layer
number and the hidden neuron number in each hidden layer. A total of 24 hourly predicted points of
PV power output are taken as output (output layer). 60%, 20%, and 20% of two-year real data are
used to create the training set, the validation set, and the test set, respectively [10].

Similarly, an ANN is used for the load forecasting. The ANN is a three-layer ANN, which the
input layer includes last #» hours load demand measurements and 24 h average temperature of the
forecast day; an output layer gives next 24 h load demand prediction and a hidden layer. Like PV
power forecast, the real load data are used, and for ANN training, validation, and test, the amount of
60%, 20%, and 20% of the existing data is applied, respectively. The root mean square error (RMSE)
has been minimized to calculate hidden neurons number and weights. The minimum RMSE is found
with 370 hidden layer units and with last 48 h load measurements.

The forecasted values and actual measurements in a random day for both PV power and load are
given in Fig. 7.11. Using (7.8), results of the RMSE and the mean absolute error (MAE) between the
forecasted values (ypreq) and actual values (yeqs) for next 24 h are given in Table 7.1. The input
historical load consumption of last 48 h is used, while other input variables belonged to the last 24 h.

n

1
RMSE = o Zl (Ymeas @) — YPred(i))z,
(7.8)

I g . .
MAE = ; Zl |Ymeas(l)_Ypred(l)|~
i=
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Fig. 7.11 ANN-based forecasting results in a random day. (a) PV power. (b) Load

Table 7.1 Errors of the

PV Power Load
PV power and load
forecasting RMSE |MAE |RMSE |MAE
Data [%] [%] [%] [%]

Training set 5.09 2.69 4.14 322
Validation set | 5.58 3.13 4.75 3.77
Test set 5.95 3.12 4.90 3.84

7.3  Particle Swarm Optimization

Particle swarm optimization (PSO) is a population-based stochastic optimization technique. It belongs
to the class of direct search methods that can be used to find a solution to an optimization problem in
a search space. In the PSO method, a swarm consists of a set of individuals, known as particles. Each
particle i is characterized by a position vector x; (k) € R" and a velocity vector v;(k) € R" at each
time or iteration k. The position vector of every particle represents a potential solution to the under
study optimization problem. In each iteration, the i-th particle flies from the current position to a new
position using the velocity vector. A swarm consists of a number of particles or solution candidates
flies through a feasible solution region to explore points where optimal solutions exist.

During their search, particles interact with each other in a certain way as to optimize their search
experience. In each iteration, particles share their best position information with the rest of the swarm.
Then, each particle updates its position based on its own and the swarm’s best search experience. The
best position for the i-th particle up to iteration k, represented by x (k), is determined according to
the best value for the objective function. Indeed, X} (k) is the best position that particle i achieved
based on its own experience up to iteration k. Furthermore, the best position found by all particles in
the population (global best position) up to iteration k is represented as Xg (k). It is the best particle
position based on the overall swarm’s experience.
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In each iteration, the best particle position, global position, and the corresponding objective
function values should be saved. For the next iteration, the position x;(k) and velocity v;(k)
corresponding to the i-th particle can be updated using

vi(k + 1) = wvi (k) + (c1r1x} (k) — x; (k)
+ (czrzx;;(k) —x; (k)) (7.92)
x;i(k + 1) = x; (k) + v; (k + 1) (7.9b)

where w is the inertia weight and it decreases the number of iterations. 71 and r, are random numbers
in the interval [0 1] to introduce stochastic nature to the particles’ movement. ¢; and c; are positive
acceleration factors, and they keep balance between the particle’s individual and social behavior.

The velocity vector in (7.9) consists of three terms to determine the next position: first term denotes
the previous velocity, this is the stored velocity from the previous iteration to regulate each particle
from making severe changes in its direction between consecutive iterations. Second term shows
the cognitive component that represents the attraction force that each particle has towards its best
position achieved based on its own flying experience. The last one is the social component, which
corresponds to each particle tendency to be attracted towards the best position discovered among the
entire individuals in a swarm [4].

To maintain a balance between the individuality and sociality, c¢; and ¢, are usually set to be equal.
If c; is set greater than ¢, each particle individual performance will be weighted more in (7.9) and it is
more likely that the algorithm will get trapped in local solutions (i.e., the best solution achieved by that
individual particle). On the contrary, if ¢ is set less than c¢;, that algorithm might fail to converge. The
inertia weight parameter w introduced in (7.9) allows the velocity vector to start with larger values, and
then it decreases as the iteration index increases to limit any big particle movements towards the end
of the optimization process. This modification improves the convergence characteristics significantly
[4]. A standard PSO algorithm includes the below steps [1]:

Step 1  all particles are initialized via a random solution. In this step, each particle position and
associated velocity are set by randomly generated vectors. Dimension of position should be
generated within a specified interval, and the dimension of velocity vector should also be
generated from a bounded domain using uniform distributions.

Step 2 compute the objective function for the particles.

Step 3 compare the value of the objective function for the present position of each particle with
the value of objective function corresponding to pre-specified best position, and replace pre-
specified best position by the present position, if it provides a better result.

Step 4 compare the value of the objective function for the present best position with the value of the
objective function corresponding to global best position, and replace present best position
by the global best position, if it provides a better result.

Step 5 update the position and velocity of each particle according to (7.9).

Step 6  stop the algorithm if the stop criterion is satisfied. Otherwise, go to step 2.

7.3.1 An Application Example for Optimal Tuning of Droop Parameters
in a Microgrid

Consider a microgrid (MG) with three inverter-based DGs as shown in Fig.7.12a. Each DG is
considered as a voltage source inverter (VSI), which its general block diagram is depicted in Fig. 7.12b
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Fig. 7.12 An MG example with three DGs. (a) MG structure. (b) DG block diagram

[14]. The LCL output filter has been added to prevent the resonance impact in the output network.
Also, it damps the distortion of output sinusoidal waveform and reduces high frequency harmonics
caused by switching operations. In Fig. 7.12b, o, represents the cut-off frequency of low-pass filters.
The power controller determines the real and reactive power, and renders P’ and Q’ to the droop
control block to perform simultaneous voltage and frequency control according to the following
dynamics [15]:

1 4
Af=— (—P/—P()>+KRKVAVY+KRQ0 (7.10)
Ky \X
1 z
AVi=— |50 — Q0 |- KrKsAf — KrPy (7.11)
Ky \ X
where Kr = %, Ky = —é, ky, = —é. The f, vy, Py, and Qg are inverter frequency, voltage, and

rated active and reactive power, respectively.
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The MG system parameters are given in [14]. Three DGs are connected to two local load banks, at
bus 1 and bus 3. It is shown in [14] that in the MG, the droop controllers depend on the line parameters.
Since, determining the instant amount of line parameters is difficult, to achieve a desirable response,
one can consider a virtual R and X for each DG. Therefore, for the given case study there are six line
parameters that must be determined ([R; X1 R> X»> R3 X3]).

By properly estimating the virtual line parameters, the droop controllers exhibit high performance
and acceptable response at different load change scenarios. Here, after defining an objective function
to minimize the frequency and voltage fluctuations and using the PSO algorithm, the optimal virtual
line parameters are estimated. Simultaneous control of frequency and voltage, as a main objective,
can be presented in the following optimization problem:

n
Hg(in fx) = ZailAfi @[+ BilAv; (¥)] (7.12a)
i=1
subject to |Afil <Ef, |Avi|<Ey, i=1,...,n (7.12b)

0.01% < R; <5%, 0.01% < X; <0.39,
i=1,...,n. (7.12¢)

where x is the virtual line resistance (R) and reactance (X) of DGs (x = [R; X1 Ry X» R3 X3)).
Af; and Av; are the frequency and voltage deviations of the i-th DG output, respectively. «; and g;
are the stress coefficients of frequency and voltage in node i, respectively. n is the total number
of DGs in the MG; Ey and E, are the maximum allowable frequency and voltage deviations,
respectively.

PSO Algorithm

Each particle is defined by x; (k) = [R] X1 R> X2 R3 X3]. In initializing step, the particles are created
with random positions and velocities. Following starting the algorithm, the position and velocity of
all particles are made from previous step information. These particles are placed into the system and
slip values of frequency and voltage are obtained from their nominal values. Here, the number of
swarm particles is fixed at 5. The stop condition is met with maximum iteration of 20 epochs. The
PSO algorithm is realized using the following MATLAB codes:

%
%% Optimal Tuning of DGs Droop parameters using PSO
clear all;

warning off;

clc;

%% input data %

9%% power controller

omega_c=60;

P0=0;

Q0=0;

9%% Initial Simple Droop characteristics
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mp=(0.15%2%pi)/1;
nqg=(0.02)/2;
kq=nq;

kp=mp;

kf=—1/kp;
kv=—-1/kq;

%% LCL parameters
1f1=6e-3;
rf1=0.2;
cf=50e—-6;
1f2=3e-3;
rf2=0.1;

9%% switichng frequency and sample time
fs=4000;

ts=le—35;

9%% Initialization
%initial line parameters

rl1=0.1;

x11=0.1;

rl2=0.1;

x12=0.1;

r13=0.1;

x13=0.1;

n = 35; % Size of the swarm (no of birds)
bird_setp =20; % Maximum number of "birds steps”
dim = 6; % Dimension of the problem

c2 =1.5; % PSO parameter Cl

cl = 0.2; % PSO parameter C2

w =0.8; % pso momentum or inertia

fitness=0xones(n, bird_setp );

%initialize the r parameter
Rl = rand(dim, n);

R2 = rand(dim, n);
current_fitness =0xones(n,1);

%lInitializing swarm velocities and position

current_position = (rand(dim, n));
velocity = .3xrandn(dim, n) ;
local_best_position = current_position ;

% Evaluate initial population

for i = 1:n
current_fitness (i) = tracklsq(current_position(:,1i));
i

end

local_best_fitness = current_fitness ;

[global_best_fitness ,g] = min(local_best_fitness) ;

for i=1:n
globl_best_position(:,i) = local_best_position(:,g) ;
j=i

end
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% VELOCITY UPDATE
velocity = w xvelocity + cl*(Rl.x(local_best_position—current_position))
+ c2%(R2.x(globl_best_position—current_position));

% SWARM UPDATE
current_position = current_position + velocity ;

% evaluate a new swarm

9%% Main Loop

iter = 0 ; % lIterations ’ counter
while ( iter < bird_setp )
iter = iter + 1
for i = 1:n,
current_fitness (i) = tracklsq(current_position(:,i)) ;
end
for i =1 : n
if current_fitness(i) < local_best_fitness (i)
local_best_fitness (i) = current_fitness (i);
local_best_position(:,i) = current_position (:,i);
end
end
[current_global_best_fitness ,g] = min(local_best_fitness);

if current_global_best_fitness < global_best_fitness
global_best_fitness = current_global_best_fitness;

for i=1:n
globl_best_position(:,i) = local_best_position(:,g);
end

end

velocity = w xvelocity + cl*(Rl.x(local_best_position—current_position))
+ c2x(R2.x%(globl_best_position—current_position));

current_position = current_position + velocity;
sprintf(’The value of interation’, iter );
end %

xx=fitness (:,20);

[Y,I] = min(xx);

current_position (:,1)
%
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The function tracklsqg can be written as follows:

%

function F = tracklsq(line_parameters)
rll = line_parameters (1);
xll = line_parameters (2);
rl2 = line_parameters (3);
x12 = line_parameters (4);
rl3 = line_parameters (5);
x13 = line_parameters (6);
% Compute function value
sim(’ SimFile .mdl *);

al=100;

a2=150;

a3=0.5%al;

ad4=0.5%a2;

aS=al;

ab=a2;

dfl=dfldvl.signals (1,1).values(30000);

dvl=dfldvl.signals (1,2).values(30000);

df2=df2dv2.signals (1,1).values (30000);

dv2=df2dv2.signals (1,2).values(30000);

df3=df3dv3.signals (1,1).values (30000);

dv3=df3dv3.signals (1,2).values(30000);

F=alxabs (dfl)+a2xabs(dvl)+a3xabs(df2)+ad4xabs(dv2)+a5Sxabs(df3)+abxabs(dv3);
end

%

As it is seen above, the MG structure should be implemented in a SIMULINK file entitled SimFile.
For this purpose, the detailed MG parameters are given in [15].

Algorithm Results
The results after applying the PSO algorithm to the case study are shown in Fig.7.13. This figure
shows the motion trajectory of the following global best position:

xsbest — x; =[0.0118, 0.0107, 4.9736,
0.1372, 4.5040, 0.0327].

To test and verify the effectiveness of the estimated virtual line parameters, consider the outage of
DGj from the MG system, in time duration of 0.4 to 0.6 s. Simulation results are shown in Fig. 7.14.
After removing DG; at t = 0.4s, other DGs are going to compensate the DG absence and stop
the voltage and frequency deviations. Figure 7.14 shows that the voltage and frequency indices
remained stable under serious local load fluctuation, and the system frequency returns to nominal
value, properly.
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Fig. 7.13 The motion trajectory of global best positions for minimizing the defined objective function

7.4  Genetic Algorithm
7.4.1 AnOverview

Genetic algorithms (GAs) rely on the analogy with the laws of natural selection and Darwin’s most
famous principle of survival of the fittest. The GA mechanism is inspired by the mechanism of
natural selection where stronger individuals would likely be the winners in a competing environment.
Normally in a GA, the parameters to be optimized are represented in a binary string, known
as chromose. The cost function which determines the optimization problem objective or fitness
function represents the main link between the system at hand and the GA unit, and also provides
the fundamental source to provide the mechanism for evaluating of algorithm steps. To start the
optimization, the GA uses randomly produced initial population or chromose set as solutions created
by a random number generator. This method is preferred when a priori information about the problem
is not available. There are basically three genetic operators used to produce a new generation. These
operators are selection, crossover, and mutation. The GA employs these operators to converge at the
global optimum. After randomly generating the initial population (as random solutions), the GA uses
the genetic operators to achieve a new set of solutions at each iteration. In the selection operation,
each solution of the current population is evaluated by its fitness, normally represented by the value
of some objective function, and individuals with higher fitness values are selected [10].

Different selection methods such as stochastic selection or ranking-based selection can be used.
In the selection procedure, the individual chromosomes are selected from the population for later
recombination/crossover. The fitness values are normalized by dividing each one by the sum of all
fitness values named selection probability. The chromosomes with higher selection probability have
a higher chance to be selected for later breeding.

The crossover operator works on pairs of selected solutions with certain crossover rate. The
crossover rate is defined as the probability of applying crossover to a pair of selected solutions, i.e.,
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Fig. 7.14 System response due to outage of DGj. (a) DGs active and reactive power. (b) Voltage and frequency on
local loads

chromosomes. There are many ways to define the crossover operator. The most common way is called
the one-point crossover. In this method, a point (e.g., for given two binary coded solutions of certain
bit length) is determined randomly in two strings and corresponding bits are swapped to generate two
new solutions. Furthermore, mutation is a random alteration with small probability of the binary value
of a string position, and will prevent the GA from being trapped in a local minimum. Information
generated by fitness evaluation unit about the quality of different solutions is used by the selection
operation in the GA. The algorithm is repeated until a predefined number of generations have been

produced [1]. A simple GA-based optimization approach is conceptually shown in Fig. 7.15a, and an
overall flowchart for the GA is shown in Fig. 7.15b.
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Unlike the gradient-based optimization methods, the GAs operate simultaneously on an entire
population of potential solutions (chromosomes or individuals) instead of producing successive
iterates of a single element, and the computation of the gradient of the cost functional is not necessary.
The GA is one of the rapidly emerging optimization approaches. The typical GA optimization steps
can be summarized as follows:

Step 1  the initial population or chromosome set is generated (it may include numerous random
binary strings). Then, the population (strings) may be decoded to the real numbers from
domain of [0, 1].

Step 2 fitness values are calculated for each chromosome.

Step 3 the fitter ones are selected as parents.

Step 4 some pairs of parents are selected based on selection method and recombined to generate
children.

Step 5 rarely, mutation is applied to the children. In other words, a few 0 bits flipped to 1, and vice
versa.

Step 6 a new population is regenerated by allowing parents and children together.

Step 7  return to step 2 and repeat above steps until terminated conditions are satisfied.

Example 4 Consider a GA that uses pairing from top to bottom when selecting mates. Write a
short GA codes in MATLAB, assume that the cost function must be provided by the user and
converts the binary strings into useful variable values.

Solution Using the described GA steps it is easy to program a GA. A program sample could be written
as follows [16]: O
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%

% initial population

N=200; % number of bits in a chromosome
M=8; % number of chromosomes must be even
last=50; % number of generations

sel =0.5; % selection rate

M2=2xceil (selxM/2); % number of chromosomes kept
mutrate=0.01; % mutation rate

nmuts=mutratexNx(M—1); % number of mutations

% creates M random chromosomes with N bits
pop=round (rand (M,N)); % initial population
for ib=1:1last

cost=costfunction (pop); % cost function

% ranks results and chromosomes
[cost ,ind]=sort(cost);
pop=pop (ind (1:M2) ,:);

[ib cost(1)]

Jomate

cross=ceil ((N=1)xrand (M2,1));

% pairs chromosomes and performs crossover

for ic=1:2:M2

pop(ceil (M2«xrand),1:cross)=pop(ic,l:cross);
pop(ceil (M2«xrand),cross+1:N)=pop(ic+1,cross+1:N);
pop(ceil (M2«xrand),l:cross)=pop(ic+1,l:cross);
pop(ceil (M2xrand),cross+1:N)=pop(ic,cross+1:N);
end

Jomutate

for ic=1:nmuts

ix=ceil (Mxrand);

iy=ceil (Nxrand);

pop (ix ,iy)=1—pop(ix ,iy);
end %ic

end %ib

%

7.4.2 GA for Multi-Objective Optimization

Initially, the majority of engineering optimization problems are inherently multi-objective problems,
in that there are several conflicting objectives which need to be simultaneously achieved in the
presence of determined constraints. If these objectives are analytically represented as a set of objective
functions subject to the existing constraints, the optimization problem could be formulated as a
multi-objective optimization problem. Mathematically, a multi-objective optimization (in form of
minimization) problem can be expressed as

min (f1(x), 2(X), ..., fu (X)) (7.13a)

subject to x € Q2 (7.13b)
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where x € Q is the vector of decision variables in the decision space €2 and f;(x) is the i-th objective
function.

In a multi-objective problem, unlike a single optimization problem, the notation of optimality is not
so straightforward and obvious. Practically in most cases, the objective functions are in conflict and
show different behavior, so the reduction of one objective function leads to the increase in another.
Therefore, in a multi-objective optimization problem, there may not exist one solution that is best with
respect to all objectives. Usually, the goal is reduced to set compromising all objectives and determine
a trade-off surface representing a set of non-dominated solution points, known as Pareto-optimal
solutions, as stated in Definition 1.

Definition 1 In problem (7.13), the solution x; dominates X (X is superior to Xp) if

(1) fi(x)) < fi(xp) foralli =1,2,..., M.
(ii) fj(x1) < fj(x2) for at least one j.

Moreover the solution X; is said to be non-dominated or a Pareto-optimal point if there does not
exist any X; in the population that dominates x; .

A Pareto-optimal solution has the property that it is not possible to reduce any of the objective
functions without increasing at least one of the other objective functions. Consequently, the solution
of a multi-objective problem is not a single point, but a family of points as (the Pareto-optimal)
solution set, which any member of the set can be considered as an acceptable solution. The choice
of one solution over the others requires problem knowledge and a number of problem-related
factors [1].

Practically, since there could be a number of Pareto-optimal solutions and the suitability of one
solution may depend on system dynamics, environment, the designer’s choice, etc., finding the
center point of Pareto-optimal solutions set may be desired [1]. In the most common method,
the solution is simply achieved by developing a population of Pareto-optimal or near Pareto-
optimal solutions which are non-dominated. Non-dominated individuals are given the greatest
fitness, and individuals that are dominated by many other individuals are given a small fitness.
Using this mechanism, the population evolves towards a set of non-dominated, near Pareto-optimal
individuals [17].

7.4.3 An Application Example for Load-Generation Balancing

The multi-objective GA methodology is conducted to balance load-generation via optimizing the
load-frequency control loops in a multi-area power grid. The optimization objectives are summarized
to minimize the area control error (ACE) signals in the interconnected control areas. To achieve
this goal and satisfy an optimal performance, the parameters of the proportional-integral (PI)
controller in the load-frequency control loop of each control area i can be selected through the
minimization of



162 7 Artificial Intelligence and Evolutionary Algorithms-Based Optimization

Fig. 7.16 Three-control s

area power system // I N Tiedine 7
Y
; @ \ \
! [
\ /

T
fixi) =) IACE; (x)| (7.14)
1=0
for all i, where T is equal to the simulation sampling time (sec), | ACE; ;| is the absolute value of
ACE signal for area i at time 7, and X; is the vector of the corresponding PI controller parameters. A
PI controller has two gain parameters. Therefore, using multi-objective GA optimization technique to
tune the PI controllers, M x 2 gains must be determined, where M is the number of control areas.
As mentioned above, the population of a multi-objective GA is composed of dominated and
non-dominated individuals. The basic line of the algorithm is derived from a GA, where only one
replacement occurs per generation. The selection phase should be done, first. Initial solutions are
randomly generated using a uniform random number of PI controller parameters. The crossover and
mutation operators are then applied. The crossover is applied on both selected individuals, generating
two childes. The mutation is applied uniformly on the best individual. The best resulting individual is
integrated into the population, replacing the worst ranked individual in the population.

Example 5 Consider a 3-area power system as shown in Fig. 7.16. Using appropriate definitions
and state variables, the state space realization of control area i can be obtained as [14]

X; = Aix; +Biw; + Boju; (7.152)
- (7.15b)
where X; = [Afi, APric—i, ¥mi» Xgil"s Xmi = [APn1is APmai, ..., APppl, Xgi =
[APgii, APgi, ..., APgil, uj = APc;,yi = ACE; = BiAfi + APijei, and w; =

[APLi, vi]"

Here, Af is frequency deviation, AP, is governor valve position, APg; denotes the
governor valve position change, A Pc is control action, A P;;, is net tie-line power flow, g is
frequency bias, v is area interface disturbance, A Pr; (s) is load disturbance, and

(continued)
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A1 Ajp A3 By By
A = A1 Ain Az |, By = Bz |,By = Bz [, Ain =
Aiz1 Ajzp Aisz Bii3 Byis
—D; /2H; —1/2Hii| |:1/2H,' 1/2Hii|
. A = LA = —Apy =
|:27T Z;V:lyj?éi Tt 0 i12 0 o 0 o i22 i23
_diag[l/Tlliv 1/]—'121'7 ey 1/’1—}111]’

—1/(Tg1; Rii) O
Ajzz = diag[-1/Tg;, — 1/Tei, ..., — 1/Tenil, Aizy = : L
_1/(Tgm' Rm') 0
—1/2H; O
Aizs = AL = 00, Ainp = 0,0.By;1 = |: {) t_zn], Bio = Biuz = 0Onx2,

Boii = 0,2, Byz = Ouxi, Boiz = [o1i/Te1i, @2i/Tgais .., i/ Tenil’, and
Cyi = [Bi, 1, 015n, O1xnl.

Furthermore, H is equivalent inertia constant, D is equivalent damping coefficient, 7T;; is
tie-line synchronizing coefficient between areas i and j, R is droop characteristic, and « is
participation factor. All parameters are given in Table 7.2. Assume in each control area, a PI
controller provides an appropriate control input to minimize the ACE signal as

ui = AP =kp ACE;; + ky; / ACE,; idr. (7.16)

Find optimal PI parameters using GA.

Solution The system frequency response model for the 3-area power system is built in MAT-
LAB/SIMULINK environment as shown in Fig.7.17 [14]. The described multi-objective GA is
applied to the 3-control area power system example and the closed-loop system response for
simultaneous load step increase in three areas (A Py, = 100MW; APy, = 80MW; AP;, = 50MW)
is examined. The results for area 2 are shown in Fig.7.18 and it is compared with the obtained
results from application of robust Hs.-PI control methodology (using iterative LMI) which addressed
in [18]. O

Table 7.2 Applied data for the given power system

Parameters Genco

MAVpase (1000MW) |1 2 3 4 5 6 7 8 9

Rate (MW) 1000 800 1000 1100 900 1200 850 1000 1020
B; (pu/Hz) 0.3483 |0.3473 |0.3180 |0.3827 |0.3890 | 0.4140 |0.3692 |0.3493 |0.3550
D; (pu MW/HZ) 0.015 0.014 0.015 0.016 0.014 0.014 0.015 0.016 0.015
R; (Hz/pu) 3.00 3.00 3.30 2.7273 | 2.6667 | 2.50 2.8235 |3.00 2.9412
2H; /fo (pu.sec) 0.1677 |0.120 0.200 0.2017 |0.150 0.196 0.1247 |0.1667 |0.187
T;i (sec) 0.4 0.36 0.42 0.44 0.32 0.40 0.30 0.40 0.41
Tg; (sec) 0.08 0.06 0.07 0.06 0.06 0.08 0.07 0.07 0.08
o 0.4 0.4 0.2 0.6 0 04 0 0.5 0.5

Ramp rate (MW/min) |8 8 4 12 0 8 0 10 10
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Fig. 7.17 Building the LFC model in SIMULINK environment. (a) 3-control area. (b) Detailed model of area 1
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Fig. 7.18 System response in area 2 (solid line: GA methodology, dotted line: robust PI control)

7.5 Summary

Using the artificial intelligence and nature-inspired searching methods it is possible to overcome
some limitations of traditional optimization approaches, and to increase the number of solvable
optimization problems. The application of Al and EAs to many optimization problems often results
good performance and high quality solutions.

While many of these approaches are still under investigation, however, numerous research
works indicate the applicability of these approaches on the optimization issues. In this chapter, the
application of ANNs, PSO, and GA as powerful techniques in optimization problems is explained. The
relevant fundamentals are emphasized and several application examples are presented. It is shown that
for successful and efficient use of Al techniques and EAs, it is not enough to simply apply the standard
approaches. In addition, it is necessary to find a proper representation as well as understanding the
given problem.

7.6 Problems

Problem 1 Solve Example 2 using bipolar sigmoid functions and discuss on the obtained
results.
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Problem 2 Consider the given four layers ANN in Fig. 7.19, with inputs x and weights W. The
neurons of the first layer use linear functions, while neurons in hidden and output layers use

unipolar sigmoid function f(s) = m Calculate the outputs of the ANN.
0.5 012(1)2? -105 2 1 0510
x=|-2|, W, =] Wo=1| 3 —2-1-05|,W3=]|",
| 2 0-3 11 2 2 123
120

Problem 3 Consider a two layers ANN with inputs x = [1, 0.5, 2, — 11T andd = —1 in
Fig. 7.20. After four iterations in the backpropagation learning algorithm, W(4) = [2, 4, 3, 1]
is given. Find W(3) and W(5).

Fig. 7.19 Four layers
ANN

Wi :f 0
D—

\ AY
-

Fig. 7.20 Two layers
ANN

§

o—
Q0| ‘




7.6 Problems 167

Problem 4 Determine True and False statements:

(a) Hidden-layer units provide a better prediction of desired outputs for new inputs that it was
not trained with.

(b) In backpropagation learning, we should start with a small learning parameter and slowly
increase it during the learning process.

(c) A three-layer network with 5 neurons in each layer has a total of 50 connections and 50
weights.

(d) In GA, the chromosomes are coded in binary strings.

(e) Some conflicts among training exemplars in a NN can be resolved by adding features to the
input vectors and adding input layer neurons to the network.

(f) Backpropagation tries to minimize the error of a NN by changing the connection weights.

(g) Using GA, the computation of the gradient of the cost functional is necessary.

Problem S5 Consider the ANN in Fig. 7.21 with the backpropagation learning algorithm using
error gradient decent. If x = [1, 3, — 117,d = 1 and f(net) = H—el—*”e” find V, W, AV and
AW after the first iteration.

Problem 6 In the following minimization problem with two criteria, find the necessary and
sufficient conditions such that x; dominates x5.

min_ (f1(x), f2(x))

subject to x € 2

I’lCt_i H. nety, Oi\

Fig. 7.21 Backpropagation learning algorithm
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Problem 7 Using GA algorithm, solve the multi-objective minimization problem
min (x%, (x —2)?)
X

subject to x € [—6, 6]

Problem 8 Using GA algorithm, solve the following multi-objective minimization problem:
min (f1(x), f2(x))
subject to x1 € [—5, 5], x2 € [-5, 5]

where fi(x) = (x; —2)? + (x2 — 4% and fo(x) = (x1 — 3)> + (xo — 2.

Problem 9 Reconsider Example 4 with different population sizes and mutation rates. Which
combination seems to work best? Explain.

Problem 10 Develop a PSO algorithm for a simple optimization example (e.g., the example
given in Problem 7), and test it.
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