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Color Quantization is used to reduce the number of colors in an image
palette. This process results with shorter codes for each color used in output image
in return, it provides compression.

However this process is lossy and strongly effects image quality. As the
palette size decreases, image quality detoriates as well.

There are various deterministic algorithms; Uniform Color Quantizing,
Median Cut, Octree, etc. for color quantization. Nature inspired algorithms
,however, are not widely studied for quantization purposes. In this thesis, it is
aimed to employ some of nature inspired algorithms; Partical Swarm
Optimization, Differential Evolution and Grey Wolf Optimization for color
guantizing problem.

Implementation details and performance comparisions can be found in the
thesis.
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PARCACIK SURUSU OPTIMIiZASYONU ALGORITMASI,
EVRIMSEL FARK ALGORITMASI VE BOZKURT ALGORITMASI iLE
RENK KUANTALAMA

Fatma OZYURT

CUKUROVA UNIVERSITESI
FEN Bi}_JMLERi ENSTIiTUSU
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Yil: 2017, Sayfa: 99
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: Yrd. Dog. Dr. Esra SARAC ESSiz
: Dog. Dr. Zekeriya TUFEKCI

Resmin kalitesinden 0diin vermeyerek daha az renk ile gosterilmesi
islemine renk kuantalanmasi denilmektedir. Resmin daha az renk ile ayni goriintii
kalitesi ile gosterilmesi, resmin boyutunu da kiiciilterek ayn1 zamanda sikistirma
yapilmasina da yardimei olur.

Renk kuantalama isleminde resmin goriintii kalitesi, palet boyutunun
kiigiilmesi ile azalir.

En onemli renk kuantalama algoritmalari; Uniform Renk Kuantalama
,Median Cut ,Octree vb.dir. Literatiirde renk kuantalama probleminin ¢oziimii
icin dogadan esinlenilen algoritmalar ¢ok fazla kullanilmaktadir. Bu tezin amaci
dogadan esilenilen bazi meta sezgisel algoritmalar ile renk kuantalama probleminin
¢Oziimiidir.

Tezde, kullanilan meta sezgisel algoritmalarin renk kuantalanmasi igin
yapilan uygulamalarinin detaylar1 ve algoritmalarin performanslarinin sonuglarma
yer verilmistir.

Anahtar Kelimeler: Renk Kauntalama, PSO, GWO, DE




SUMMARY

Reducing the number of colors of images is called color quantizing. The
key factor of color quantizing is selecting the best palette for representing the
original image with high quality.

Color quantizing is associated with compression. Reprensenting same
picture with less colors also compresses the image.

The aim of thesis is color quantizing by nature inspired algorithms. In this
thesis Partical Swarm Optimization, Differencial Evolution Algorithm with
Rand 1 Bin, Rand 2 Bin, Best 1 Bin, Best 2 Bin mutation strategies by
different crossing over rate values and Grey Wolf Optimization Algorithm is
applied to color quantizing process.

In literature color quantizing by nature inspired algorithms had been
implemented by post clustering methods.

Most commonly used clustering method is K-Means algorithms. By K-
Means algorithm most popular colors and the similiar colors to the pictures popular
colors are represented by centroids.

Before color quantizing for initial palettes K-Means algorithms had been
iterated several times. By this step post clustering had completed for initial palette.

By initial palette color quantizing process haf been started.In order to get
new palettes algorithms steps are applied. Nature inspired algorithms disadvantage
is time consuming. Post clustering method also had added 6mre time by
implemantation of color quantizing.

In this thesis clustering methods had been applied.Only the steps of
algorithms are applied. First initial palettes had been created randomly.

As a result of this random initialization step, each algorithms iterations are
repeated ten times.For PSO , GWO,DE algorithms repeated up to 100 iteration.

Then these iterations repeated ten times 100 iterations.



After these repeated iterations average, standart deviation, median and
interquatile ranges are calculated.

100 iterations results and ten times 100 iterations are tested. All results had
been closer. The realibility of algorithms had been tested.

Best result had been GWO by 70 wolves, second and third had been PSO
and DE respectively.

All results and comparisons are showed in thesis.
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1. INTRODUCTION Fatma OZYURT

1. INTRODUCTION

1.1. What is Color Quantization?

Color quantization is the process of using less colors to demonstrate the
same image as high quality as possible to original image. Quantization process
associated with the compression of image, the image may differ from the original
one while less colors are being used, but the goal is to populate the quality image
as similar as possible to the original. The key factor to achiving our goal is the

selection of the color palette by choosing the best colors closest to original image.

1.2. Color Spaces and Color Difference

A color space isa point which represent a color in n-dimensional space.
For example RGB tuples are a sample of three dimensional color space with three
dimensions. These dimesions are red, green , blue. There are many different
color spaces. Measurement of color spaces is color difference.The easiest
measurement is Euclidan distance for RGB color spaces.

1.3. RGB Color Space

In color spaces RGB (Red-Green-Blue) space is more useful to measure
the differences of colors. RGB color space combines red, green, blue dimensions
and creates new colors.Hence while creating new color by Red-Green-Blue the
range of dimensions must be in (0,255).Colors can not represent out of these range
values.In RGB color spaces that color difference is calculated by Euclidian
Equation (1).

d= \/(Rl — Rp)* +(G1 — G2)* + (B1 — By)?
1)
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2. ALGORITHMS Fatma OZYURT

2. ALGORITHMS

2.1. Partical Swarm Optimization

This algorithm is inspired by Dr. Kennedy and Dr. Eberhart from the
behaviors of fishes and birds, which animals lives in a swarm in 1995. [1] It is also
one of the meta-heuristic algorithms which inspired from nature.

In Partical Swarm Optimization algorithm random behaviors of the
animals in swarm effect the other animals.In swarm each eleman is called
partical. The population of this particals is called swarm.

The goal of algorithm is finding partical which has best position in the
swarm and forcing the other particals to go through the same way with best
partical.In swarm particals’ aim is getting much better position by comparing their
current position with previos positions and comparing with the partical that has
best position in swarm.

The swarm initializes by random beginning positions and velocities. All
particals in the swarm new velocities and positions value are determined at the
iterations. After this step for each particals local bests (present bests) are selected
by comparing the previous velocities.At last step ,best value of local bests is
selected as global best in swarm.New velocities and positions is updated by

following steps of algorithm:

i. By randomly produced beginning positions and velocities creates the
initial swarm.

ii. Inswarm evey particals’ fitness value is calculated.

iii. For each partical’s local best is estimated by comparing previous
velocities and positions.

iv. Best local best is selected as global best between recently calculated
present bests.

v. Positions and velocities are updated by equation (3).
3
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Va =WV +c;*rand, *(By — X)) +cy *rand, *(Fpyy — X3)

X=Xy tVa (3)

2.2. Differential Evolution Algorithm

Differential Evolution algorithm is a meta-heuristic and population based
algorithm.It had been developed by Storn and Price [2].Although Differential
Evolution is a flexible algorithm to solve hard problems successfully.In DE
algorithm initial  population ,quality of genes are improved by
initialization,mutation ,recombination, selection steps during iterations[3].

DE algorithm has three major parametres.First one is the size of population
which is represented by NP. Population size gives individual number for the
problem. Second important parameter is mutation coefficient which is represented
by F. This coefficient effects the creation of new donor vector in algorithm from
trial vector and target vector. For efficient solutions from algorithm F coefficient’s
adviced range is [0.5-1]. [2]

Last major parametre is crossing over rate coefficient (CR).This parametre
is used to decision of selecting genes after mutation step for new donor vector.

In DE algorithm initial population is created by random values.According

to equation (4) trial vector Yi is created.After creating new trial vector, maximum

and minimum range of vector must be checked for every individuals.

Vi = Tp1 + Fl(cl‘-rg — CITT;}) @

Lr1 ,‘IT‘-'”Q, Tr3 individuals are different from each other and selected by
randomly.New individuals of population are created by crossing over rate

coefficient from Ui to 1.
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W — { vij if rand;; < CR or j=irand
ij —

T else
A A
trial target donor crossover ratio (5)

In recombination step of algorithm if random value is less or equal to CR

then new individual is selected from donor population (?"“) else it is selected from
target population('i) for new trial population (/7).

Last step is selection.In this step donor population’s and target
population’s fitness values are compared. If the fitness value of new population’s
individual’s (“7) fitness value is less than target population’s individual’s (%)
fitness value, the greatest individual is selected for the new population according to

equation (6).

(6)

2.3. Grey Wolf Algorithm

Grey wolves live in gregariously and it is called pack.Each pack has at
least 5 and maximum 12 members. Grey Wolf pack has a stricted hierarchy in
order to survive together in pack .There are four level of wolves in pack.

First level wolf is alpha wolf.This wolf decides for hunting, and other
needs for pack in order to survive and live together.In hierarchy of the pack
,managemet abilities are more important being the strongest wolf in pack.Alpha

wolf is not the strongest wolf in pack.
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Second level wolves are beta wolves.They assist alpha wolves to apply
whole orders to the pack and give feedback from pack to alpha wolf about the
orders.Beta wolves can also give orders other least level wolves.

Third level of wolves are delta wolves. These are scouts, sentinels, elders
and hunters. They are allowed to give order to just omega wolves. They are
required to listen the orders of alpha and betas. Scouts are responsible for checking
the safety of new places to survive. Sentinels are responsible for the safety of
current areas that the pack live. Elders decides new alpha and beta wolves. Hunter
wolves are responsible for hunting according to direction of alpha wolves.

Last level wolves are omega wolves and they are required to listen the
orders of alpha, beta and delta. They are not allowed to refuse the orders.

According to this hierarchy construction in pack wolves are starting
hunting by tracking with scouts wolves and they try to get closed to the prey. When
they exactly found prey they encircle the prey. Last step in hunting they take the
control of prey in order to not escape the prey then wolves could attack the prey.
These steps are shown in Figure 2.1[4].

Hunting behaviour of grey wolves: (A) chasing, approaching, and tracking

prey (B-D) pursuiting, harassing, and encircling (E) stationary situation and attack
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Figure 2.1
In GWO algorithm encircling prey is applied by equation (7) and (8).

D =|C.X,(t) — X()] ™
f(t +1)= Fp{t} ~AD (8)

In formula t represents the iteration, Xp vector is the direction of prey, X vector

represent the wolves places Aand € coefficent vector is calculated by equations
(9) and (10)

i-2i7-a o
E = Z.F;; (10)



2. ALGORITHMS Fatma OZYURT

Vector a is decreased from 2 to 0 by iteration number , rl and r2 are
random values in (0,1) range. Wolves updates their position by equations (7) and
(8). During the hunting prey’s location is not certain. Hence the alpha wolves
position is accepted the best solution for prey location. Because alpha wolf is the
closest wolf to the prey.In the hierarchy of pack other wolves are not allowed to
attack prey. As a result of this rule whole wolves updates their position according

dominant wolves’ positions in equation (11).

— =

—_— -+ — -+ — - — —_— -
D, = |Cy.X, — X|. Dg = |C2.Xg — X|. D5 = |C3. X5 — X|
—_— — = —_— — —_— —_— s — —_— —_—
Xy =X, —A3. (D). X2 = Xg — A5.(Dg). X3 = X5 — A3.(Ds)

J—{—(t+1)=X1+X2+X3
’ (11)
After these calculations when prey’s location is found wolves stop
changing their positions.Pseudo code of GWO algorithm is reprensented in Figure
2.2

Initialize the grey wolf pepulation X; (i=1, 2, ., n)
Initialize a, A, and C
Calculate the fitness of each search agent
X, =the best search agent
Xg=rthe second best search agent
X;=the third best search agent
while (t < Max number of iterations)
Sfor each search agent
Lipdate the position af the current search agent by eguation (3.7)
end for
Update a, 4, and C
Calculate the fitmess of all search agents
Update X,, Xz and X;
i=t+1I
end wiile
retfurn X,

Figure 2.2. Pseudo code of GWO algorithm
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3. PREVIOUS WORKS

3.1. Color Quantization Based On Partical Swarm Optimization

The main objective of color quantization is mapping the original image by
set of colors. The set of color in quantized image had to be smaller than original
image [12]. The similarity between the gauntized image and original image must
be increased by colormaps [11].

The color quantizing problem is a NP complete problems [8]. Hence in
color quantizing it is not possible to reaching the global optimal solution. It needs
large amount of time. Enable to solve these types of algorithms different methods
are applied. One of the commonly used method is K-means.

K-means method had been used in color quantizing problems [9], [10]. K-
means method is started the impelmentation by random initial values. This
requirement is leaded to K-means method’s results could be less closest the optimal
values for color quantizing. Solving this problem stochastic optimization models
are applied with K-means in color quantizing.

In this work Partical Swarm Optimization is used with K-means. Partical
Swarm Optimization is an algorithm that is inspired by the behaviours of fish and
birds to reach the optimal solution. PSO minimizes the effects of initial values to

reach optimal solution.

3.1.1. Clustering Approaches
3.1.1.1. Pre-Clustering Approaches

Pre-clustering method is dividing the original image into regions which has
different part of image. The colors for colormap can be selected from each
region.The division of clustering can be done different methods.

Median Cut Algorithm is used because of easy applications in image
processings. It seperates the regions into rectangular boxes by the median of colors

up to iteration number.
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The varince — based algorithm seperates the regions into rectangular boxes
due to mean square errors of boxes between colors.

The octree quantization builds a tree structure containing always a
maximum of n different colors. If a further color is to be added to tree structure, its
color value has to be merged wtih most likely one that is already added in the
tree.The both values are subsituted by their mean.Octree algorithm results are same
as Median Cut Algorithm but Octree Algorithm is more faster than Median Cut
Algorithm.

The disadvantage of pre-clustering approaches is just working with color

spaces of geometric characters.

3.1.1.2. Post-Clustering Approaches

Post-clustering approaches works on clustering by the color spaces. Post —
clustering is used by initial random colormaps. Post-clustering methods is forced
by iterations to gain much better colormaps. But the most important disadvantage
is the time —consuming [11].

The K-means method is the commonly used post-clustering algorithm. K-
means strated with initial colormaps. Then each colors in image are assigned into
the suitable clusters of K means. The process is iterated until reaching the best
results for colormaps. The disadvantage of K means is the dependency of initial
colormaps.

Self-Organizing Maps is used for color quantizing. Self-Organizing Maps
method changes the initial colormaps by exchancing the colors in image. This
process had time consuming problem, hence later the closest colors in image is

exchanged with colormaps color.

3.1.2. Color Quantization with Post-Clustering Based on PSO
In color quantizing PSO post-clustering method K-means is applied for new

colormaps.In this work fitness function had been the Euclidian Distance of color
10
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spaces. At first step of color quantizing centroids of clusters are selected randomly.
Then for each pixel the fitness function is calculated.After calculations each pixel
is assign to the closest centroid.

At the end of one swarm all centroids are updated by PSO algorithm’s
velocity and position formulas. Each clusters centroids’ local best and global best
value is selected in one swarm. At the end of stopping criteria global best cluster is
selected as the best colormap in order to quantize image.PSO-CIQ clustering is
applied in different K colors.

Here is the psuede code of color quantizing PSO by post-clustering Figure
3.1:

The PSO-CIQ algorithm is summarized below:

1. Imitialize each particle by randomly choosing K
color triplets from the image.
2. Fori=1 t0 fmax
{a) For each particle 7
1. Apply E-means for a few iterations with a

probability propean..
11. For each pixel 7,

Calculate d”( z, —m,; ) for all clusters C; .
Assign zto C, ., where
2 : {52
d (zp —m, ;)= min _1@' (:,p - mik)}
vE=l... . K
i11. Calculate the fitness, f(x,)

{b) Find the global best solution 1,(?}
{c) Update the centroids using Eq.'s 6 and 7

Figure 3.1. Psuede code of color quantiizng PSO by post-clustering

Here is the fitness function of algorithm. All centroids color spaces is

measured according to each pixel.

11
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Z Z(zp - mka

=17z, =C,

MSE =

Figure 3.2. Mean squared error

Table 3.1. Quantization MSE results for the Lenna image using PSO-CIQ

K colors PSO-CIQ

16 210.203 + 1.487
32 119.167 + 0.449
64 77.846 + 16.132

¢) 32 colors d) 64 colors

Figure 3.3. Quantization results for the Lenna image using PSO-CIQ [2]

12



3. PREVIOUS WORKS Fatma OZYURT

3.2. Color Quantization Based On Differential Evolution Optimization

Differential Evolution Algorithm is a population based meta-heuristc
algorithm [13-15]. DE algorithm is commonly prefered algorithm because of its
simple application, less parameters and fast closed results to local optimal
solutions. DE algorithm is a better selection than PSO algorithm enable to solve NP
—Hard color quantizing problem [16].

The performance of algortihm is depended on F and CR parametres. Hence
it is hard to give decide about the value of these parametres. Because of situation
these parametres are decided during the evolution of algorithm. It is called Self-
Adaptive Differential Evolution (SaDE-CIQ) [19, 20].

In SaDE-CIQ K-means is applied to for the post clustering of image. K-
means algorithm used for the post-clustering to divide the original image into
regions. The objective of applying K-means method to performe better selections
to create the colormaps.

In SaDE-CIQ post clustering method is used. Hence it is started by random
colormaps. After the random initial colormaps a few K-means iterations are
applied. By these few iterations first sample colormaps is created and then the
implementations of DE is applied . New cluster centroids are decided by the DE

operations and parametres.

3.2.1. A Self-Adaptive Mechanic and a Mixed Mechanic of DE

In impelemantation of Differential Evolution it is hard to decide to set the
right values of F and CR parametres. Enable to select the best value for these
parametres, the solution is calculating the values of F and CR in the
implementation of evolutions self-adaptively. In self-adaptively DE F and CR

coefficents are calculated by the following equations[19-20]:

13
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B = 0.1 + rand = 0.9, if rand < 0.1,
Fi, otherwise,

T rand, if rand < 0.1,
CR’ = i :
CR/, otherwise.

Figure 3. 4.

The disadvantage of selecting the values of parametres self-adaptively
could effect negatively performance of DE. Enable to decrease the effect of
disadvantage K-means algorithm is applied. K-means is applied to select the most
suitable colormaps for color quantizing by DE. K-means Algorithm is improved
the selection of optimal colormaps to quantize the original image.

3.2.2. Color Quantizing Based on A Self-Adaptive DE

In the implemention of selection of optimal colormaps to quantize the
original image. By meta-heuristic algorithms time—consuming is the most common
problem. According to solve this problem post clustering and pre clustering
methods are applied. These clustering methods are performed by the color spaces

of colors [21]. In meta-heurisctic algorithm DE applications, in order to solve

time-consuming problem post-clustering methods are applied.

In NP-Hard color quantizing problem, meta-heuristic. Differential
Evolution algorithm is applied. In order to solve time consuming problem post
clustering method is applied by K-means algorithm.

In post-clustering by K-means initial colormaps are used by K colors. Each
color in original image is assigned the most suitable clusters according to their
color distance.

Color spaces is calculated by the the fitness function. The euclidan
equation is used as the fitness function in order to calculate the color spaces of

colors. By K-means algorithm original image is divided into K clusters, then

14
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clusters are improved by the equations of DE algorithm. Here is the pseude code of
color quantizing of Self-Adaptive DE (SaDE-CIQ) algorithm Figure 3.5

Input color image I = {z}
Set parameters NP, t__ . p
%" = rand(0,1)-255,i = 1,2,...,D
0= (16w, = 1,2, NP //population initialization
F =0.5,CR=0.6
fort=0tot_ .
Select a small number of individuals from current population according to p, and adjust them by K-means.
forj=1,2,..., NP
:r'ub:r'J, = rand(1, D)
ifx — & < 100
uJ.J — xfl.' +F- ()‘.J'z.J _ )_:I:,.J)
else ™ = "' 4+ F . [(x7 - %) %100]
Update F by formulas (5)
fori=12...,D
iful* <0then y* =0
else if " > 255 then y* = 235
else M = u
end if
end If /i mutation
rand, = rand(0, 1)
ifrand, < CRor = mbr, then z* = y*
else 2" = x” //crossover
e C ey
Update CR by formulas (6)
Calculate g (x**) and g (")
ifg(x")>g [:z“} then x"*! = 2
Il _ gl J/selection

else x’
Find the global optimal solution x™ = (xbla“, xg“‘. . .x:fﬁ}

Output the optimal colormap {¢;.¢..... ¢} .G, = {x"""‘ T :].A =1,2,....K

N 130" 23— 34k
Construct the quantized image I

Figure 3.5. Pseude code of CQ Self-Adaptive DE (SaDE-CIQ) algorithm

15
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c) MSE=12097 d) MSE=8.24
Figure 3.6. Quantization results for SaDE-CIQ [2]

16



4. MATERIAL AND METHOD Fatma OZYURT

4. MATERIAL AND METHOD

4.1. Implementation of Partical Swarm Optimization

In PSO algorithm the swarm has members that is called particals. The aim
of the algorithm is calculating the fastest and best partical according to swarm.
Other particals velocities and positions are calculated according to the best
partical.In calculations of best particle, each particals’ present best velocities are
compared with their previous velocities. Particals are updated by best velocity as
their new velocity. Then the positions of particals are calculated and updated
according to best particle.

In color quantizing by PSO, each partical is accepted a palette. In this
research swarm is occurred by color palettes as its particals. In the survey each
palette had eight colors. Steps of swarm velocity calculations are applied to achive
new best palette.

PSO is a meta-heuristic algorithm.[1] Hence the initialization step of
swarm is applied by creating new random colors for new palettes. Each color had
three Red-Green-Blue components in (0,255) range randomly. Then new
colormaps are created by their new colours.

In color quantizing of PSO fitness function had been used as the color
difference of euclidian equation function. The color difference is measured
between two colors in fitness function. One of these colors is indicated each
palettes of color and also the closest color of palette is shown as the second color.
Difference of each color is summed up then the result gave the error of palette
according to the image.Then the error calculations of each palette is divided into
1000 in order to show in small number range enable to represent in graphics.

The initialization step of algorithm is started by given a random constant
number for velocity. First randomly created palettes had also been the local bests of

swarm. In order to calculate the global best of palettes fitness function is applied

17
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each palette. Least error palette is chosen as the global best of swarm. Each
iteration is updated by new best of locals and globals.

After the initialization step iteration had started in order to calculate new
velocitis and positions of particals by equation (3).In color quantizing by PSO after
eight colors’ RGB values are set by new ones with equation (3) one partical’s
velocity calculation is completed.

In this step partical’s present velocity and previous velocity are compared
by fitness function. In this work calculation of partical’s velocity means creating
new palette. Hence in fitness function new palette and previous palette error is
measured. Least error palette is chosen as local best of particals. At the end of
iteration global best is selected from best of locals.

In color quantizing by PSO global best of partical means best palette in
order to quantize the image.In this survey PSO algorithm is implemented by 10 and
20 particals.

4.2. Implementation of Differential Evolution

One of another meta-heuristic algorithm is Differential Evolution
Algorithm. It has three major parametres as NP population size, F mutation
coefficient and CR crossing over-rate coefficient.In color quantizing processes the
effects of these parametres which are calculated in different mutation strategies.

In color quantizing by DE works NP: 30, F: 2 and CR coefficient in (0, 1)
range .CR coefficient had been changed in (0, 1) range in different mutation
strategies of DE.

In this work every individuals of population is accepted as palette.Each
palette had eight colors. These colors of palette is accepted a gene of individuals.
Each of them had eight genes. As a result of these acception for all steps of DE
about creating new population is applied each colors in order to get new palettes.
After creating eight colors a palette had created as the individuals of initial target

population.
18
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In color quantizing DE algorithm fitness function is the color difference by
euclidian equation. Color difference is calculated by differences of Red-Green-
Blue component of colors by Euclidian Equation (1). At last step of palette error
calculation,results are divided into 1000 to represent in graphic into small range
numbers.In mutation step each color’s RGB components are calculated by the
mutation equation formulas in order to estimate new colors as new genes in
algorithm.

In mutation step of DE random palettes are selected in order to mutate the
gene and create a donor gene.

In this step of algorithm, different mutation strategies are applied to the
individuals in order to create new donor population. These strategies are
RAND_1 BIN, RAND_2 BIN, BEST_1 BIN, BEST_2_BIN.The performance of
these mutation strategies are measured by different CR values in (0,1) range.

In recombination step there was a decision by a random value according to
equation (5). If random value less or equal to CR,new individual is selected from
donor gene else new gene is selected from target gene for new donor gene. In color
quantizing of DE each color of palette is calculated by the formulas of mutation
strategies. Then new palette is created. In recombination step if CR less or equal to
random value new gene is chosen from donor population else random gene from
trial population is choosen. By repeating this step for eight times an individual (a
palette) is created.

In the last step of selection, new created palettes error is calculated
according to the image by fitness function. Least error palette is selected as the best
individual of population.

After all steps of application of DE the image is redrawn by best palette
and quantized by less colors.

DE is a meta-heuristic algorithm.[2].This means initial values of algorithm
is selected randomly.In order to test the reliability of algorithm for every iteration

in every CR values are repeated ten times more.
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4.2.1. Rand_1_Bin Mutation Strategy
In color quantizing DE after initialization steps Rand_1_Bin mutation step
is applied by formula (12):

Vi = Tp1 T ]*1]_(-'.1'}2 - "r'?‘3) (12)

New individuals are selected. According to the formula with randomly
selected individuals and then new individuals are created.

In color quantizing DE Rand_1 Bin mutation strategies performance is
measured by changing CR coefficient value in (0, 1) range.

4.2.2. Rand_2_Bin Mutation Strategy

In color quantizing DE after the selection of random individuals
(palettes).New individuals are created by equation (13) :

v; = 21+ Fi(@rg — 03 + 2pg — 245) (13)

4.2.3. Best_1 Bin Mutation Strategy
In color quantizing DE after the selection of random individuals (palettes).

New individuals are created by equation (14) :
Ui = Tpest T Fl(If'? - Irﬁ]

(14)

Xpest Value is selected by least error palette in current iteration.In every

iteration is also updated by better palette.
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4.2.4. Best_2_Bin Mutation Strategy
In color quantizing DE after the selection of random individuals
(palettes).New individuals are created by equation (15) :

Ui = Tpest + (IrQ —Tp3 FTpg— ‘TT-S) (15)

Xpest Value is selected by least error palette in current iteration.In every
iteration is also updated by better palette.

4.3. Color Quantizing By Grey Wolf Optimization Algorithm

In this task color quantizing procces is applied by the hunting strategy of
grey wolves. Achiving best palette for color quantizing, color differences are
calculated by RGB color space. By euclidian equations whole pixels’ color
difference is measured by Red-Green-Blue components of each color.

Similar colors between palettes and the image had low differences. Each
palette differences between the image is measured by colors. In GWQO color
guantizing euclidian function had been fitness function.

By fitness function in GWO, each palatte’s error is calculated by the color
differences between palettes.

In implemetation of GWO to the color quantizing, each wolf is accepted as
a palette. GWO algorithm aim is to find the alpha wolf position which is the closest
wolf to the prey after all iterations. Alpha wolf position is accepted the prey’s
location [1]. As the result of this rule of algorithm alpha wolf position is the best
palette for color quantizing GWO. The goal of this survey is searching the best
palette like wolf’s prey searching.

According to priority rule of wolves dominant palettes are also named

alpha, beta and delta palettes respectively.
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During the calculations of best palette every steps searching prey steps of
GWO is applied to the color quantizing, creating new colors in order to gain new
palettes.

As mentioned before each palette is accepted as wolf. In GWO while
wolves are searcing a prey and they could search X and Y coordinate to find the
prey. In color quantizing GWO that each palette had eight color which means each
of wolves had eight dimensions. In order to find more qualified and clear results
palettes had eight dimensions.

In initialization of palettes (wolves), colors are selected by randomly in
(0,255) range. Each palette had eight colors and each color had Red-Green-Blue
three dimensions.

Each dimension of colors are selected randomly then new color is created.
During color creating, maximum range had been less and equal to 255 and
minimum range greater and equal to 0. Otherwise no color can be represented out
of those ranges. After eight colors are finished then new palette had been created.

After initialization of palettes and each error of palettes are calculated
according to the original image. At last step of palette error calculation,results are
divided into 1000 to represent in graphic into small range numbers.

Before the iterations least error palette had selected as alpha wolf , second
least error palette is selected as beta wolf and third least error palette is selected as
delta wolf. During the iterations colors of palettes (wolf’s position) are updated by
the equation (7) and (8).

In each iterations each palette is created by the steps of GWO . (Equation
(7), (8), (9), (10), (11)). New palette’s error is calculated by fitness function and
sorted by their error value. First three palettes which have least errors , are selected
new alpha palette ,beta palette, delta palette respectively. At the beginning of new
iterations whole dominant wolves’positions are updated then other wolves are

updated their location by new dominant position of wolves.
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At the end of iteration number best alpha wolf is selected as the best palette
that had least error palette between original images in order to quantize the image.

23
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5. RESEARCH AND DISCUSSION

5.1. Results of Color Quantizing Based on PSO

PSO algorithm is also a meta-heuristic algorithm. [1] This means the
initialization step of algorithm is implemented by random values. Hence enable to
test the realiability of algorithm each niteration number is repeated ten times. The
algorithm is tested to work properly via this experiment.

The n times iterations’ results and n*ten iterations had gave the similar
results. It is proofed that in color quantizing PSO when iteration and partical
numbers is increased and error of global best is decreased.

The least palette error is achived by PSO in color quantizing .The main
disadvantage of PSO have been time consumption. Because of implementation
duration, wents on long hours, only 20 particals can be computed in the algorithm.

At last step of palette error calculation, results are divided into 1000 to
represent in graphic into small range numbers. Figure 5.1 represents the n times
iterations of PSO :

Error

5
4,5
4 Partical
3,3 Number
3
)5 10
2 20
1,5
1
0,5
0
25 50 75 100
Iteration Number

Figure 5.1. Iterations of n times PSO (Flowers)
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Figure 5.2 Average of n *ten times iterations of PSO (Flowers) :

Error

5
45
a4
35 Partical Number
3
2,5 —10
2 —20)
1,5
1 -'—-—-_._______‘ __________._--
0,5
0

25 50 75 100
Iteration Number

Figure 5.2. Average of n*ten times iterations of PSO (Flowers)

Figure 5.3 represents Median of n*ten times iterations of PSO (Flowers) :

Median of Error
5

45
a
35 Partical Number
3
2,5
2
1,5
1 """---._.________; —
0,5
0

25 50 75 100
Iteration Number

Figure 5.3. Median of n*ten times iterations of PSO (Flowers)
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Figure 5.4 represents STDDEV of n*ten times iterations of PSO
(Flowers):

Standart Deviation of Error

5

45
4
35 Partical Number
3 —10
25 —_—20
2
15
1
0,5 — E—

0
25 50 75 100

Iteration Number

Figure 5.4. STDDEV of n*ten times iterations of PSO (Flowers)

Figure 5.5 represents IOR of n*ten times iterations of PSO (Flowers):

IOR of Error
5
45
4
35 Partical Number
3
25 —10
2 —20
1,5
1

0,5 _/
e

0

25 50 75 100
Iteration Number

Figure 5.5. IOR of n*ten times iterations of PSO (Flowers)
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Figure 5.6 represents Original Image Flowers

BCCL 2016. ALL RIGHTS RESERVED.

Figure 5.6. Original Image Flowers

Figure 5.7 represents PSO quantized image at 100 iteration at 20 particals

© BCCL 2016. ALL RIGHTS RESERVED.

Figure 5.7. PSO quantized image at 100 iteration at 20 particals
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Figure 5.8 represents Iterations of n times PSO (Lenna):

Error
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Figure 5.8. Iterations of ntimes PSO (Lenna)

Figure 5.9 represents the average of n*ten times iterations of PSO (Lenna):
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Figure 5.9. Average of n*ten times iterations of PSO (Lenna)
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Figure 5.10 represents the median of n*ten times iterations of PSO
(Lenna):

Median of Error
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06 Partical Number
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Figure 5. 10. Median of n*ten times iterations of PSO (Lenna)

Figure 5.11 represents the STDDEV of n*ten times iterations of PSO

(Lenna):

Standart Deviatioin of Error
1
0,9
0,8
0,7
0,6
05 — 10
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Figure 5. 11. STDDEYV of n*ten times iterations of PSO (Lenna)
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Figure 5.12 represents the IOR of n*ten times iterations of PSO (Lenna):
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Figure 5.12. IOR of n*ten times iterations of PSO (Lenna)

Figure 5.13 represents Original Image Lenna

Figure 5.13. Original Image Lenna
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Figure 5.14 represents PSO quantized image at 100 iteration at 20 particals
(Lenna)

Figure 5. 14. PSO quantized image at 100 iteration at 20 particals (Lenna)

Figure 5.15 represents Iterations of n times PSO (Baboon):
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Figure 5.15. Iterations of n times PSO (Baboon)
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Figure 5.16 represents the average of n times iterations of PSO (Baboon):
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Figure 5.16. Average of n*ten times iterations of PSO (Baboon)

Figure 5.17 represents the median of n*ten times iterations of PSO
(Baboon):
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Figure 5.17. Median of n*ten times iterations of PSO (Baboon)
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Figure 5.18 represents the STDDEV of n*ten times iterations of PSO
(Baboon):
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Figure 5. 18. STDDEYV of n*ten times iterations of PSO (Baboon)

Figure 5.19 represents the IOR of n*ten times iterations of PSO (Baboon):
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Figure 5.19. IOR of n*ten times iterations of PSO (Baboon)
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Figure 5.20 represents Original Image Baboon

Figure 5.20. Original Image Bab 7

Figure 5.21 represents PSO quantized image at 100 iteration at 20 particals

Figure 5.21. PSO quantized image at 100 iteration at 20 particals
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5.2. Results of Color Quantizing Based on DE

DE is meta-heuristic algorithm. Hence the implementation of algorithm
had been started by initial random values. Because of these situation in order to test
the reliability of experiment every iteration at every CR values are iterated number

* ten times.

5.2.1. Rand_1 Bin Mutation Strategy

Rand_1 Bin mutation strategy number of iterations had repeated ten times
then the average , median , standard deviation , interquartile range of these values
are calculated.In the graphics error had been divided into 1000 in order to show
error in small ranges.

Researches showed that in Rand_1_Bin mutation strategy at CR: 0.2 in 50"
iteration at Flowers, CR: 0.1 at 25" iteration at Lenna, CR: 0.3 at 50" iteration at
Baboon. Averge, median, standart deviation and interquartile range shows the
details in iterations. By average values, it is seen that best values in Rand_1_Bin
mutation strategy had reached at CR: 0.2 and 0.8 values at 75 " iterations for
Flowers image, CR: 0.2 at 100" iterations for Baboon image and CR:0.2 at 100"

iterations for Lenna image.
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Figure 5.22 shows n times iterations’ values of Rand_1_Bin strategy at

flowers picture:
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Figure 5. 22. n times iterations’ results of Rand_1_Bin strategy (Flowers)

Figure 5.23 represents the average of n iterations’ results of Rand_1 Bin

(Flowers):
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Figure 5.23. Average of n iterations results of Rand_1_Bin (Flowers)
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Figure 5.24 represents the median of n*ten times iterations’ results of
Rand_1_Bin (Flowers):
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Figure 5.24. Median of n *ten times iterations’ results of Rand_1 Bin (Flowers)

Figure 5.25 represents the STDDEV of n *ten times iterations’ results of
Rand_1 Bin (Flowers):
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Figure 5.25. STDDEV of n *ten times results of Rand_1_Bin (Flowers)
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Figure 5.26 represents the IOR of n*ten times iterations’ results of
Rand_1_Bin (Flowers):
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Figure 5.26. IOR of n *ten times iteration results of Rand_1_Bin (Flowers)

Figure 5.27 represents Original Image Flowers

CL 2016. ALL RIGHTS RESERVED.

Figure 5.27. Original Image Flowers
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Figure 5.28 represents Rand_1_Bin quantized image at CR: 0.2 50th

iteration

CL 2016. ALL RiGHTS RESERVED.

Figure 5.28. Rad_l_Bin guantized image at CR: 0.2 50th iteration

Figure 5.29 represents n times iterations’ values of Rand_1 Bin strategy

(Lenna):
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Figure 5.29. n times iterations’ values of Rand_1_Bin strategy (Lenna):
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Figure 5.30 represents the average of n iterations’ results of Rand_1_Bin
(Lenna)
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Figure 5. 30. Average of n iterations results of Rand_1_Bin (Lenna)

Figure 5.31 represents the median of n*ten times iterations’ results of
Rand_1_Bin (Lenna):
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Figure 5.31. Median of n *ten times iterations’ results of Rand_1 Bin (Lenna)
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Figure 5.32 represents the STDDEV of n *ten times iterations’ results of
Rand_1_Bin (Lenna):
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Figure 5.32. STDDEV of n *ten times results of Rand_1 Bin (Lenna)

Figure 5.33 represents the IOR of n*ten times iterations’ results of
Rand_1_Bin (Lenna)
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Figure 5.33. IOR of n *ten times iteration results of Rand_1_Bin (Lenna)
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Figure 5.34 represents Original Image Lenna

Figure 5.34. Original Image Lenna

Figure 5.35 represents Rand_1 Bin quantized image at CR: 0.1 100th
iteration

1 ‘L ‘ N F k .N
Figure 5.35. Rand_1_Bin quantized image at CR: 0.1 100th iteration
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Figure 5.36 represents n times iterations’ values of Rand_1_Bin strategy
(Baboon):

Error

45
1

3,5 Iteration Number

5 25
2,5 =0
5 75
15 100
1
0,5
0

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
CR

Figure 5. 36. n times iterations’ values of Rand_1_Bin strategy (Baboon)

Figure 5.37 represents the average of n iterations’ results of Rand_1 Bin
(Baboon)
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Figure 5.37. Average of n iterations results of Rand_1_Bin (Baboon)
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Figure 5.38 represents the median of n*ten times iterations’ results of
Rand_1_Bin (Baboon):
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Figure 5.38. Median of n *ten times iterations’ results of Rand_1 Bin (Baboon)

Figure 5.39 represents the STDDEV of n *ten times iterations’ results of
Rand_1 Bin (Baboon):
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Figure 5.39. STDDEYV of n *ten times results of Rand_1_Bin (Baboon)
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Figure 5.40 Represents the IOR of n*ten times iterations’ results of
Rand_1_Bin (Baboon):
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Figure 5.40. IOR of n *ten times iteration results of Rand_1_Bin (Baboon)

Figure 5.41 Represents Original Image Baboon

Figure 5.41. Original Image Baoon o
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Figure 5.42 Represents Rand_1_Bin quantized image at CR: 0.3 25th

iteration

R: 0.3 25th iteration

Figure 5.42. Rand_1_Bin quantized

5.2.2. Rand_2_Bin Mutation Strategy

Rand_2_Bin mutation strategy number of iterations had repeated ten times
then the average , median , standard deviation , interquartile range of these values
are calculated.In the graphics error had been divided into 1000 in order to show
error in small ranges.

Researches showed that in Rand_2_Bin mutation strategy at CR: 0.3 in 75"
iteration at Flowers, CR: 0.1 at 75" iteration at Lenna, CR: 0.2 at 75" iteration at
Baboon. Averge, median, standart deviation and interquartile range shows the
details in iterations. By average values, it is seen that best values in Rand_2_Bin
mutation strategy had reached at CR: 0.2 and 0.8 values at 75 " iterations for
Flowers image, CR: 0.2 at 25" jterations for Baboon image and CR: 0.3 at 251

iterations for Lenna image.
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Figure 5.43 Represents the n times iterations’ results of Rand_2_Bin

strategy Flowers:
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Figure 5.43. n times iterations’ results of Rand_2_Bin strategy (Flowers)

Figure 5.44 Represents the average of n*ten times iterations’ results of
Rand_2_Bin strategy (Flowers):
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Figure 5.44. Average of n*ten times iterations’ results of Rand_2_Bin strategy
(Flowers)
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Figure 5.45 Represents the median of n*ten times iterations’ results of

Rand_2_Bin strategy (Flowers):
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Figure 5.45. Median of n*ten times iterations’ results of Rand 2 Bin strategy

(Flowers)
Figure 5.46 Represents the STDDEV of n*ten times iterations’ results of

Rand_2_Bin strategy (Flowers):
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Figure 5.46. STDDEV of n*ten times iterations’ results of Rand_2_Bin strategy

(Flowers)
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Figure 5.47 Represents the IOR of n*ten times iterations’ results of
Rand_2_Bin strategy (Flowers):
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Figure 5.47. IOR of n*ten times iterations’ results of Rand_2_Bin strategy
(Flowers)

Figure 5.48 represents Original Image Flowers

BECCL 2016. Al GHTS RESERVED.

Figure 5.48. Original Image Flowers
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Figure 5.49 represents Rand_2_Bin quantized image CR: 0.3 in 75
iteration

Figure 5.49. Rand_2in quantized image at CR: 0.3 in 75 iteration

Figure 5.50 Represents the n times iterations’ results of Rand_2_ Bin
strategy Lenna:
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Figure 5. 50. n times iterations’ results of Rand 2 Bin strategy (Lenna)
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Figure 5.51 represents the average of n*ten times iterations’ results of

Rand_2_Bin strategy (Lenna)
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Figure 5.51. Average of n*ten times iterations’ results of Rand_2_Bin strategy
(Lenna)

Figure 5.52 represents the median of n*ten times iterations’ results of

Rand_2_Bin strategy (Lenna)
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Figure 5.52. Median of n*ten times iterations’ results of Rand_2_Bin strategy

(Lenna)
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Figure 5.53 represents the STDDEV of n*ten times iterations’ results of
Rand_2_Bin strategy (Lenna)
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Figure 5.53. STDDEV of n*ten times iterations’ results of Rand_2_Bin strategy

(Lenna)

Figure 5.54 represents the IOR of n*ten times iterations’ results of

Rand_2_ Bin strategy (Lenna)
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Figure 5.54. IOR of n*ten times iterations’ results of Rand_2_Bin strategy (Lenna)
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Figure 5.55 represents Original Image Lenna

Figure 5.55. Original Image Lenna

Figure 5.56 represents Rand_2_Bin quantized image at CR: 0.3 in 25th

iteration

Figure 5. 56. Rand_2_Bin quantized image at CR: 0.3 in 25th iteration
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Figure 5.57 represents the n times iterations’ results of Rand_2_Bin
strategy Baboon:
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Figure 5.57. n times iterations’ results of Rand_2_Bin strategy (Baboon)

Figure 5.58 represents the average of n*ten times iterations’ results of

Rand_2_Bin strategy (Baboon)
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Figure 5.58. Average of n*ten times iterations’ results of Rand_2_Bin strategy

(Baboon)
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Figure 5.59 represents the median of n*ten times iterations’ results of

Rand_2_Bin strategy (Baboon)
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Figure 5.59. Median of n*ten times iterations’ results of Rand_2_Bin strategy
(Baboon)

Figure 5.60 Represents the STDDEV of n*ten times iterations’ results of
Rand_2_ Bin strategy (Baboon)
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Figure 5.60. STDDEV of n*ten times iterations’ results of Rand_2_Bin strategy

(Baboon)
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Figure 5.61 Represents the IOR of n*ten times iterations’ results of
Rand_2_Bin strategy (Baboon) :
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Figure 5.61. IOR of n*ten times iterations’ results of Rand_2_Bin strategy
(Baboon)

Figure 5.64 represents Original Image Baboon

Figure 5.62. Original Image Baboon o
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Figure 5.63 represents Rand_2_Bin quantized image at CR: 0.2 in 25"

iteration

Figure 5.63. Rand_2_Bin quantized image at CR: 0.2 in 25" iteration

5.2.3. Best_1 Bin Mutation Strategy

Best_1 Bin mutation strategy number of iterations had repeated ten times
then the average , median , standard deviation , interquartile range of these values
are calculated.In the graphics error had been divided into 1000 in order to show
error in small ranges.

Researches showed that in Best_1_Bin mutation strategy at CR: 0.2 in 50"
iteration at Flowers, CR: 0.3 at 25" iteration at Lenna, CR: 0.1 at 25" iteration at
Baboon. Averge, median, standart deviation and interquartile range shows the
details in iterations. By average values, it is seen that best values in Best_1_Bin
mutation strategy had reached at CR: 0.2 and 0.6 values at 25 " iterations for
Flowers image, CR: 0.1 at 25" iterations for Baboon image and CR: 0.2 at 100"
iterations for Lenna image.

Figure 5.64 represents the results of n times iterations of Best_1_Bin

strategy (Flowers):
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Figure 5.64. n times iterations of Best_1_Bin strategy (Flowers)

Figure 5.65 represents the average of n*ten times iterations’ results of
Best_1_Bin strategy (Flowers):
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Figure 5. 65. Average of n*ten times iterations’ results of Best_1_Bin strategy
(Flowers)
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Figure 5.66 represents the median of n*ten times iterations’ results of
Best_1_Bin strategy:
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Figure 5.66. Median of n*ten times iterations’ results of Best_1 Bin strategy

(Flowers)

Figure 5.70 represents the STDDEV of n*ten times iterations’ results of

Best_1_Bin strategy (Flowers):
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Figure 5.67. STDDEV of of n*ten times iterations’ results of Best_1_Bin strategy

(Flowers)
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Figure 5.68 represents the IOR of of n*ten times iterations’ results of

Best_1_Bin strategy (Flowers):
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Figure 5. 68. IOR of n*ten times iterations’ results of Best_1 Bin strategy

(Flowers)

Figure 5.69 represents Original Image Flowers
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Figure 5.69. Original Image Flowers
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Figure 5.70 represents the quantized image by Best_1_Bin strategy at CR:
0.2 in 50" iteration:
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Figure 5.70. quantized image by Best_ 1 Bin strtegy at CR: .2 in 50" iteration

Figure 5.71 represents the results of n times iterations of Best 1 Bin

strategy (Lenna):
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Figure 5.71. n times iterations of Best_1 Bin strategy (Lenna)
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Figure 5.72 represents the average of n*ten times iterations’ results of
Best_1_Bin strategy (Lenna):
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Figure 5.72. Average of n*ten times iterations’ results of Best_1_Bin strategy

(Lenna)

Figure 5.73 represents the median of n*ten times iterations” results of

Best_1 Bin strategy:
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Figure 5.73. Median of n*ten times iterations’ results of Best_1_Bin strategy
(Lenna)
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Figure 5.74 represents the STDDEV of n*ten times iterations’ results of

Best_1_Bin strategy (Lenna):
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Figure 5.74. STDDEV of of n*ten times iterations’ results of Best_1 Bin strategy
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Figure 5.75 represents the IOR of of n*ten times iterations’ results of

Best_1 Bin strategy (Lenna):
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Figure 5.75. IOR of n*ten times iterations’ results of Best_1 Bin strategy (Lenna)
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Figure 5.76 Represents Original Image Lenna

Figure 5.76. Original Image Lenna

Figure 5.77 represents the quantized image by Best_1_Bin strategy at CR:

0.1 in 25" iteration:

Figure 5.77. Quantized image by Best_1_Bin strategy at CR: 0.1 in 25" iteration
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Figure 5.78 represents the results of n times iterations of Best_1_Bin
strategy (Baboon):
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Figure 5.78n times iterations of Best_1_Bin strategy (Baboon)

Figure 5.79 represents the average of n*ten times iterations’ results of

Best_1_Bin strategy (Baboon):
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Figure 5.79. Average of n*ten times iterations’ results of Best_1_Bin strategy
(Baboon)
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Figure 5.80 represents the median of n*ten times iterations’ results of

Best_1_Bin strategy (Baboon):
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Figure 5. 80. Median of n*ten times iterations’ results of Best_1_Bin strategy

(Baboon)

Figure 5.81 represents the STDDEV of n*ten times iterations’ results of

Best_1 Bin strategy (Baboon):

Standart Deviation of Error
1,2

1

0,8

0,4 P

Z

Z
0,2

0

01 02 03 04 05 06 07
CR

06 //\\/ ¥—.

0.8 0.8

Iteration Number
—_—25
50
75
100

Figure 5. 81. STDDEYV of of n*ten times iterations’ results of Best_1_Bin strategy

(Baboon)
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Figure 5.82 represents the IOR of of n*ten times iterations’ results of
Best_1_Bin strategy (Baboon):
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Figure 5. 82. IOR of n*ten times iterations’ results of Best_1_Bin strategy
(Baboon)

Figure 5.83 represents Original Image Baboon

Figure 5.83. Original Image Baoon o
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Figure 5.84 represents the quantized image by Best_1_Bin strategy at CR:
0.1 in 25" iteration:

Figure 5.84. quantized image by Best_1_Bin strategy at CR: 0.1 in 25" iteration

5.2.4. Best_2 Bin Mutation Strategy

Best_2_Bin mutation strategy number of iterations had repeated ten times
then the average , median , standard deviation , interquartile range of these values
are calculated.In the graphics error had been divided into 1000 in order to show
error in small ranges.

Researches showed that in Best_2_Bin mutation strategy at CR: 0.4 in 50"
iteration at Flowers, CR: 0.1 at 25" iteration at Lenna, CR: 0.1 at 50" iteration at
Baboon. Averge, median, standart deviation and interquartile range shows the
details in iterations. By average values, it is seen that best values in Best_1_Bin
mutation strategy had reached at CR: 0.3 and 0.6 values at 50 " iterations for
Flowers image, CR: 0.2 at 100" iterations for Baboon image and CR: 0.2 at 100"

iterations for Lenna image.
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Figure 5.85 represents n times iterations’ results of Best_2_Bin strategy
(Flowers) :
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Figure 5. 85. n times iterations’ results of Best_2_Bin strategy (Flowers)

Figure 5.86 represents the average of n*ten times iterations’ results of

Best_2_Bin strategy (Flowers) :
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Figure 5. 86. Average of n*ten times iterations’ results of Best_2_Bin strategy
(Flowers)
70



5. RESEARCH AND DISCUSSION Fatma OZYURT

Figure 5.87 represents the median of n*ten times iterations’ results of

Best_2_Bin strategy (Flowers) :
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Figure 5.87. Median of n*ten times iterations’ results of Best_2_Bin strategy
(Flowers)

Figure 5.88 represents the STDDEV of n*ten times iterations’ results of

Best 2 Bin strategy (Flowers) :
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Figure 5. 88. STDDEYV of n*ten times iterations’ results of Best_2_Bin strategy
(Flowers)
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Figure 5.89 represents the IOR of n*ten times iterations’ results of
Best_2_Bin (Flowers) :
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Figure 5. 89. IOR of n*ten times iterations’ results of Best_2_Bin (Flowers)

Figure 5.90 represents Original Image Flowers

BCCL 2016: ALL RIGHTS, RESERVED.

Figure 5.90. Original Image Flowers
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Figure 5.91 represents the quantized image by Best_2_Bin strategy at CR:
0.4 at 50" iteration.

Figure 5. 91. Quantized imag by Best_2_Bin strategy at CR :0.4 at 50" iteration

Figure 5.92 represents n times iterations’ results of Best_2_Bin strategy

(Lenna) :
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Figure 5. 92. n times iterations’ results of Best_2_Bin strategy (Lenna)
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Figure 5. 93 represents the average of n*ten times iterations’ results of

Best_2_Bin strategy (Lenna) :
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Figure 5.93. Average of n*ten times iterations’ results of Best_2_Bin strategy
(Lenna)

Figure 5.94 represents the median of n*ten times iterations’ results of

Best 2 Bin strategy (Lenna) :
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Figure 5. 94. Median of n*ten times iterations’ results of Best_2_Bin strategy

(Lenna)
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Figure 5.95 represents the STDDEV of n*ten times iterations’ results of
Best_2_Bin strategy (Lenna):
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Figure 5.95. STDDEV of n*ten times iterations’ results of Best 2 Bin strategy

(Lenna)

Figure 5.96 represents the IOR of n*ten times iterations’ results of
Best_2_Bin (Lenna)
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Figure 5.96. IOR of n*ten times iterations’ results of Best_2_Bin (Lenna)
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Figure 5.97 represents Original Image Lenna

Figure 5.97. Original Image Lenna

Figure 5.98 represents the quantized image by Best_2_ Bin strategy at CR:
0.1 at 25" iteration

Figure 5.98. Quantized image by Best_2_Bin strategy at CR: 0.1 at 25" iteration
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Figure 5.99 represents n times iterations’ results of Best_2_Bin strategy
(Baboon) :
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Figure 5. 99. n times iterations’ results of Best_2_Bin strategy (Baboon)

Figure 5.100 represents the average of n*ten times iterations’ results oOf

Best_2_Bin strategy (Baboon) :
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Figure 5.100. Average of n*ten times iterations’ results of Best_2_Bin strategy
(Baboon)
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Figure 5.101 represents the median of n*ten times iterations’ results of

Best_2_Bin strategy (Baboon) :
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Figure 5. 101. Median of n*ten times iterations’ results of Best_2_Bin strategy
(Baboon)

Figure 5.102 represents the STDDEV of n*ten times iterations’ results of
Best 2 Bin strategy (Baboon) :
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Figure 5. 102. STDDEV of n*ten times iterations’ results of Best_2_Bin strategy

(Baboon)
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Figure 5.103 represents the IOR of n*ten times iterations’ results of
Best_2_Bin (Baboon) :
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Figure 5.103. IOR of n*ten times iterations’ results of Best_2_Bin (Baboon)

Figure 5.104 represents Original Image Baboon

Figure 5.104. Original Image Baboon
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Figure 5.105 represents the quantized image by Best_2_Bin strategy at CR:
0.1 at 25" iteration

Figure 5.105. Quantized image by Best_2_Bin strategy at CR: 0.1 at 25" iteration

5.2.5. Comparisions of Mutation Strategies

In color quantizing by DE Best 2 Bin Mutation strategy had reached the
least error in n*ten times iterations.According to the survey in DE algorithm
Best_2_Bin had been the fastest and had had least error palette.The reliability of
results in whole strategies is tested. Results had been approximetly.Here is the
results table of all strategies.

Tables 5.1, 5.2, 5.3 show the results of all Mutation Strategies of
Differential Evolution Algorithm.

Table 5.1 Mutation Strategies of Differential Evolution Algorithm (Flowers):

Mutation Strategy | Iteration Number CR ERROR
Rand_1_Bin 50 0.2 1.38
Rand_2_Bin 75 0.3 1.39
Best_1_Bin 25 0.2 1.36
Best_2_Bin 50 0.4 1.33
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Table 5.2 Mutation Strategies of Differential Evolution Algorithm (Lenna):

Mutation Strategy | Iteration Number CR ERROR
Rand_1_Bin 100 0.2 0.85
Rand_2_Bin 25 0.3 0.66
Best_1 Bin 100 0.2 0.69
Best_2_Bin 100 0.2 0.64

Table 5.3 Mutation Strategies of Differential Evolution Algorithm (Baboon):

Mutation Strategy | Iteration Number CR ERROR
Rand_1_Bin 100 0.2 2.34
Rand_2_Bin 25 0.2 1.98
Best_1_Bin 25 0.1 1.94
Best_2_Bin 100 0.2 2.20

5.3. Results of Color Quantizing Based on GWO

GWO algorithm is a meta-heuristic algorithm that means the first initial
values are started by random values. Because of random initialization step, in order
to check the reliability of program each n number iteration is repeated n*10 times
again.

After these result the average of n*10 times iterations errors are compared
by the n times iterations. In the representation of graphics error of palettes are
divided into 1000 in order to show error in small range.Results had proofed that in
two calculations error is decreased while partical of numbers and iterations are
increased.

The advantage of GWO had been least error between the image and
quantized image. The disadvantage of GWO had been time consuming. Because of
this disadvantage at eighty particals results can be showed.

Figure 5.106 shows the results of GWO color quantizing n times iterations

(Flowers):
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Figure 5.106. Results of GWO Color Quantizing n times iterations (Flowers)

Figure 5.107 represents the average of n*ten times iterations’ results of
GWO (Flowers) :
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Figure 5.107. Average of n*ten times iterations’ results of GWO (Flowers)
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Figure 5.108 represents the median of n*ten times iterations’ results of
GWO (Flowers):
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Figure 5.108. Median of n*ten times iterations’ results of GWO (Flowers)

Figure 5.109 represents the STDDEV of n*ten times iterations’ results
GWO (Flowers)
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Figure 5.109. STDDEYV of n*ten times iterations’ results of GWO (Flowers)
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Figure 5.110 represents the IOR of n*ten times iterations’ results of GWO
(Flowers)
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Figure 5.110. IOR of n*ten times iterations’ results of GWO (Flowers)

Figure 5.111 represents Original Image Flowers
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Figure 5. 111. Original Image Flowers
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Figure 5.112 represents quantized image in GWO by 70 particals at 100

iteration

© BCCL 2016 ALL RIGHTS RESERVED

Figure 5. 112. Quantized image in GWO by 70 particals at 100 iteration

Figure 5.113 shows the results of GWO color quantizing n times iterations
(Lenna):
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Figure 5.113. Results of GWO Color Quantizing n times iterations (Lenna)
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Figure 5.114 represents the average of n*ten times iterations’ results of
GWO (Lenna):
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Figure 5.114. Average of n*ten times iterations’ results of GWO (Lenna)

Figure 5.115 represents the median of n*ten times iterations’ results of
GWO (Lenna):
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Figure 5.115.Median of n*ten times iterations’ results of GWO (Lenna)
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Figure 5.116 represents the STDDEV of n*ten times iterations’ results
GWO (Lenna):
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Figure 5.116. STDDEYV of n*ten times iterations’ results of GWO (Lenna)

Figure 5.117 represents the IOR of n*ten times iterations’ results of GWO

(Lenna):
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Figure 5.117. IOR of n*ten times iterations’ results of GWO (Lenna)
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Figure 5.118 Represents Original Image Lenna

Figure 5.118. Original Image Lenna

Figure 5.119 represents quantized image in GWO by 70 particals at 100

iteration

: »
Figure 5.119. Quantized image in GWO by 70 particals at 100 iteration
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Figure 5.120 shows the results of GWO color quantizing n times iterations
(Baboon):
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Figure 5. 120. Results of GWO Color Quantizing n times iterations (Baboon)

Figure 5.120 represents the average of n*ten times iterations’ results of
GWO (Baboon):
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Figure 5.121Average of n*ten times iterations’ results of GWO (Baboon)
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Figure 5.122 represents the median of n*ten times iterations’ results of
GWO (Baboon):
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Figure 5. 122. Median of n*ten times iterations’ results of GWO (Baboon)

Figure 5.123 represents the STDDEV of n*ten times iterations’ results
GWO (Baboon):
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Figure 5.123. STDDEYV of n*ten times iterations’ results of GWO (Baboon)
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Figure 5.124 represents the IOR of n*ten times iterations’ results of GWO
(Baboon):
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Figure 5.124. 10R of n*ten times iterations’ results of GWO (Baboon)

Figure 5.125 represents Original Image Baboon

Figure 5.125. Original Image Baboon
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Figure 5.126 represents quantized image in GWO by 70 particals at 100 iteration

Figure 5.126. Quantized iage in GWO y 70 particals at 100 iteration
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6. CONCLUSION

In this thes is color quantization process is implemented by three meta-
heuristic algorithms. Each steps of algorithm are applied to achiving best palette
for quantizing.

Researches showed that the best quantized image had reached by Grey
Wolf Algorithm with 0.34 error by 70 wolves in 100" iteration for Flowers
image,0.14 error by 70 wolves in 100" iteration for Lenna image,0.28 error by 70
wolves in 100" iteration for Baboon image.

Second best quantized image had reached by Partical Swarm Optimization
Algorithm with 0.84 error by 20 particals in 100" iteration for Flowers image,0.35
error for Lenna image by 20 particals in 50" iteration,0.62 error for Baboon image
by 20 particals in 100" iteration.

Last best quantized image had reached by Differential Evolution
Algorithm with 1.33 error by 30 partical at CR: 0.4 in 50" iteration in Best_2_Bin
mutation strategy for Flowers image.

Lenna image error at CR: 0.2 at 100" iteration at Best_2_Bin mutation
strategy.

Baboon image error ar CR: 0.1 at 25" iteration at Best_1_Bin mutation
stategy.

In mentioned above algorithms are ordered by the error value of best

palettes. According to the time-consuming criteria Differential Evolution
Algorithm had been the best algorithm and then Grey Wolf Algorithm is the
second best and Partical Swarm Algorithm had been the last algorithm. Because of
time-consuming of algorithms, PSO could be implemented at just 20 particals,
GWO could be implemented at 80 number wolves. At the same number of particals
in PSO had reached less error with same number of wolves in GWO.

At the end of the survey GWO had reached the best performance in
quantizing. Time-consuming problem also had been better than PSO. Because of

the strict priorty of wolves, it had less standard deviation, less difference between
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interquartile ranges of GWO at randomly initialization step. This could show GWO
had more stable results than the other meta-heuristic algorithms. Finally, we may
express that GWO algoritm had been the best resulted between these three of meta-
heuristic algorithms.

In this work in order to avoid time consuming in meta-heuristic algorithm
clustering methods are had not been applied. In order to have much better
colormaps in GWO, by post or pre clustering new colormaps could be selected to
guantize image with less error. But time consuming could be about to stay however

clustering methods.
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