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Abstract

In recent years, several meta-heuristic optimization techniques have been generated.
Recently introduced Cuckoo Search Algorithm (CSA), has proven its outstanding
capabilities for solving optimization problems, such as increased convergence rate and
greater global minimum values. An optimization algorithm termed as CSA is inspired by
the lifespan of a Cuckoo bird. Unique lifestyle of this bird and their typical features of
laying eggs and breeding have drawn inspiration for developing a new evolutionary
optimization algorithm. Alike different evolutionary approaches, CSA starts with an
initial set of population (i.e. cuckoo with eggs). There are two types of cuckoo population
in different societies: mature cuckoos and cuckoo eggs. The origin of Cuckoo Search
Algorithm is established from the struggle to survive among cuckoos. A fraction of
cuckoos or their eggs get destroyed during the struggle of survival. But the survived
cuckoos make a society and settle into a better habitat and they start laying eggs and
reproducing there. Probably the survival attempt of cuckoos converges to a state that
there is only one cuckoo society that exits with same profit values. As a novel
evolutionary estimation technique, CSA has drawn much attention and extensive
applications, due to its easy implementation. As most population-based algorithms, CSA
is good at analyzing the promising area of the search space, but not so well at tuning the

approximation to the minimization.

In order to increase the efficiency and convergence rate of standard CSA, a modified
cuckoo search algorithm has been introduced. Generally, all the parameters in cuckoo
search algorithm are kept constant which results in the decreased efficiency of algorithm.
To deal with this problem, the parameters of cuckoo search algorithm have been tuned by
applying some tuning strategies to it. Considering various commonly used benchmark
functions, numerical studies acknowledge that the modified algorithm can find better
solution comparative to the solutions obtained by the standard algorithm. On account of
this, it is expected that the modified algorithm can be applied successfully to a broad

variety of optimization problems.
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Chapter 1

Introduction

It is no exaggeration to claim that optimization is all around, from the routing of the web
to planning holiday and from engineering design to planning of business. In
approximately all of these tasks, certain objectives are to be accomplished or to advance
profit, quality and time taken. Resources like cost and time are constantly restricted in
real-world problems; there is a need to discover results to ideally utilize these significant
resources under some constraints. With the help of mathematical tools, mathematical
optimization or writing computer programs is the study of such organizing and plan
issues. For tackling such optimization problems these days’ computer simulations turn

into a basic tool with the help of various optimization algorithms that work efficiently.

1.1.1 Optimization

Optimization has perpetually been a dynamic area in research field, since large number of
real-world problems which are based on optimization are a part of hard problems. The
aim for optimization problem is to discover the best possible solution for an objective
function. In other words, optimization is the technique to fine-tune the features of
mathematical experiments to get the optimized result or minimum output. The input
variables consists following terms namely, the objective function or cost function or
fitness function as a result best fitness value of the function is obtained [1]. For evolution

of many search algorithms, it was needed to solve optimization problems.

Evolutionary algorithms come under a branch of heuristic algorithms that adopt some
visible features of natural evolution to solve optimization problems. The most popular
evolutionary algorithms are Genetic algorithm, Genetic programming, Evolutionary
strategies, Differential algorithm, and Particle swarm evolution. These are some of the
methods influenced from natural processes which are used for solving optimization
problems. These problems have their start by taking an initial set of variables and these

methods after the start, evolves to attain the global minimum value or global maximum



values of target function. One of these nature inspired algorithms is developed by Xin-

She Yang ef al. in 2009 and termed as CSA [2].

Mathematically, most of the optimization problems are expected to compose in the

general form

minimize,, ¢ g fi(y), (i=12,...,L), (1.1)
Subject to h;i(y)-0, G=12,...,M), (1.2)
g0, (k= 12,...,N), (1.3)

Where fi(y), hj(y) and gi(y) are outline vector functions.

y=00nY2nHy)T, (1.4)

Here, the decision variables are y; of y and these variables can be either discrete, real
continuous, or combination of these two variables.

The function f;(y) is termed as the cost function or objective functions, and when L = 1,
and there exists only one objective function. The search space range over by the decision
variables is known as search space < n, while the space designed by the values of
objective function is known as the response space or solution space. The equivalences for
h; and variations for g; are known as constraints. It is worth bringing up that it can also
be written as inequalities in another way, and we can likewise plan the objectives as

maximization issue.

In a rare but extreme case where there is no objective at all, there are only constraints.
This type of problem is known as a feasibility problem considering the fact that any
feasible solution is an ideal solution. If optimization problems are categorized
corresponding to total number of objectives, at that point there are two classifications:
single target L = 1 and Multi-target L >1. Multi-objective optimization is additionally
indicated as multi-criteria or even multi-traits improvement in the literature. In daily
issues, most optimization problems are multi-objective.

Similarly, optimization can also be classified as number of constraints M + N. For
unconstrained optimization problem there are no limitations i.e. M = N = 0. In the event
that N =0 and M > 1, it is called a balanced-constrained problem, while M =0 and N > 1

turns into a unbalanced-constrained problem. In literature of optimization, it is beneficial
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focusing on some formulations where equalities are not explicitly included, and only
dissimilarities are included. This is on account of equality can be composed as two
inequalities. For instance h(y) = 0 is equivalent to h(y) < 0 and h(y) = 0.

Actual function forms can also be used for classification. The target functions can be
cither be straight or nonlinear. If hjand g are linear, then they turn into linearly
constrained problem. In a linear programming problem, all the constraints and target
functions used are linear. Here ‘programming' has nothing to do with processing
programming, it implies arranging and additionally improvement. As all the functions f;,

hj and g, are generally nonlinear, we need to manage a nonlinear optimization issue.

1.1.2 Search for optimal solution

After formulating an optimization problem accurately, the key chore is to search for
optimal results by some solution strategy using the accurate mathematical procedures.
Allegorically, exploring an ideal solution is similar to search treasure [3]. Imagine a
person is attempting to chase a secret treasure in a hilly landscape in a given time. In one
case, assume he is blind-fold with no guidance; the search procedure is basically a
random search, which is generally not proficient as we can expect. In another case, he has
been told that the treasure is set at the most elevated peak of the given area, then he will
climb up to the highest peak and attempt to reach to the topmost peak, and this situation
relates to the traditional hill-climbing techniques. In most of the cases, the hunt is among
these limits. There is no blind-fold, and he doesn't know where to search for treasure. It is
senseless to look through each and every part of very large area in order to discover the
treasure. In most expected scenario he will do an arbitrary walk, while searching for a
few clues; randomly he will take a look at some place, and then move to some other
place. Such irregular walk is a key characteristic of modern searching algorithms.
Clearly, he can either do treasure-hunting alone, so the entire path is a trajectory-based
search, and this kind of searching is known as simulated annealing. Instead, he can ask
from a group of individuals to do the searching and give them clues, and this situation
uses swarm intelligence and relates to the particle swarm optimization. If it is found that
the treasure is actually important and the search procedure will take quite long time if the

area is very large. If no time bounds are there and any area is open [4]. Theoretically it is



possible to discover a perfect treasure (the worldwide ideal solution). Clearly, this search
technique can be refined a little more. A few hunters are superior to others. Enroll new
hunters while reserving the best ones from previous, it is somehow similar to genetic
algorithm or evolutionary algorithms in which improvements are made by searching
agents. Actually, after seeing all the current metaheuristic algorithms, an attempt is made
to practice the best results or solutions, and substitute not-so-good solutions, though
assessing fitness of every individual. With such stability, the plan is to project improved

and productive optimization algorithms.

Grouping of these optimization algorithms can be done from multiple point of views. A
simple way is to notice the nature of algorithm and for this the algorithm is distributed
into two classes namely stochastic algorithms, and deterministic algorithms.
Deterministic algorithms trace a comprehensive methodology, its way and estimations of
designing variables and the functions of the function. Hill-climbing is an example of
deterministic algorithm, and for a similar initial stage, they will take the similar path
whenever the program will run. Then again, stochastic algorithms all the time have some
randomness. Genetic algorithms are a decent illustration, the population results will be
distinctive every time when the program will run meanwhile the algorithms utilize certain
pseudo-random numbers, however the outcomes might not have huge dissimilarity, yet

the paths of every individual are not precisely repeatable.

Besides, a third kind of algorithm is also that is a blend, or a half and half, of
deterministic and stochastic calculations. For instance, hill-climbing with an arbitrary
start over is a decent example. The fundamental idea is to utilize the deterministic
algorithm, however begin with various initial points. This has some points of interest

over a basic hill-climbing strategy, which might be stuck in a local top.

1.2 Random Walks and Lévy Flights

1.2.1 Random Walks



A random walk is an arbitrary procedure that carries a sequence of successive random
steps. Numerically, Sy is denoted for summation of each successive random step X; at
that point Sy frames a random walk

Sy=YN.Xi=X + X, + -+ Xy (1.5)
where X is denoted for random step carried out from an irregular distribution. This
correlation can be written similarly as a recursive method

Sy = XS HXy = Syog + Xy (1.6)
Which implies the next step Sy will depend on existing step Sy_; and the movement or
move Xy from the current step to the next step. This is normally the fundamental property
of the Markov chain.
Here the length of random walk or the step size can be static or vary at times. Random
walks have numerous applications in material science, economics, statistics, computer
sciences, environmental science and engineering [5].
Consider a situation where an alcoholic walks on a road, at every step, he can arbitrarily
walks to and fro, this results a random walk in one-dimension. If the alcoholic man walks
on a soccer field, arbitrarily he can walk towards any path; this shows a two-dimensional

random walk. Numerically, following calculation shows an irregular walk
Sur1 = Sy + wy (1.7)

Where current location is denoted by S, or the condition at time u, and w, is a stage or
random variable with a famous distribution. If every step is completed in a space of n-
dimensions, the random walk talked about earlier becomes a higher dimensional random

walk and no reason is found why length of every step should be fixed.
Sy = XL X (1.8)

In actual, according to a known distribution, the step size can also fluctuate. The random
walk will become Brownian motion (shown in Figure 1.1) if the step size follows the
Gaussian distribution. According to the central limit theorem, the random walk must
consider Gaussian distribution whenever there is an increase in value of N (number of

position). Because of the zero mean of particle locations, variance is likely to increase



linearly with the value of t. Variance of Brownian random walk in d-dimensional space is

given as
o2(t) = |vp|t? + (2dD)t (1.9)

Here v, denotes the drift velocity of the method and D = s* / (2T) is termed as the
effective diffusion coefficient and this coefficient is related to the step size s during each

jump in a time interval of T.

Figure 1.1: (a) Arbitrary motion: Gaussian step-size distribution for random walk

(b) Lévy flight walk used in cuckoo search algorithm

So, the Brownian motion B(t) follows a Gaussian distribution with time-dependent
variance and zero mean. It can be written as, B(t) ~ N (0, o°(t)) where ~ symbolize the
random variable. The process of diffusion can be defined as the sequence of Brownian
motion, and this motion follows the Gaussian distribution. Therefore, normal diffusion is
generally denoted as Gaussian diffusion.

If motion at every step is not Gaussian, the diffusion is said to be non-Gaussian diffusion.
If the step size follows any other distribution, it is necessary to handle more generalized

random walk. When the step size follows the lévy distribution, it comes under the



category of a very special case and such type of random walk is known a Lévy walk or

1évy flight.
1.2.2 Lévy walks and Lévy flights

Lévy flights are considered as a random walk where step size is fetched by the lévy
distribution which is generally derived by an easy power-law principle S(l) ~ |l|-1-f
where index is given as 0 < B < 2. A simplest form of lévy distribution can be

mathematically written as

VY 4 1
—ex — | —, < u<l< o
SAyw = {2” P [ 2(1‘“)] (-w)2 H (1.10)
0, otherwise,

Where minimum step length is given by = > 0 and Y is termed as scale parameter.

Clearly, as | — oo, then

1
A A (1.11)

This is an exceptional situation of the often used lévy distribution.

Lévy flights are considered as much more efficient than Brownian random walks in
inspecting unknown and a large-scale search space. This efficiency can be explained by
many reasons but one of them is because in 1évy flights, variance generally increases at a
very faster rate than that of linear relationship (i.e., o’(t) ~ t) of random walks in
Brownian distribution.

a?(t)~t3—pB,1 < B <2 (1.12)

Considering implementation viewpoint, it requires two steps to generate random numbers
with 1évy flights: first one is by selecting random paths and other is by generating steps
that follow the selected 1évy distribution. Uniform distribution must generate a direction,
although it is quite tricky to generate steps in the second point. Comparatively there is
less number of ways of obtaining this, but the most important, effective and candid way
to do this is by using the well-known Mantegna algorithm for a symmetric 1évy stable

distribution.

The probability distribution of a random variable V' is said to be constant if a linear

arrangement of two identical copies of it (or V; and V) follows the same distribution.



Viz., aV; + bV has likely the same distribution as ¢V + d where a, b >0 and ¢, d €R. If d
= 0, it is known as strictly stable. Gaussian, Cauchy and 1évy distributions are all comes

under the category of stable distributions. In Mantegna's algorithm, the step length s can

be calculated by
5= MLl/B (1.13)
Where u and v are calculated from normal distributions. That is
u~N@0,62), v~N(,0a2), (1.14)
where
(1+B) sin(118/2) e
o, = {rr[(%g];%} o, = 1. (1.15)

This distribution (for s) follows the expected 1évy distribution for |s| > |so| where s is the
smallest step. In principle, [sO|»0, but in reality sO can be taken as a sensible value such as
so= 0.1 to 1.

Lévy flights have the capability to maximize the overall efficiency of resource searching
in uncertain environments. In fact, 1évy flights have been observed among foraging
patterns of albatrosses and fruit flies, and spider monkeys. Also, 1évy flights have many
applications. Many physical phenomena such as the diffusion of fluorescent molecules,
cooling behavior and noise could show Lévy-flight characteristics under the right

conditions.

1.3 Cuckoo Search

Cuckoo search is an algorithm which is motivated from the brood parasitism of cuckoo
family in nature. This algorithm was originally used as a tool for numerical function
optimization and also for optimization of continuous problems [6].

The performance of this algorithm is tested by researchers using some commonly used
benchmark optimization functions and comparing it with some well-known algorithms
like Particle Swarm Optimization (PSO) and Genetic Algorithm (GA), and the it is

proved that cuckoo search accomplished comparatively optimal results than that obtained
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by PSO and GA. After this, the native inventors of this cuckoo search algorithm and
many other researchers have also implemented same algorithm to various optimization
problems. Cuckoo search algorithm also presented better and optimal solutions over this

arca.

Currently, cuckoo search algorithm has already been applied in almost every area and
domain of engineering optimization, function optimization, scheduling, feature selection,

image processing, forecasting, planning, and real-world applications.

1.3.1 Breeding behavior of cuckoo bird

Cuckoos birds are attractive due to their melodious sounds and also due to their unique
strategy of imitation. Specific species of cuckoo such as the ani and Guira cuckoos lays
their eggs in other birds’ nests, although they can eliminate others' eggs in order to hike
the hatching probability of their own eggs. By the virtue of laying their eggs in the nests
of other host birds (of different spieces), there are various species that are involved in the
category of obligate brood parasitism. There are three types of brood parasitism:
Cooperative breeding, Intraspecific brood parasitism, and nest takeover. Some host birds
can be involved in the direct conflict with the intruding cuckoos. If host birds found that
the eggs in the nest are not their own eggs, they will either destroy the foreign eggs or
they will leave there own nest and make a new nest in a new place. Some of the cuckoo
species such as the new world brood-parasitic Tapera have evolved in such a way that
female parasitic cuckoos are generally very brilliant in the mimicry in color and pattern
of the eggs of a chosen host species [7]. This reduces the probability of their eggs being

destroyed and thus increases the probability of their reproduction.

Also, the timing of egg-laying of various species is also noticeable. Parasitic cuckoos
frequently choose a nest of host bird where the host bird just laid its own eggs. Generally,
cuckoo eggs are hatched earlier than their host eggs. The time when the first cuckoo
chick is hatched, firstly it will expel the eggs of the host bird by blindly throwing their
eggs from the nest; this hikes the chances of cuckoo chick's share of food which is
provided by the owner of nest. Various studies show that in order to gain more feeding

opportunity, a cuckoo chick can also mimic the sound of host chicks.



1.3.2 Lévy flights

Flying manners of several insects and animals has established the distinctive features of
lévy flights. In their latest study, Reynolds and Frye, presented that fruit flies or
Drosophila melanogaster discover its own land with the help of a sequence of straight
ways disrupted by a rapid turn of 90°, resulting into a 1évy-flight-style irregular scale-free
search arrangement. Indeed, even light can be identified with lévy flights. Consequently,
this behavior has been applied to optimization problems and optimal search, and initial

results show its promising proficiency [8].

Three algorithms are designed to generate random walks using lévy flights namely
Mantegna’s algorithm, Rejection algorithm and McCulloch’s algorithm. From these three
algorithms, Mantegna’s algorithm and McCulloch’s algorithm shows the best results.
Results of both the algorithms presented that for any number of nests (N) and value of «a,
McCulloch’s algorithm performs better than other Mantegna’s algorithm [9]. In standard
cuckoo search algorithm (CSA), a simplified version of Mantegna’s algorithm has been
used as its calculations are simpler and it outperforms when a ranges in [0.75, 1.95].
Further, by adding local best term in conventional algorithm gives the finest results in

optimization problems.

1.3.3 Cuckoo search algorithm with lévy flights

Cuckoo birds draw attention because of their unique intrusive reproduction strategy.
Cuckoo search algorithm gets motivated from the constrained brood parasitic kind of
behavior of the cuckoo birds. The cuckoo bird lays its eggs in the nests of some other
birds which act as host to the cuckoo’s egg and the host can belong to different species. If
the host bird found different eggs in its nest, then there will be two possibilities: either the
host bird will destroy the unfamiliar egg or it will abandon its nest all at once. The origin
of cuckoo eggs that mimics the host bird eggs is found from this point. To apply this, an
optimization tool is used by Xin-She Yang et al. [11] considering three rules:

e A cuckoo bird lays eggs in a nest which it chooses randomly and only 1 egg is

laid at a time by the cuckoo.
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e The nests having good quality of eggs (solutions) are the best nests and would be
ideal for the generations to follow.
e The host nests available are constant and there is a slight probability, P, € (0, 1)
which depicts that the host would recognize a cuckoo’s egg.
In the current scenario, the host bird on recognizing a foreign egg either destroy it
completely or abandons the nest where the foreign egg resides and builds a new nest at a

different location.

An assumption approximates the value of P, as the fraction percentage of the probability
that a total number of nests » have been substituted with the new nests owing to a random
solution. For the generation of a new solution Y™+ corresponding to cuckoo j, a lévy

flight will be performed as follows
(m+1) (m) .
Y, =Y +s @ Lévy(A) (1.16)

Where step size, s > 0 relates the rules of the problems corresponding to optimization
techniques which need to be evaluated. In most of the cases, s = 1 is used as the common
step-size. The equation written above stands for the stochastic random walk [8].
Generally, a random zigzag walk is a represents Markov chain where the next position is
dependent upon the present position of cuckoo and the functional value of the transitional
probability. The product @ denotes the calculation of entry-wise multiplications. A lévy
flight is a random walk and random step size is formulated by assigning corresponding to

lévy flights.
Lévy~x = y™H, 1<pu<g3d (1.17)

This has an absolute variance along with an absolute mean. Random walk process
especially takes the step with a heavy tailed power law step distribution [9]. As each nest
may contain multiple eggs so the algorithm can be taken to a higher step which can

handle such complicated cases.

The standard cuckoo search generates random numbers with balanced 1évy distribution

that can be fetched by Mantegna's algorithm for optimizing a nonlinear function.
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Mantegna’s algorithm makes use of two stochastic random variables that are allocated

normally and these variables results in generation of a new random variables having same

nature of a lévy distribution. After this it uses a nonlinear transformation to make it

quickly merge to a stable lévy distribution. The algorithm uses the distribution

parameters ae [0.3, 1.99], ¢ > 0, and the total number of iterations, n.

Initialize cuckoos with
£g0s

cuckoo

Determine egq laying
radius for each

T

Move all the cuckoos
towards best habitat

T

socities

Determine cuckoo

1

Find nests with best
survival rate

Fig. 1.3 Flowchart of cuckoo search algorithm [21]
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With randomization at a large scale, it shows similarity amongst cuckoo search algorithm

and hill-climbing but still there is large number of dissimilarities. Firstly, just like GA

and PSO, cuckoo search is also a population-based algorithm, however it use some kind

of selection criteria or elitism same as that used by harmony search. Secondly, due to

heavy-tailed step size and the possibility of having large steps makes it more efficient for
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randomization. Third, the count of parameters that can be tuned are very less in CSA as
compared to that of genetic algorithm and particle swarm optimization algorithm and
therefore it is more precise to adjust into a more general class of optimization problems.
In addition to this, every host nest signifies possible solutions; therefore CSA would

extended to a form of meta-heuristic algorithms.

1.3.4 Advantages of cuckoo search algorithm

Advantages of cuckoo search algorithm over other optimization problems are given in
Figure 1.4.

; Ha.ndles'm.u m. Ability to explore Better Easy
criteria optimization : . :
local solutions convergence rate implementation
problems

Figure 1.4 Advantages of cuckoo search algorithm

In this work, an improved cuckoo search algorithm has been proposed which is truly
inspired by the way cuckoo bird lives. This improved algorithm is based upon breeding
of cuckoos and their egg laying behavior. Mature cuckoos and eggs are two existing
forms of cuckoos used in modeling. Since cuckoo bird does not make their own nest and
lays their eggs in other’s nests, the nest with eggs similar to that of cuckoo eggs, is the
most preferable solution and if those eggs are not identified, they exaggerate and become

a mature cuckoo. For breeding and reproduction, cuckoos need to find the best
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atmosphere due to the environmental attributes and the migration of societies. This paper

describes the modeling and implementation of cuckoo’s lifestyle.

Rest of the sections are structured as follows: Chapter 2 represents the literature review of
the related work done on cuckoo search using lévy flights. Chapter 3 includes the gaps in
the previous work and the problem statement of already existing work. The steps for
proposed methodology and the tools used in our work are given in Chapter 4. It includes
the systematic overview of how modifications are done in standard cuckoo search
algorithm. In Chapter 5, whole experimental setup and results are shown. It carries the
information of parameters that affect the performance of cuckoo search algorithm,
improvement in values of those parameters and the results obtained by making all the
changes in it. Finally, Chapter 6 presents conclusion of the proposed work and the work

that can be done in future.
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Chapter 2

Literature Survey

In 2009, a new metaheuristic technique was formulated by Yang et al. [10] named
cuckoo search algorithm. With a combination of lévy flights, the performance of Cuckoo
Search Algorithm is analyzed by simulating and comparing it with other optimization
algorithms such as genetic algorithm and particle swarm optimization. There is no need
to fine-tune parameter p, as it does not affect the convergence rate. Results presented that
CSA outperforms existing algorithms this is because CSA has few constraints to be fine-
tuned. Consequently, for many optimisation problems this algorithm is more generic and
robust comparative to other metaheuristic algorithms. In addition to their previous work,
Yang et al. [11] in 2010 used cuckoo algorithm for implementing engineering design
optimization problems. A comparison is made between cuckoo search algorithm, Genetic
algorithm and Particle Swarm Optimization by expending some standard benchmark
functions. They have also designed new stochastic test functions for the purpose which
results into better performance of cuckoo search comparative to that of PSO. Goswami et
al. [12] introduced structural optimization tasks using Cuckoo search algorithm. In this
study, the CSA was firstly benchmarked using Himmelblau’s problem and then it is
implemented on structural engineering problems. Structural engineering problems are
complex in nature that even sometimes their optimal solutions are not obtained. To
evaluate the performance of cuckoo search, twelve structural engineering test problems
have been solved. The performance of CSA was compared with well-known GA, DE,
PSO and fireflies algorithm which conclude that CSA is superior to other metaheuristic

techniques.

Cuckoo search algorithm is motivated by unique standard of living of cuckoos and their
breeding behavior. Therefore, Ramin Rajabioun [13] introduced a Cuckoo Optimization
Algorithm (COA) in which the aim is to find the most suitable area for cuckoos to lay
their eggs in and to increase their survival rate. An Egg Laying Radius (ELR) is dedicated
to each cuckoo and cuckoo starts laying eggs in the nests within this radius as shown in

figure 2.1. The process is repeated till the best nest (solution) with maximum profit is
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found and maximum population of cuckoos is gathered near one location. The proposed
algorithm was tested and evaluated on 5 benchmark functions and a comparison is made
between COA, GA and PSO. Results presented that COA outperforms other two
algorithms by giving fast convergence rate in less iteration. From his work Ramin
concluded that COA is suitable for optimization problems but for real case study, it not

necessarily the best technique.

Figure 2.1 Random egg laying within ELR; red star in middle showing initial address of cuckoo with five

eggs and pink stars are the nest for these five eggs.

Walton et al. [14] developed a new modified cuckoo search algorithm by exchanging
information between the best eggs (solutions). Two modifications were made to the
original algorithm by changing the step size a in lévy flight and other by exchanging the
information between the best solutions. Performance of moditfied CSA had been
compared with CSA, DE and PSO algorithms using MATLAB. In order to test the effect
of these modifications, seven benchmark functions had been used which demonstrated
that modified CSA shows high convergence rate and better performance than other

algorithms even with a high number of dimensions. For global optimization, Valian et al.
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[15] added an improvement in cuckoo search algorithm by boosting the accuracy and
convergence rate of the algorithm. The improvements were made in the values of p, and
a as these parameters support the algorithm to search for better solutions locally and
globally. By fine-tuning these two parameters, an improved value of convergence rate is
obtained. The whole experiment was done in MATLAB by applying benchmark test
functions to both CSA and improved CSA. After improving the CS algorithm, Valian e?
al. [16] in there further study, used this algorithm for training feedforward neural
networks. The improved algorithm is then applied on two classification benchmark
problems i.e. Iris and breast cancer. Improved CSA presented more effective results than

simple CSA.

In his research work, Matteo Leccardi [17] described three algorithms for random
number generation that are: rejection algorithm, McCulloch’s algorithm and Mantegna’s
algorithm. Results presented that for any number of nests (N) and @, McCulloch’s
algorithm performs better than other two. In standard cuckoo search algorithm, a
simplified version of Mantegna’s algorithm has been used as its calculations are simpler
and it outperforms when a ranges in [0.75, 1.95]. Using these results, Soneji et al. [18]
compared the performance of McCulloch’s algorithm, Mantegna’s algorithm and
simplified version of Mantegna’s algorithm by applying the three in CSA to generate
lévy flights. Algorithms had been implemented in MATLAB by taking population
size=25 and ten benchmark problems with were implemented dimension=15. Results so
obtained presented that simplified version of Mantegna’s algorithm and McCulloch’s
algorithm gives best results. Further, by adding a local best term in the results of
simplified version outperforms other optimization problems. In their future work, they

added that poor nests must be prioritized to remove other than choosing random nests.

Since, the ability of searching pattern in CSA 1is not fully discoverable, Zhang et al. [19]
proposed an adaptive modified cuckoo search algorithm. To take full advantage of CSA,
a series of relative approach (including grouping, parallel, incentives, and information
sharing and adaptive) had been designed to enhance the performance of original
algorithm. Further this modified cuckoo search was evaluated using nine benchmark

functions and superior performance of modified algorithm had been evaluated. Nebojsa
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Bacanin [20] presented software implementation of cuckoo search and named it as
CSApp. The software is a fast, robust and object-oriented system which was further
tested on benchmark problems. This software was developed in JAVA language with a
user-friendly GUI. Improvements in the standard algorithm were made in order to

decrease its execution time and results presented that superior performance of CSApp.

In their study, Tuba et al. [21] presented an algorithm for unconstrained optimization
problems by modifying the stand CSA. As CSA use random step size, the modification in
pure code was made by changing the step size. The improvement was made in such a
way that the nests matrix was sorted by the fitness values of the solutions so that
solutions with higher fitness can be considered over lower fitness solutions. Software was
developed for cuckoo search in JAVA programming language for the purpose and then it
had been tested on ten benchmark functions to compare the performance of two CSA
algorithms. Results were quite satisfying, as the modified algorithm performed slightly
better than standard algorithm in seven functions. In further studies, it can be used for
other benchmark functions and some real-world problems. Srivastava et al [22]
presented the part of CS algorithm in software coverage optimization. Optimized test
sequences had been generated in order to obtain 100% software coverage. Purpose of this
study was to show the testing details and its importance. The comparison of test functions
had been made with that of ant colony optimization (ACO) and genetic algorithm (GA)
which demonstrates the outperforming results of CSA over ACO and GA.

For solving engineering optimization problems, Valian et al. [23] introduced an improved
algorithm for cuckoo search. Firstly, they worked on standard cuckoo search by tuning its
parameters to improve the performance of the algorithm and then the improved CSA was
implemented on some complex optimization problems named as a large-scale reliability
optimization problem and a 15-unit system. Effectiveness of improved algorithm was
compared with several well-known methods which demonstrated that improved
algorithm outperforms simple CSA. Feature selection has become an active area these
days by extracting selective set of features. Inspired by cuckoo bird’s behavior,
Rodrigues et al. [24] in their research proposed a new feature selection technique and

named it as binary cuckoo search. The two datasets for the purpose was collected from an
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electric power company of Brazil. The datasets are composed of 3486 and 5645 industrial
profiles with eight features each. Results of Binary cuckoo search (BCS) were compared
with other evolutionary techniques like Binary bat algorithm, Binary firefly algorithm,
Binary gravitational search algorithm and Binary particle swarm optimization and it
presented that BCS is the most appropriate algorithm for theft recognition upto 40%. In
structural engineering, design problems are mostly multiobjective and algorithms to solve
these problems are different from single objective. Therefore, Yang et al. [25] formulated
cuckoo search algorithm for multiobjective optimization problems by validating it in
contradiction of a set of test functions that are multiobjective in nature and then it was
applied to resolve structural design problems. Two design benchmark problems that had
been used are: welded beam and disc brake. For almost all the test functions, modified
CSA performed very well and quality of solution sets so obtained were also good. Nasa-
ngium et al. [26] presented an improvement in modified CSA focusing on generation of
new nests from topmost nests. In their work, to replace constant values they have used
tent map chaotic sequences and Cauchy algorithm is replaced by Mantegna’s algorithm.
And the proposed algorithm used a combination of unimodal and multimodal benchmark
functions to figure out the efficiency of improved algorithm. The conclusion of study

gives that performance of improved CSA is best for wide range of optimization problems.

Considering previous work of cuckoo search, Fister Jr. et al. [27] summarized that due to
its promising results and better efficiency, CSA had attracted great attention. Cuckoo
search, its variants and its applications are practical in every field of science, engineering
and industries. The review concluded that theoretical analysis should be carried out and
for CS variants many other parameters can be tuned to check the effect of cuckoo’s
behavior. Xin-She Yang ef al. [28] discussed the latest developments and applications of
cuckoo search algorithm. They analyzed the searching behavior and mechanism of CSA
and then few topics for further research have been developed. With best convergence
rate, cuckoo search also had few issues to be worked on in future. First issue is that there
1s a critical gap between practical and mathematical analysis of optimization algorithms
and second issue is parameter tuning in optimization problems. These issues were

extracted from the previous studies that are to be worked in future.
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To enhance convergence rate and searching ability to find optimal solution in CSA,
Zhang et al. [29] added an improvement in standard CSA. The scale factor of step size is
a, therefore value of a has been modified so as to avoid flying too far. To check the
improved performance of CSA, five benchmark functions had been applied and the
comparison was made between CSA, improved CSA and PSO. Results presented higher
precision and better convergence rate of improved CSA. Mahmoudi et al. [30] used
discrete cuckoo optimization algorithm for solving an NP hard problem i.e. graph
coloring problem. Cuckoos fly only a part of distance (i.e. 1 %) with a deviation (i.e.
@ radians) towards the goal habitat as shown in Figure. 2.2. The study presented
discretization of cuckoo search algorithm and the problem is evaluated on wide range of
benchmark problems. Result demonstrated that in some cases, modified algorithm shows

100% success rate but still it can’t be considered the best algorithm.

New habitat

Group 1

Group 2

Figure 2.2 Cuckoo’s migration towards goal point [21]

Praveen Ranjan Srivastava [31] in their work used cuckoo search for system analysis. In
requirement coverage, cuckoo search has been used to generate optimal test cases using

JAVA language. The CFG of source code that is to be tested is given in XML (extensible
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markup language) file format and then cuckoo search is called to calculate in-degree and
out-degree at each node. Architecture of implementation of cuckoo search algorithm in
software analysis is as shown in Figure. 2.3. Results so obtained were very much efficient
than other optimization techniques. As cuckoo search had solved many optimization
problems efficiently, in future it can be advanced to multiobjective optimization
problems. In their study, Naik et al. [32] presented an adaptive cuckoo search aiming to
find the step size from the fitness value to achieve global minima or global maxima. As
the value of « is fixed in previous studies, this parameter @ has been omitted and the step

was given an

bestfit(t)—fit;(t)
bestfit(t)—worstfit(t) (2 1)

1
step;(t+1) = (;)
This parameter free algorithm was tested on 23 benchmark functions and the result

presented that adaptive CSA outperforms standard CSA.
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CFG table .
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FPaths
Arctor Optimized Sequence
- sequence generated
ML file Minimal Paths

costs

Calculation of

Parser

cost

Figure 2.3 Cuckoo search used in software analysis [22]

Umenai et al. [33] modified an algorithm for dynamic environment. The study was

carried out by considering an optimization problem that is dynamic in nature and where
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the global best can be cyclically changed with time. The modified algorithm holds the
best solutions when solutions were searched in search space near intensive local search.
The proposed method had given best performance to find good solutions when applied to
four benchmark problems.

For feature selection, Aziz et al. [34] modified CSA using rough sets theory. Two
modifications made in CSA are: first, the value of @ was made to change with number of
iterations and secondly a crossover was performed between cuckoos. Rough sets were
used to build the fitness function by taking reduced set of features and classification
quality. To test and validate the performance of algorithm, benchmark datasets were

acquired from UCI repository and the dataset description is given in Table. 2.1.

S. No. | Dataset used | Total samples | Genes | Classes
1 Dermatology 34 366 6
2 Breast cancer 10 699 2
3 Hepatitis 19 155 2
4 Lung cancer 56 32 3
5 Iris 4 150 3
6 Pima Indians 8 768 2
7 Lenses 4 24 3

Table 2.1 Description of classification dataset to test the modified CSA [25]

To calculate the efficiency of the proposed approach, K-nearest neighbors and support
vector machines these two learning algorithms had been used. In Particle Swarm
Optimization (PSO), global best can be directly used to find the new positions of the
particles. Xiangtao ef al. [35] proposed an algorithm to find the top solution from the
whole population. In the proposed algorithm, first part used the neighborhood existence
to improve the distinction of the algorithm and the second part used new searching

strategies to stabilize the exploitation and exploration. The performance of CSA was
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verified using 30 benchmark problems and it presented that modified algorithm

outperforms CSA.

From above studies, it has been concluded that cuckoo search algorithm has been used
for various applications. In these applications standard CSA as well as modified CSA has
been used by changing value of parameters to achieve the best convergence rate. In most
of the studies the main focus is on the value of parameter a and generation of new nest
from topmost eggs. Various benchmark problems have also been used to make a
comparison between the performances of CSA with well-known optimization algorithms

namely PSO and GA.
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Chapter 3

Gap analysis and problem statement

3.1 Gap analysis in existing work

In previous section, literature survey of Cuckoo Search Algorithm (CSA) using lévy
flights has been given. Considering the previous studies, following gaps have been
identified:
e No better technique than Mantegna’s algorithm has been developed for
minimizing the step size in [18].
e Till date a 1s taken as major parameter to modify the algorithm to reduce the

fitness value of the algorithm [14].

3.2 Problem statement

After reviewing the literature, it has been analyzed that still there is some scope of
improvement in cuckoo search algorithm taking in consideration the distance travelled by
cuckoo using lévy flights. Since cuckoo bird does not make its own nest and lays its eggs
in some other host bird’s nest so a solution is adopted using 1évy flights i.e. random walks
which gives the optimized nest selection criteria for laying the eggs of the cuckoo bird.
The nest with eggs similar to the eggs of the cuckoo bird is the most preferable nest and
there is probability, p € [0,1] that the host bird will discover the new egg. Each egg in

the nest signifies the possible solution, and cuckoo egg is represented as a new solution.

The main objective of the proposed algorithm is:

® To find the new solutions it is potentially better to substitute not-so-good

solutions.

e To minimize the fitness value of the function used to generate lévy flight using

different benchmark functions.

The best nest is found on the basis of the value retrieved by the fitness function and the

nest with the minimum fitness value is chosen for the purpose. The lower the fitness
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value of a particular nest, the more preferable is to choose that nest for laying the eggs

and that nest will be the best nest.
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Chapter 4

Proposed methodology

4.1 Proposed work

The proposed work focuses on comparison of modified CSA with standard
cuckoo search by testing both the algorithms on standard benchmark optimization
problems [36]. Standard cuckoo search used Mantegna’s algorithm for calculating step
size in lévy flights. The algorithms were implemented on MATLAB and their
comparative graphs were also obtained which simply show the performance of two
algorithms. Two graphs are drawn with respect to each benchmark function: one is
gradient descent graph for that particular problem and other is simple line graph. Flow

diagram of methodology used in proposed approach is shown below in Figure 4.1.

Implement C3A Implement modified Compare the results
using benchmark ——————*CSA on same benchmark ————®of both algorithms
function function

Draw graphs for Mote the results Apply different
comparison of both € ofthese benchmark *—————benchmark problems
algorithms problems to both algorithms

Figure 4.1 Flow diagram of proposed methodology.

Following steps have been followed for implementing the modified cuckoo search

algorithm:

1. Installation of MATLAB R2013a is required for running the cuckoo search algorithm
code on windows.

2. Implement conventional CS algorithm using MATLAB R2013a.

3. Change the values of parameters to improve the convergence rate. And then step size

is calculated by diverting the flight to some radians in lévy flights. If the
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improvements resulted in better results than conventional method, it is added to
improved algorithm.

4. Implementation of improved cuckoo search algorithm code by taking same
benchmark problems that has been used for standard CSA.

5. Nine benchmark problems have been introduced to MATLAB R2013a code of CSA
as well as modified CSA. Following benchmark problems have been used for
purpose:

5.1. Ackley function

5.2. Alpine function

5.3. Beale function

5.4. Bohachevsky function
5.5. Booth function

5.6. Griewank function
5.7. Rosenbrock function
5.8. Sphere function

5.9. Sum square function

6. Two types of graphs have been obtained from the simulation performed using the said
benchmarks:

6.1. Gradient descent graph
6.2. Simple line graph

7. Compare the values of fitness function and best nests obtained in results.
4.2 Modifications in cuckoo search algorithm

When sufficient calculations are given, the cuckoo search will every time meet the
optimal solution but a fast convergence rate cannot be assured, due to the reason that
search depends only on random walks. Therefore, few modifications to the conventional
method are made so as to enhance the convergence rate, so making the approach more
practical by considering the important features of the original approach [30]. As the
fitness function is evaluated on the basis of 1évy flight’s step size, so here the target is to
reduce the value of fitness function. The modification to conventional cuckoo search is

made by changing the step size in 1évy flight. In conventional Cuckoo search algorithm,
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length of step for every iteration is kept constant. As the number of generations in the

standard cuckoo search increases, the value of step size reduces.

Algorithm for modified cuckoo search

Initialize population of ‘m ”host nests a; where i = 1,2, ....,m.
Initialize a population of random fitness values f; where i = 1,2, ....,m.
Tol ,tolerance value
f(x) is fitness function of chromosome
for all a; do
Calculate fitness value f; = f(a;)
end for
fmin < minimum fitness value amongst all nests
Xmin < Nest with minimum fitness value
while (f,,in > Tol)
forj=1tom

Produce a cuckoo nest (a;) using lévy flight from any randomly chosen nest

fi = (@)

if (fj < finin)

fmin < fj
Xmin < Xj

end if

A segment p, of worst nests are abandoned

Fitness of new nests areevaluated and the solutions are ranked
end for

end while

Initially, the value of the step size at the chosen end is set to 1 and in every generation, a
step of 1évy flight is evaluated using of generation number. This kind of search which is
exploratory in nature is executed only on the number of host nests that are abandoned

completely. However, in this study the step size is changed on the basis of the values of
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parameters used [34]. The parameters change their values on the basis of nest size that is
the number of features a nest has as its attributes.

Another modification is in the use of benchmark functions which are available to act as
the fitness functions for finding the fitness value of the nest on the basis of varying
functions definitions they incorporate [9]. A total of 9 benchmark functions have been

used which are explained in next section.
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Chapter 5

Experimental results

This chapter draws attention towards the implementation of well-known optimization
problem Cuckoo Search Algorithm (CSA) and its comparison with modified Cuckoo
Search Algorithm (CSA) with lévy flights that has been proposed in this work. Both the
algorithms are implemented in MATLAB [37] and there relative performance is

compared in order to check the best output of the algorithm modified.
5.1 Tools used for implementing cuckoo search algorithm

5.1.1. MATLAB R2013a

Matrix based MATLAB language is the most natural way of expressing computational
mathematics. MATLAB is an optimized platform to deal with engineering and scientific

problems.
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Figure 5.1 MATLAB command window in Windows 8.1
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It is a platform that is being used for developing algorithms, plotting graphs for functions,
manipulating matrix and creating user interface. The MATLAB works in Windows,
Linux and Mac OS for IA-32 and x86-64 platforms. In our experiment, the version we
are using is MATLAB R2013a in windows operating system. Install it by running the
MATLAB application file. The MATLAB command window is shown in Figure.5.1.

5.2 Implementation

MATLAB editor is used to write code or MATLAB programs for any algorithm. As a

new algorithm has been proposed in this research, the code for proposed work is written

and enhanced in MATLAB editor as shown in Figure 5.2.
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Figure 5.2 CSA code in MATLAB editor.
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After implementing the code, the results of the algorithm will comes out on command
line window. Here, the results of the cuckoo search algorithm gives the fitness value of
the function, the best nests from the total number of nest shown in Figure 5.3 and a
graphical representation of the results obtained. In proposed work, the value of fmin has
to be decreased and for those fitness values 15 best nests has been obtained
corresponding to total number of nests given (i.e. N). All the best nests values have been
given in output. The graphical output consists of two graphs in which first graph shows
the gradient graph and other shows simple line graph. The graphical results are also

shown in Figure 5.4.

Command Window

Columns &4 through &7

0.8300 0.5200 0.9500 0.9800

>» [fmin,bestnest]=newl (25);
Total number of iterations=31250

fmin =

9.4241e-06

bestnest =

Columns 1 through 8

-0.0020 -0.0006 -0.0015 -0.0039 -0.0012 0.00035 -0.0032 -0.000¢ -0.0025

Columnz 10 through 15

-0.0012 -0.0028 0.0008 -0.0086 0.0032 0.0021

y =

Columnzs 1 through 8

fﬁ -1.0000 -0.9700 -0.9400 -0.9100 -0.8800 -0.8500 -0.8200 -0.7300 -0.7600 v

Figure 5.3 Results of proposed algorithm in MATLAB.

As shown in graphical representation below, the gradient and line graph is drawn for
Griewank function which is categorized under ‘many local minima’ category. In line

graph, the red line shows modified cuckoo search algorithm and the blue line shows
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standard CSA. As it can be clearly seen from the graph, the best score is obtained in
lesser count of iterations in modified algorithm while the iterations is more in standard

cuckoo search.
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Figure 5.4 Graphical representation of results obtained through proposed algorithm.

To attain the better performance of modified cuckoo search optimization algorithm than
standard algorithm for cuckoo search, the relative performance of both the algorithms
have been contrasted. The algorithms are implemented on nine different benchmark
optimization problems in MATLAB for testing the new optimization technique and also
these problems gives remarkable results by validating and comparing its performance.
The value of fitness function is calculated by these benchmark problems to get the

minimum fitness value.

5.2.1. Benchmark problems

In evolutionary calculations, generally different algorithms are compared by taking a
large test set specially when there is a function optimization. Benchmark problems that
are also known as test optimization problem are used in applied mathematics to evaluate

accuracy, convergence rate and robustness of the optimization algorithms [38]. For every
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optimization problem, there are some defined parameters for them like dimension is

denoted by D, domain size of problem by x; € [Lb, Ub] and the optimal solution is

written as f(x*) = f(xq1, ..., Xp)-

5.2.2. Parameter setting

In our research work, some parameters of cuckoo search algorithm need to kept constant
for both algorithms. Number of trials that are performed on each benchmark problem is
set to 20, the number of nests defined by N, D for dimension for cuckoo search and p, is
the probability of cuckoo egg being discovered. The results have been examined by
giving variations in number of host nests (n), dimension of the algorithm (D) and in
probability of discovered eggs (p,). The value of n was taken as (10, 15, 20, 25, and 30),
D is taken as (5, 10, and 15) and value of p, is taken as (0.2, 0.25, and 0.5). After testing
the algorithm on all these values, we fixed these parameter’s value ton = 25, D = 15,
and p, = 0.25. Fitness function is calculated by considering these parameters and the
best values of fitness function are obtained at these values. Parameter setting is shown

below in Table 5.1.

Parameter Values
Trials 20
N 25
D 15
Da 0.25

Table 5.1: Parameter setting for benchmark functions.

After setting these parameters, performance of standard CSA code is evaluated and first
modification is made in value of £ and other in step size in Mantegna’s algorithm.
Twenty trials were performed by taking f = 3/2, and then the value is changed to 1.99
and again twenty trials were performed. The results illustrates best results when f = 1.99
and any change in value of [ changes the value of o in the algorithm. In next
modification, step size of the algorithm is validated by adding an angle to the 1évy flight.

A number of trials were performed by changing the radians of sine and the results so
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obtained are noted. As the fitness function is evaluated on the basis of 1évy flight’s step

size, so here the target is to minimize the fitness function value.

5.2.3. Test functions

In literature, there are a number of benchmark problems [39] that have been used to test
the effectiveness of optimization problems. These functions are grouped according to
their similarities in shapes and their physical properties. For example, many local
minima, bowl-shaped, plate-shaped, valley-shaped, steep ridges and others. In this
section, all the test functions are used as minimization problems. For every function,
there exists an optimal objective value f(x*) corresponding to the optimal minimal
solution x*. Brief descriptions of benchmark functions that have been used for the

purpose is given below.

e Ackley function
It is an n-dimensional function having one global minimum and countless local
minima

Count of variables used: n.

Function: —a exp (—b\/gzld:lyiz> — exp (% a. cos(cyi)) + a + exp(1)

Search space range: —32.768 < y; < 32.768 where i = 1,2,...,n.
Global minimum: y*= (0, ..., 0), f(y*) = 0.
e Alpine function
It is a function is defined on n-dimensional space with one global minimum and a
large number of local minima.
Count of variables used: n.
Function: f(y) = Ti, lyisin(yy) + 0.1y]
Search space range: —10 < y; < 10, wherei = 1,2,...,n.
Global minimum: y*= (0, ..., 0), f(y*) = 0.
e Beale function
It is a multimodal function with one global minimum.

Count of variables used: n = 2.
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Function: f(y) = (1.5 —y; + y17,)% + (2.25 — y; + y1y2)* + (2.625 — y; +
y1y3)*

Search space range: —4.5 < y; < 4.5 wherei = 1,2

Global minimum: y* = (3,0.5), f(y*) = 0.

Bohachevsky function

Count of variables used: n =2

Function: f;(y) = y? + 2y% — 0.3cos(3my,) — 0.4cos(4my,) + 0.7

£,(y) = y2 + 2y2 — 0.3cos(3my;)cos(4my,) + 0.3

f:(y) =y + 2y% — 0.3cos(3my, + 4my,) + 0.3

Search space range: —100 < y; < 100, where i = 1,2

Global minimum: y* = (0,0), f;(y*) = 0.j =1,2,3

Booth function

Count of variables used: n = 2.

Function: f(y) = (y1 + 2y, = 7)* + 2y, +y, — 5)*

Search space range: —10 < y; < 10, where i = 1,2

Various local minima.

Global minimum: y* = (1,3), f(y*) = 0

Griewank function

Count of variables used: n

2 .
Function: f(y) = ?zlﬁ — 1%, cos (%) +1

Search space range: —600 < y; < 600, where i = 1,2,...,n.
Global minimum: y*= (0, ..., 0), f(y*) = 0.

Rosenbrock function

Count of variables used: n

Function: f(y) = X{5 10041 — y2)* + (i — D?]
Search space range: —5 < y; < 10, wherei = 1,2,...,n.
Global minimum: y*=(1, ..., 1), f(y*) = 0.

Sphere function

Count of variables used: n

Function: f(y) = Y%, y?
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Search space range: —5.12 < y; < 5.12, wherei = 1,2,...,n.
Global minimum: y*= (0, ..., 0), f(y*) = 0.

e Sum squares function
Count of variables used: n.
Function: f(y) = Y&, iy?
Search space range: —5.12 < y; < 5.12, where i = 1,2,...,n.
Global minimum: y*= (0, ..., 0), f(y*) = 0.

5.3 Results

In this segment, final results are demonstrated by obtaining the fitness values (i.e. finin)
and the best nests values (i.e. bestnest) for lévy flights which shows the better values for
modified cuckoo search than standard cuckoo search optimization algorithm. Results of

this algorithm have been evaluated by following functions:

e value of fmin (fitness value)
e Destnest values (values of all the best nests so obtained)

e Line graphs comparing two algorithms

There are two type of graphs obtained in result that are: gradient descent graph and
simple line graph. Gradient descent graphs are used to find the minimized the value of the
function and find the local minimum of that function. The slope move against the
gradient down towards the minimum by considering that one starts by guessing a local
minimum of Xy, X1, X, ... so that

Xnt1 = Xn — ¥nVF (xp),n =0
where we have,
F(xg) = F(x1) = F(xy) =....

By changing the step size y at every iteration, the series of results (x,) converges towards
the local minimum. The gradient graphs so obtained for different optimization problems

used are shown in Figure 5.2.

37



Pammeer sacs

CEx bxdynd

(3

i
-

A
. r

(d) Bohachevsky

(h) Sphere function, (i) Sum

(c) Beale function,

>

Figure 5.5 Surface plot for: (a) Ackley function, (b) Alpine function

function, (e) Booth function, (f) Griewank function, (g) Rosenbrock function,

square function

38



e Space

Coject

hE SDE o

Cinject

Dajecthe s0a0R

120

{8
18
2
Ja2
o i
-]
(=]
-
18
) ¥
(=] [=] [=]
[PEN|ELO0 A1 B 8a)
T T T LU
1 1 —
0 1 1
ma“ 1 1 =
I B T R . JE -
zH H f
1 1
_ _ _ _ .
-l |\ r----- e e 1---qM
" " 2
1 1 1 H
- ---4 - ] al
1 1
1 1
1 1
- - - =4 =
1 ]
|
L] T T
[=] [=] [=]
PalE.00 aIaE 188l

1000

&00

600

400
lemtions

200

PaREOD | 008 188 ]

(c)

(b)

(a)

Cojecihe soEce

Dojecthe space

— M-C3A

——C5A

[ —

i

L

PEn B0 A00E JEa)

— M-CBA

paNgogo @oas]sag

ce

Oljecthe 5

- e o T
PaRBO0 AIo0s] say

2000

temtons

1000

47 &0
tertons

)

40
haEt bns

in

(e}

(d)

i i
1 1
1
b mm |||.". ||||||| v F .w
1 1
& _ _ 1 '
! [
||| SR SR
o | | i
.wnl.m..q ||||||| A m - _1|||.mm:
o | i
1 1
e -8
1 1
1 1
I I
L Yy Y
Pan B0 alo0s | Baj
- I R " m
1 1 1
o[ I I
b eepm e - [ L 1 =
mm r Fo-- A8
1 1
il |+,
N e _1||| |||||“||.mm
1] 1 ] ] 1 .JE
.W.___... 1 1 1 1
8l-4---- Cabonee- R
1 1 1
Yo S S |-
1 1 1 1
1 1 1
"o n i T
Pal|E0 alae] say
L S— ————— A=
m v k g L
1 1
IEE O
o 1 1 1
i 1 1 1
BH| | Freme it Tt 8 8
& " " d
) S o R R
5 _ " !
| ___ Voo o v ||.m
1 [ -
1 1 1
1 1 1
1 1 1
- i e

PaREJQ0 #0088 3]

0}

(h)

(@)

Figure 5.6 Comparison between the performance of the CSA and M-CSA algorithms: (a) Ackley function,

(b) Alpine function, (c¢) Beale function, (d) Bohachevsky function, (¢) Booth function, (f) Griewank

function, (g) Rosenbrock function, (h) Sphere function, and (i) Sum square function

The line graphs are simple graphs that are used to compare the standard CSA and

modified CSA. As the purpose is to reduce the fitness function, the graph clearly shows
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that for every function the slope (represented by red line) of modified CSA converges
towards the minimum in less number of iterations than the slope (represented by blue
line) of standard CSA. The line graphs are drawn between local minimum of x, x4, x5 ...
and the fitness values, F (X, x;) of the best nests so obtained. These graphs illustrate the

better convergence rate of the algorithm modified. The graphs are shown in Figure 5.6.
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Chapter 6

Conclusion and future scope

In this study, a new improved cuckoo search optimization algorithm has been proposed
using an improved approach for lévy flights by minimizing value of fitness function and
finding the best environment for the cuckoos to lay eggs. The result so obtained shows

that for better convergence rate, modified CSA has outperformed standard CSA
6.1 Conclusion

The promising results of proposed algorithm have given a major contribution to the

optimization problems written below:

e Working on nine different benchmark problems the fitness of both cuckoo search
and modified cuckoo search algorithms has been compared and in all cases the
convergence rate of modified CSA is significantly greater than that of standard
CSA.

e The value of fitness function has been decreased by adding an angle to the step

size in lévy flights.
6.2 Future scope

e Exploring the performance of modified cuckoo search by applying other
benchmark test problems and certain real-life problems.
e The performance of modified algorithm can be emphasized with other

optimization algorithms like PSO and GA.
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