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ABSTRACT

In this dissertation a Clonal Selection Algorithm (CSA) based system that detected multiple
instances of circles, quadrilaterals and triangles in an image scene was developed. CSA models
how B-cell antibodies of the immune system protect the body from invading antigens. The
developed system eliminated the need for separate implementations of the CSA for detecting
the different shapes in an image. The implementation of the system was done using MATLAB
2015a, the edges and corners in the image scene were first extracted using Canny edge and
Harris corner detectors and the edge-only image was used as the antigen. A candidate solution
was formed by random selection of three (3) edge points to form a circle, four (4) corner points
to form a quadrilateral and three (3) corner points to form a triangle. The CSA iterated until
either an optimal solution (fitness of 1.0) is attained or when a maximum of 100 iterations is
reached. The antibodies with high fitness (above the set threshold of 0.9 on synthetic images
and 0.5 on real images) were then analysed using a distinctness factor to detect all instances of
the desired shapes and eliminate duplicate detections. A repository of five (5) synthetic images
generated with MATLAB 2015a and six (6) real images captured with digital camera were
used to test the performance of the algorithm. Simulation results showed sub pixel accuracy
with Mean Absolute Error (MAE) between 0.44 and 0.52, Mean Squared Error (MSE) between
0.4722 and 0.5208 and Peak Signal to Noise Ratio (PSNR) between 56.9233 and 57.2381 on
the synthetic test images. False Positive Rate (FPR) of 0% and False Negative Rate (FNR) of
3% were gotten on the synthetic images while the FPR and FNR on real images were 4.76% and
3.82% respectively. The implemented CSA had a mean error score of 0.14 for circle detection
compared to 0.36 and 0.34 for Circle CSA and Learning Automata (LA) representing 61.11%

and 58.82% improvements respectively.
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CHAPTER ONE
INTRODUCTION

1.1 Background

The detection of objects and shapes is an important research area in image analysis, attracting
a large number of publications yearly. The successful detection and classification of shapes has
been applied for automatic detection of road signs, inspection of manufactured products, aided
vectorization of drawings, target detection and many other applications (Cuevas et al., 2012a,
Jiang, 2012, Akinlar and Topal, 2013, Li, 2014). Object or shape detection involves searching
images for objects or shapes of interest in order to extract high-level information from the scene
under analysis (Ramirez et al., 2011). The images are usually fed into the system via cameras,
after which the system or algorithm analyses the image to extract relevant information from it

(i.e. the presence or absence of a desired object or shape).

An algorithm for detecting shapes/objects in a scene is considered efficient (Akinlar and Topal,

2013) if it:

—_—

. is able to detect multiple instances of the object(s) of interest in an image;

2. is robust, detecting occluded or overlapping shapes, that is partially complete image of

the desired shape;
3. discriminates between the various shapes present in the image;

4. is robust to noise, being able to detect the presence of the desired object(s) in the presence

of noise;

5. is able to perform its task with little memory requirement, at least the relationship be-
tween image size or dimension and memory requirement should be linear and not expo-

nential;

6. is fast, able to detect the presence or absence of object(s) of interest in real time if possi-

ble.



Object detection can broadly be classified into detection of non-geometric and geometric shapes.

a)

b)

Detection of objects with non-geometric shapes

This involves detection of objects whose physical shape cannot be analysed geometri-
cally. Example of such objects include features like maps, mountains and trees. De-
tecting such shapes or objects can be infeasible using geometrical analysis. It is best
detected using template matching, where an algorithm is trained to detect a template of
the real object. The effectiveness of the algorithm is then tested by presenting test im-
ages of these objects to it. Another strategy is to break down the image of the object into
smaller shapes or features that are characteristic to the particular object and training the
algorithm to detect these smaller features. When presented with an image, the algorithm
searches for these features in the image. Artificial Neural Networks (ANN) has been

used for template matching of non-geometric shapes (Chaki and Parekh, 2011).

Detection of objects with geometric shapes

Man-made features like windows, doors, traffic signs, boxes, balls and walls have ge-
ometric shapes. This category deals with the detection of these shapes which can be
easily analysed geometrically. The properties of these shapes can be fully described by
geometric theorems, for example the distance from the centre of a circle to any point on
its circumference is a constant known as the radius of that circle. Methods for detecting
these shapes make use of these properties to check for their existence in a scene. Though
template matching can also be used for detecting these shapes/objects (Gavrila, 1998),
detection based on geometric properties of these shapes have found wide interests among
researchers. A particular advantage of using the latter is that it eliminates the need for
training the system/algorithm. Hough Transform (HT) based methods are among the
earliest methods used for detection of geometric shapes. However, the memory require-
ment of the algorithm increases tremendously when the dimension of the shape is greater
than two (for example circle dimension is three) (Dasgupta et al., 2010). This has led
to various methods to improve its performance and exploration of other approaches to
shape detection. Some of other approaches to shape detections include: Random Hough

Transform (RHT) (Jiang, 2012), Genetic Algorithm (GA) (Ramirez et al., 2011), Arti-



ficial Immune System (AIS) (Cuevas et al., 2012a), Learning Automata (LA) (Cuevas

et al., 2012b) and Clustering-Based algorithms (Scitovski and Marosevi¢, 2015).

This research uses an Artificial Immune System (AIS) based algorithm known as the Clonal
Selection Algorithm (CSA), to detect the presence of geometric shapes (circles, triangles and
quadrilaterals) in an image. The immune system can detect several antigens with different
characteristics and has memory of past encounters with antigens for more aggressive response
when similar antigens are encountered in the future. These properties make the AIS suitable for
solving multi-objective, pattern recognition and multi-modal problems (Ulutas and Kulturel-

Konak, 2011) - detecting multiple shapes in this case.

1.2 Motivation

The state of the art in automatic detection of geometric shapes involves the development of
algorithms capable of detecting a single shape type. The motivation for this research springs
from the need to have a single system that is capable of detecting multiple shape types in an
image. Such a system eliminates the need of implementing separate algorithms for detecting the
different shape types; and makes the process of multiple shape types detection more efficient

and less time consuming.

1.3 Problem Statement

After extensive search in literature on detection of shapes based on geometric properties, it
has been observed that most researchers focused on the detection of single shapes or multiple
instances of that shape in an image. This means, a user intending to apply these methods for
detecting multiple shape types will have to use separate detection system per shape. This is
inefficient and time consuming when applied to scenarios where multiple shapes need to be

identified and classified.



1.4 Aim and Objectives

The aim of the research is the development of a Clonal Selection Algorithm (CSA) based

system for detection of multiple shapes.
The objectives of the research are as follows:

1. To develop a CSA based system for detection of multiple shapes (circles, triangles and

quadrilaterals) irrespective of their positions, sizes and orientations in an image;

2. To enhance the developed system in 1. to be able to detect multiple instances of these

shapes during a single run of the CSA algorithm and be robust in the presence of noise;

3. To implement the system developed in 1. and 2.; validate by computing the MSE, PSNR,
MAE, and error score on five (5) synthetic images developed using MATLAB; and com-
puting the False Positive Rate (FPR) and False Negative Rate (FNR) on the synthetic

images and six (6) real image scenes captured on digital camera.

1.5 Methodology

The steps taken to achieve the Clonal Selection Algorithm (CSA) for detecting multiple shapes

are:
1. Prepare a repository of images:

(a) Generate, using MATLAB, three (3) synthetic images of multiple circles, quadri-
laterals and triangles in which the shapes are of varying dimensions, positions and
orientation in the image scene and two (2) synthetic images containing a mixture of

the desired and undesired shapes.

(b) Save the locations of the pixels used to generate the shapes. These are used as

ground truth for the images.

(c) Save the generated images in Joint Photographic Experts Group (JPEG) format.



(d) Capture images of circular, triangular and quadrilateral objects using a digital cam-

era and save them on the computer.
2. Develop CSA based systems for detection of circles, triangles and quadrilaterals:
(a) Develop CSA that detects a circle in an image scene.
(b) Develop CSA that detects a triangle in an image scene.
(c) Develop CSA that detects a quadrilateral in an image scene.

3. Enhance the developed CSA systems to detect multiple instances of desired shapes in a

single CSA algorithm:

(a) Develop a system of analysing the CSA memory to extract other detected circles,
that is other antibodies with fitness higher than a set threshold, and compute the

MSE and PSNR when detecting synthetic circles of 1(a).

(b) Apply the system developed in 3(a) for multiple triangles in an image and compute

the MSE and PSNR when detecting synthetic triangles of 1(a).

(c) Apply the system developed in 3(a) for detecting multiple quadrilaterals in an image

and compute the MSE and PSNR when detecting synthetic quadrilaterals of 1(a).
(d) Combine the antibody pools of circle, triangle and quadrilateral detectors.

(e) Develop a CSA that utilizes the antibody pool of 3(d) for detecting antigens (desired

shapes) in an image scene.

(f) Test the developed CSA of 3(e) with synthetic images of 1(a) by computing its

MSE, PSNR, MAE and error score on these images.

4. Use the CSA implementation of 3 for detecting the desired shapes in real images using

the captured images in 1(d).

5. Compute the False Positive Rate (FPR) and False Negative Rate (FNR) on detection of

the whole test images (both synthetic and real images).



1.6 Dissertation Organization

The background and introduction to the project has been provided in chapter one. Chapter
two provides the relevant theories incorporated into the research for multiple shapes detection
and a review of literature in the field. The detailed design decisions made in implementing the
CSA system for multiple shapes detection is provided in chapter three. Results and analysis
of the results is provided in chapter four while chapter five provides concluding remarks and

recommendations for future research.



CHAPTER TWO
LITERATURE REVIEW

2.1 Introduction

This Chapter introduces the fundamental concepts of the project and reviews similar works

done in the detection of geometric shapes in an image scene.

2.2 Review of Fundamental Concepts

This section provides an overview of concepts fundamental to this study.

2.2.1 Definition of shapes to be detected
The research focuses on the detection of three (3) geometric shapes: circles, triangles and
quadrilaterals. For the purpose of this research, these shapes can be defined as follows:

a) Circle
A circle is the locus of a point which moves such that it remains at a fixed distance (called

the radius) from a fixed point (called the centre) (Pender ef al., 2011).

P(xy)

Figure 2.1: Circle with Centre at C'(xo, yo) and Radius r

Given the circle in Figure 2.1, the radius, r, is defined as the Euclidean distance between

the centre C'(z, yo) and any point on its circumference, say P(z,y).

CP=r 2.1



But CP = \/(z — 20)? + (y — yo)?

V(E =20+ (y—yo)2 =r (2.2)

(x —20)* + (y — yo)* = r? (2.3)

Equation (2.3) is the equation for a circle with centre at C'(zo, yo) and radius r. Given
three points P, P, and P;, with coordinates (x1, 1), (72, y2) and (x3,y3) respectively,
lying on the circumference of a circle, it is possible to compute the centre coordinates

(20, Yo) and radius r of the circle using (Cuevas et al., 2012a):

x5 +ys— (23 +y7) 2(y2— )
x5 +y5— (23 +u7) 2(ys — )
4((w2 — 21)(ys — 1) — (w3 — 21) (Y2 — 1))

(2.4)

o =

22 — 1) @3 +y5 — (@ +47)

2(ys — 1) 23 +y3 — (2 +yi)

W = 1w — ) (s — 1) — (@ — o) — 1)) 2>

and

r=v/(vo—x1)2+ (yo — ¥1)? (2.6)

b) Triangle

A triangle is a figure formed by connecting three noncollinear points A, B and C' with

three different line segments (AB, BC' and C'A) each of which has two of these points
as end points (Leff, 1997). A triangle is shown in Figure 2.2. The points A, B and C are

the vertices of the triangle and the three line segments are its sides.



A(X,y,)

C(xy;) B(x,,y,)

Figure 2.2: Triangle with Vertices at A(z1,y1), B(x2,y2) and C(z3,y3)

¢) Quadrilaterals

Four points A, B, C' and D such that no three points are collinear form a quadrilateral

which is defined as the union of four line segments AB, BC, C'D and DA. The four
segments are the sides of the quadrilateral and the points A, B, C' and D are the vertices

of the quadrilateral (Kay, 2011, Venema, 2013). Figure 2.3 shows a quadrilateral.

A(X19Y1) B(XZ,yZ)

C(X39Y3) D(X4’y4)
Figure 2.3: Quadrilateral with Vertices at A(z1,v1), B(x2, y2), C(x3,y3) and D(z4,ys)

The proposed AIS based detection is going to be able to detect the presence of one or more of

these shapes in any image, irrespective of their orientation.

2.2.2 Midpoint Line Algorithm (MLA)

The midpoint line algorithm, developed by Bresenham, is a method used to draw lines on raster
images. It scan converts lines with positive gradient less than 1 using only incremental integer
calculations. Pixel positions along a line path are determined by sampling at unit intervals of

x. The process starts from the left (¢, yo) of the line and plots the y-positions for successive



x-positions by selecting the y-position closest to the scan-line. The process is summarized thus

(Hearn and Baker, 1997)
1. Input the two (2) line end-points, storing the left end-point in (z, yo).
2. Plot the point (g, 3o)-
3. Compute the constants Az, Ay, 2Ay and (2Ay — 2Ax) and get the first value for the
decision parameter as:
po = 2Ay — Ax 2.7)
4. At each z; along the line, starting at k£ = 0, test if p, < 0, the next point to plot is
(xr + 1, yx) and:
Pr+1 = pr + 24y (2.8)

Otherwise, the next to plotis (zy + 1, yx + 1) and:

Prt1 = Dk + 24y — 2Ax (2.9)

5. Repeat step 4. (Ax — 1) times.

2.2.3 Midpoint Circle Algorithm (MCA)

The MCA calculates pixel locations along a circle’s circumference starting at (g, yo + ) for
first octant using integer additions and subtractions. The other pixel positions for the remaining
seven (7) octants are computed by determining their corresponding symmetry points. The steps

are summarized thus (Hearn and Baker, 1997):

1. Input radius r and circle center (g, yo) and obtain the first point on the circumference as

(20, Yo + 7).
2. Calculate the initial value of the decision parameter as pg = 1 — 7.

3. At each xj, position, starting at £ = 0, test if py < 0, the next point along the circle is

(xr + 1, yx) and:

10



Pht1 = Pk + 2241 + 1 (2.10)

Otherwise, the next point along the circle is (zy + 1,y — 1) and:

Pret1 = Pk + 2%p41 + 1 — 2yp4 (2.11)
. Determine symmetry points in the other seven (7) octants.
. Move each calculated pixel position (z,y) onto the circular path centered at (zg, yo) to

plot the coordinate values:

T =x+ x (2.12)
Y=Y+ (2.13)

. Repeat step 3 through 5 until z > y.

2.2.4 Canny edge detector

Canny Edge detector is one of the standard edge detection algorithms. It has five (5) major

algorithmic steps(Canny, 1986):

. The image is smoothed or blurred using Gaussian filter to remove noise.

. The intensity of gradients are computed. Edges appear where the gradients of the image

has large magnitudes.
. Suppression of gradients with low magnitudes.
. Double thresholding is done to determine potential edges.

. The edges are then tracked by hysteresis, eliminating all edges not connected to probable

edge points.

2.2.5 Harris corner detector

Corners can easily be recognized by looking at intensity values within a small window in the

entire image. When shifting the window in any direction yields a large change in appearance,

11



then a corner exists within that region. Harris corner detector gives a computational approach
for determining corner points based on this windowing process by applying the change intensity

for the shift [u, v] (Harris and Stephens, 1988):

E(u,v) = Zw(m,y) [I(x+u,y+v)— I(z,y)] (2.14)

x?y

Where w(zx, y) is the window function, I (z + u, y + v) is the shifted intensity and /(z, y) is the

intensity.

2.2.6 Gaussian filtering of images

Gaussian filter is used in image processing to reduce image noise. It is the result of transforming
each pixel in the image with a Gaussian function. When applied to 2-dimensional image, it
produces a surface of concentric circle contours having a Gaussian distribution from the centre

point. The Gaussian function G(z, y) is (Neycenssac, 1993):

1 a4y
G(z,y) = 502 202 (2.15)

Where z, y and o are the horizontal distance from origin, vertical distance from origin and

standard deviation of the Gaussian distribution respectively.

2.2.7 Artificial Immune System (AIS)

Artificial Immune System (AIS) is a term used to cover all the efforts to develop computational
models inspired by biological (vertebrate) immune system (Dasgupta, 1999). The immune sys-
tem has many computationally interesting properties that make it suitable for solving important
aspects of computation. These properties include parallel and distributed adaptive system, ro-
bustness, pattern recognition, feature extraction and learning memory (Greensmith et al., 2010,
Dasgupta et al., 2011, Cuevas et al., 2012a). Unlike other biological inspired algorithms which
have an archetypal algorithm, the AIS has several algorithms which model different aspects of
the immune system. The three most popular AIS algorithms are: negative selection, immune

network and clonal selection algorithm (Greensmith et al., 2010).
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2.2.7.1 Negative selection

Negative selection algorithm is modeled off the T-cell maturing process that happens in the
thymus, where T-cells that recognize self cells are eliminated before the rest are deployed into
the immune system to recognize and attack intruding pathogens (Ji and Dasgupta, 2007). It is
based on the pseudo-random generation of antibodies (T-cells) and training them by presenting
self patterns to them. Antibodies that detect patterns during training are removed from the
repertoire of cells. T-cells that survive the training process are then elevated to mature cells or

antibodies and are used to detect nonself patterns or antigens (Greensmith et al., 2010).

2.2.7.2 Immune network (ldiotypic network)

Immune network is based on the proposal that B-cells are capable of achieving immunological
memory by the existence of a mutually reinforcing network. They both stimulate and suppress
connected cells to regulate the over stimulation of B-cells in order to maintain a stable memory
(Dasgupta et al., 2011). The theory suggests that antibodies continue communicating even
in the absence of antigens, which produces continual change of concentrations. The network
continually adapts itself, maintaining a steady state that reflects the global results of interacting
with the environment (Greensmith et al., 2010). Although the theory has no immunological
backing, it has gained popularity within the AIS due to its ability to produce flexible selection
mechanisms, especially in robot navigation (De Castro and Von Zuben, 2000, Luh and Liu,

2008, Challoo et al., 2010).

2.2.7.3 Clonal Selection Algorithm (CSA)

Clonal Selection Algorithm (CSA) model the behaviour of B-cells to match and kill an antigen
(Garrett, 2005). B-cells produce antibodies of a specific configuration, and their diversity is
stimulated upon encounter with a foreign antigen, where the resulting B-cell clones vary the
receptor configuration in order to perform a biological local search to find the best fitting re-

ceptor (Greensmith et al., 2010). CSA performs the repeated cycle of match, clone, mutate
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and replace until a stopping criterion (optimal solution, convergence or maximum number of
iterations) is achieved. It is the most widely applied AIS algorithm, with function optimization
and pattern recognition being the two (2) major applications for CSA (Dasgupta, 1999, Secker
et al., 2003, Freschi et al., 2009, Ulutas and Kulturel-Konak, 2011). It has also been argued to

produce robust solutions (Greensmith et al., 2010).

This research implements the CSA for solving the multiple shapes detection problem because
of its suitability for pattern recognition. It is robust, can store information of other suboptimal

solutions in its memory and convenient for concurrent detection of multiple shapes (antigens).

Following the notations and description used in Cuevas et al. (2012a) and Ulutas and Kulturel-
Konak (2011), boldfaced capital letters represent matrices while boldfaced small letters repre-

sent vectors, what follows is the definition of some key terms in the AIS paradigm.

(i) Antigen: This is the problem to be optimized and its constraints (circle, triangle and

quadrilateral detection);

(i) Antibody: the candidate solutions of the problem (circle, triangle and quadrilateral can-

didates);

(iii) Affinity: the objective function measurement for an antibody (circle, triangle and quadri-

lateral matching);
Suppose an antibody is encoded as a vector a, set I is called the antibody space meaning a € I.
The antibody population space is thus defined as (Cuevas et al., 2012a):
I"={A:A=(aj,a,,....,a,),a, €1 <k <m} (2.16)

where the positive integer m is the size of the antibody population, A = {a;, a,, ...,a,,} is an

m-dimensional group of antibodies and a being a spot within the antibody space I.
The steps taken in CSA as can be seen in Figure 2.4 are:

1. Initialization
A population, Pr, of antibodies is initialized by the generation of pseudo-random candi-

date solutions. An antibody (a,,) represents the encoding of a candidate solution of the
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Optimal
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Display Best Antibody

Figure 2.4: The Clonal Selection Algorithm Basic Flow Chart (De Castro and Von Zuben,
2000)
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problem. They are represented as binary strings or real numbers depending on the nature

of the problem and choice of the programmer (Cuevas et al., 2012a).

Pr ={aj, a,,...,a,} (2.17)

. Evaluation
The affinity (match) of each antibody (candidate solution) with the antigen (image) is
computed. Examples of affinity measure include Hamming, Euclidean and Manhattan

distances between antibodies and antigens (De Castro and Von Zuben, 1999).

. Selection and cloning
n best antibodies of the population (Pr) are selected to form a new population (A(k)). A
temporary population, Y(k), of clones of each individual in A(k) is made in proportion

to their affinity with respect to the antigen (Cuevas et al., 2012a).

Y(k) = T7(A(K)) = [T; (a1 (k)), Tj(ax(k)), ..., T;(an(k))] (2.18)

. Hypermutation
Each antibody clone in Y (k) is mutated in inverse proportion to its affinity to the antigen
to form a new population Z(k). The higher the affinity, the less likely the antibody will

undergo mutation.

. Clonal selection and population update

The best individuals from Z(k) and A(k) are selected to compose a new memory set
M = A(k + 1). The selection process is done in such a way that an antibody is replaced
by its mutated clone only when the mutation results in a higher affinity antibody. Random
novel antibodies (P,.) are added to the new memory cells (M) to add diversity and build

a new P (Cuevas et al., 2012a):

Pr=M+P, (2.19)

. Stopping criteria
The algorithm returns to step 2 if no stopping criterion is met. The stopping criteria used

include finding the optimal solution, convergence of the algorithm or maximum number
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of iterations. If a stopping criterion is met, the algorithm gives as output the antibody

with the highest affinity which represents the best solution found by the algorithm.

2.2.8 Performance evaluation

This section discusses the performance metrics to be used in evaluating the performance of the

CSA.

2.2.8.1 Mean Squared Error (MSE) and Peak Signal to Noise Ratio (PSNR)

Several statistical tools are available for evaluating the effectiveness of an algorithm. One of
such is the computation of the Mean Squared Error (MSE). It provides a quantitative score that
describes the degree of similarity/fidelity between the original data and the result gotten by the
algorithm (Wang and Bovik, 2009). Given an original data (ground truth), z;, and result from
the algorithm of, y;, the MSE is computed thus (Wang and Bovik, 2009):
1 — )

MSE(%y) = 5 ;(:c — ) (2.20)
A small value of MSE indicates high similarity between the original signal and the algorithm’s
result. This in turn signifies a high-performing algorithm. In the literature of image processing,

MSE is often converted into a Peak Signal to Noise Ratio (PSNR) measure (Korhonen and You,

2012).

2

L
PSNR = 10log,, VSE (2.21)

PSNR is measured in decibels and used as a measure of visual quality. The greater the PSNR,

the better the visual quality (Korhonen and You, 2012).

2.2.8.2 False positive and false negative rates

The performance of an algorithm (especially when the outcome is the detection of the pres-
ence/absence of a feature as in a shape detector) can also be measured by computing the sen-

sitivity, specificity, Positive Predictive Value (PPV), Negative Predictive Value (NPV), False
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Positive Rate (FPR) and False Negative Rate (FNR) on the test data. These values are computed

based on the False Positive (FP), False Negative (FN), True Positive (TP) and True Negative

(TN) results from testing the algorithm. With respect to detection of desired shape(s) on test

data, these terms can be defined as:

1.

2.

False Positive (FP): is the number of shapes detected when the desired shapes are absent.
False Negative (FN): is the number of desired shapes that the algorithm fails to detect.
True Positive (TP): is the number of desired shapes that have been detected.

True Negative (TN): is the number of undesired shapes correctly classed as undesired by

the algorithm.

. Sensitivity: also called True Positive Rate (TPR), is a measure of how well the algorithm

correctly identifies the desired shape (Hoffrage et al., 2000).

TP

. Specificity: is the measure of how well the algorithm correctly identifies the absence of

the desired shape (Hoffrage et al., 2000).

TN
Speci ficity = TN + FP (2.23)

. Positive Predictive Value (PPV): also known as precision, is the probability that a positive

prediction is correct (Hoffrage et al., 2000).

TP
Precision = m—m (224)

. Negative Predictive Value (NPV): is the probability that a negative prediction is correct

(Hoffrage et al., 2000).

TN

NPV = ———
v TN+ FN

(2.25)

. False Positive Rate (FPR): also called type I error or false alarm rate, is the measure of

how much the algorithm fails to detect the absence of the desired shape (Hoffrage et al.,

2000).
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FP

10. False Negative Rate (FNR): measures the failure rate of the algorithm to detect the pres-

ence of the desired shape (Hoffrage et al., 2000).

FN

More information on these terms can be found in Hoffrage et al. (2000), McDonald (2009) and
Witten et al. (2011). These parameters have been used as performance metrics for research in
fields of astronomy (Fressin et al., 2013), medicine (Matern et al., 2007, Wolfer et al., 2008)
and engineering and computing (Aman et al., 2009, Cheng-Bin, 2009, Vennila et al., 2014)
with design objective being the minimization of FPR and/or FNR, for example Matern et al.

(2007).

2.2.8.3 Mean Absolute Error (MAE)

This is the average of the absolute error. The MAE represents the average magnitude of the total
error of the detection/prediction. A value of MAE less than 1 in this research work represents a
sub pixel accuracy in detecting the desired shape, while values greater than 1 indicates a higher
dissimilarity between the expected result and that returned by the algorithm. MAE is computed

thus (Willmott and Matsuura, 2005):

1 n
MAE = — i 2.28
n;"” (2.28)

Where e; = x; — y; is the error or mismatch between the expected value (z;) and the observed

value (y;), and n is the number of test points.

2.2.8.4 Error score

A final performance measure, for reasons of comparison with results from literature, is to com-
pute the error score (£5). The E; was used as a measure of the accuracy of detections for the
binary coded CSA in Cuevas et al. (2012a) and LA in Cuevas et al. (2012b). It is computed

thus for circles (Cuevas et al., 2012a):
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Ey =01(|lza — 25| + lya — ys|) + 0.05(jra — r5]) (2.29)

Where the expected (ground truth) radius and centre coordinates are 14 and (x4, y4) respec-
tively, while the radius and centre coordinates of circle detected by the algorithm are r5 and
(zp,yp) respectively. Extending the computation of E to quadrilaterals (Eyq) and triangles
(Es7), only the coordinates of the vertices are used as shown in Equations 2.30 and 2.30 re-

spectively.

Egiq = 01(|z1a — 21| + |y14 — 18| + |224 — Tap| + Y24 — you| +

|24 — 3| + |Ysa — ysB| + |Taa — xap| + |yaa — vanl) (2.30)

Esyr = 0.1(|z14 — 218] + |v14 — viB| + |224 — 22| + |y24 — v2i| +

|z34 — 38| + |ysa — yss|) (2.31)

2.3 Review of Similar Works

Various algorithms for shape detection have been proposed in literature. Some publications on

the detection of circular and quadrilateral shapes are reviewed as follows:

Dasgupta et al. (2010) developed an Adaptive Bacterial Foraging Optimization Algorithm
(ABFOA) for automatic detection of circles on both synthetic and natural images with varying
range of complexity and noise level. Each bacterium in the swarm was a vector representing the
centre coordinates and radius of a candidate circle to be detected on the image. The algorithm
was able to detect single and multiple circles in an image by following the four steps in BFOA
- chemitaxis, swarming, reproduction and elimination. An adaptive scheme for the chemo-
tactic step was implemented to reduce the elimination problem of BFOA when a bacterium
approached the optimum solution. Simulation results were compared with BFOA, Random
Hough Transform (RHT) and Genetic Algorithm (GA) for circle detection. The proposed AB-
FOA method was able to detect circles faster, with less errors. However, ABFOA was not able
to detect multiple circles in a single run of the algorithm. To detect multiple circles, the al-

gorithm had to be run several times depending on the number of circles, and already detected
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circles had to be masked before each run. Also, ABFOA was suitable for detecting only circular

shapes.

In Ramirez et al. (2011), a Genetic Algorithm (GA) approach for detecting quadrilateral shapes
was proposed. They encoded four edge points from the image as the vertices of a candidate
quadrilateral. The edge points were extracted from the image using Prewitt edge operator. A
chromosome or individual in the GA population represented a candidate quadrilateral to be
detected on the image. To avoid degenerate shapes, they included a collinearity check to avoid
selecting three (3) points resting near a single line. They also used a GA sharing based ap-
proach, which ensured that there were no similar individuals in the population to avoid several
individuals representing a single quadrilateral. Their algorithm was able to detect quadrilat-
erals under perspective transformation, quadrilaterals in images corrupted by Gaussian noise,
quadrilaterals present in real images, multiple and hand-drawn quadrilaterals. However, their
approach involved calculating the Manhattan distance between a tested pixel on the candidate
quadrilateral and an actual edge on the image, which can be computationally intensive with
increase in number of pixels to be tested, population of individuals and number of generations
or iterations. However, the authors did not consider the detection of circular and triangular

shapes.

Cuevas et al. (2012a) proposed a method for the automatic detection of multiple circular shapes
over complicated and noisy images based on the Clonal Selection Algorithm (CSA) of the
Artificial Immune System (AIS). A candidate circle (antibody) was represented as a 22-bits
binary string formed by random selection of three non-collinear edge points in the edge image
of the scene; and the matching function (affinity measure) was used to measure the existence
of a candidate circle on the edge map (antigen). The CSA evolution of the candidate circles
(antibody population) was guided by this matching function such that the antibody with the
best candidate circle could fit into an actual circle present in the image. The CSA-memory was
then analysed at the end of the evolution or optimization process to find other local minima
which represented other circles present in the image. The proposed method was therefore
able to detect multiple circles, including overlapping circles, within a single execution of the

algorithm. Comparisons with other circle detection algorithms based on GA and BFOA on

21



synthetic and natural images demonstrated the superior performance of the proposed approach.

The authors however restricted the implementation to detections of only circles.

Cuevas et al. (2012b) proposed a Learning Automata (LA) algorithm for multiple circle de-
tection. Though LA converges to a single optimum value, further analysis of the probability
distribution of the algorithm can reveal other local minima, which could represent more circles
present in the image. This property made the LA implementation detect multiple circles during
a single run of the algorithm. As has been done by other authors, the edges in the image were
first extracted to give an edge-only image. The coordinates of the edge pixels were then stored
in a vector. The LA algorithm made use of 5% of the total edge pixels to generate actions
(candidate circles) - a single action was formed using three randomly selected non-collinear
edge pixels, and a matching function for the reinforcement signal. The learning rule used was
the linear reward/inaction scheme. The LA operated by selecting an action probabilistically
from the set of actions. After assessing the performance of the action, a reinforcement signal
was evaluated based on its performance. The internal probability distribution was then updated
- actions with desirable performance were reinforced, under-performing actions were left un-
changed. The cycle was repeated until a probability of 1 or maximum iterations was reached.
The action with the highest probability represented the best circle detected, while further anal-
ysis of lesser probabilities above the threshold represented other circles present in the image.

However, they did not extend the algorithm to detect multiple shapes.

The Hough Transform (HT) has been an attractive method for circle detection because it is in-
sensitive to noise and easy to realize in parallel computing. However, the computation time and
storage requirement makes it an inefficient method for circle detection. Randomized Hough
Transform (RHT) was developed to address these problems. It is however inefficient for de-
tecting multiple circles. Jiang (2012) proposed an improved RHT which was efficient for
detecting multiple circles. He optimized the methods for determining sample points and find-
ing candidate circles. To improve the random sampling in RHT, the assumption made was that
edge points (edge pixels) on circle circumference have more neighbourhood points. Therefore,
sampling of points (three points) was done according to the number of neighbourhood points

- the more neighbourhood points around an edge pixel, the higher the probability of it being

22



sampled. To improve detection of candidate circles, only points that fell in the region formed
by the vertical circumscribed and inscribed quadrilaterals were used in the evidence-collection
stage. All points in the image were stored in an edge set. If after the run of the algorithm, a
candidate circle was affirmed as a true circle, all points lying on its circumference were deleted
from the edge set. This process made it possible for the algorithm to detect other circles present
in the image during the next run. Results from the proposed method proved outperformed the
RHT. However, to detect multiple circles, the algorithm had to be run once per circle, and the

neighbourhood points calculated after each circle detection.

Akinlar and Topal (2013) proposed a real-time circle detector with a false detection control,
EDCircles, which was able to detect circles and near-circular ellipses. The first step was to
extract edges in the image using Edge Drawing Parameter Free (EDPF) algorithm. All closed
edge segments were processed by fitting them into circles or ellipses to form candidate solu-
tions. If both processes failed for any closed edge segment, it was further processed along
with other non-closed edge segments. The edge segments were turned into line segments us-
ing EDLines. The computed lines were then converted into arcs, which were then combined to
generate other candidate circles and ellipses. These candidate circles and ellipses were then val-
idated by the Helmholtz principle, which eliminated false detections and left only valid circles
and near-circular ellipses. The performance of EDCircles was assessed using both synthetic
and natural images containing circular and elliptic objects. EDCircles, however, is not capable

of detecting triangular and quadrilateral shapes.

Lu and Yu (2013) proposed an AIS-based approach for multiple circle detection. They took
advantage of the robust nature of the AIS algorithm for detecting non-ideal circles (beads with
cancer cells). The antigens were encoded as edge segments, these were formed by traversing
edge pixels connected to each other using 8-point connectivity. A segment or antigen was there-
fore a chain index of edge pixels directly or indirectly connected to each other. An antibody
was formed from the antigen (segment) by selecting three random edge points from the anti-
gen and forming a circle that passed through these points. The affinity between the antibody
and antigen was the hamming distance between them. Real value representation of antibodies

was used, and when a circle was detected, the set of pixels lying on its circumference were
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deleted, and the antibody that detected the circle was added to the memory cells. To prevent
multiple memory cells from representing a single antigen, new memory cells were compared
with existing memory cells, and the antibody with the higher affinity was retained as a memory
cell. According to the authors, deleting detected edge pixels simulates the activity of antibodies
destroying antigens. To demonstrate the effectiveness of their proposed approach for detect-
ing multiple non-ideal circles, they used a dataset of 85 microscopic images with thousands
of PLZ4 beads to test their algorithm. However, deleting edge pixels making on the circum-
ference of the detected circle can result in removal of pixels shared by the detected circle and

other circles.

In Li (2014), a geometric framework for detecting rectangular shapes irrespective of orientation
was proposed. The proposed method focused on tackling three main issues in shape detection.
They were: outliers - image points lying outside or inside the shape boundary; open shape -
set of points that form an incomplete shape; and fragmentation - sets of points from which a
shape cannot be deduced. Their approach started by introducing the channel scale space of
RGB images, aimed at enhancing the chance of detecting good rectangle candidates. Then
specific algorithms were developed to address the three difficulties individually. The algorithm
to remove outliers in a candidate rectangle used spatial likelihood. The open shape problem
was solved by determining the four vertices of the rectangle using either Bounding-Box or
Diagonal-First method. The fragmentation issue was then tackled by algorithm to check if can-
didate shapes were complimentary or not. Complimentary candidate shapes were synthesized.
False positive from the above steps were eliminated by the introduction of interestness measure
of a rectangular shape by the integration of imbalanced points. The candidate shape with the
highest interestness was output as the detected rectangle. The algorithm was used for the detec-
tion of license plates and road sign images. A comparison with other works based on analysis
of geometry information revealed the method had better detection, but at a slower rate. Also,

the author only considered the detection of quadrilateral shapes.

In De Marco et al. (2015), a randomized circle detection with isophotes curvature analysis was
proposed. Isophotes are curves connecting pixels in the image with equal intensity. They have

been demonstrated to have same shape independent of rotation and varying lighting conditions,
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these reliable/consistent features made isophotes better detector attributes than intensities or
gradients. The proposed approach started by discarding isophotes with too high or too low
curvature after which isophotes with same curvature were grouped into subsets. Points sampled
to form candidate circles were restricted to isophotes in same subgroups. Kernel density based
estimation voting process was performed for each candidate circle after which each detected
circle parameters were refined with an error linear compensation algorithm in order to provide
better fitting with the recognized circle. The approach was tested on several natural images with
multiple circular shapes and several levels of noise, and the results showed that the approach
greatly reduced the number of edge pixels needed for circle detection. The algorithm also
overcame the problem of multiple detection of a single circle. Its performance was superior
when compared with those of EDCircles, classical Hough based approach and randomized
circle detection (GRCD-R). However, it was slower than EDCircles and incapable of detecting

non-circular shapes.

A centre-based clustering algorithm for multiple circle detection was proposed by Scitovski
and MarosSevic (2015). The approach made use of a number of data points which should be-
long to k circles (partitions). The algorithm iteratively found the optimal k-partitions for the
clusters, while using circle fitting algorithms - DIvidingRECTangle (DIRECT) and K-means
based Consensus Clustering (KCC) - to form clusters round the detected centres. Davies-
Bouldin index, Calinski-Harabasz index and Simplified Silhouette Width Criterion, methods
for measuring distance between circles, were used for determining an appropriate number of
clusters necessary for a partition. Comparison of the cluster-based approach with the Hough
Transform for circle detection on synthetic images revealed its superior performance - it had
higher detection rate and required less data points than Hough Transform based detection. Ac-
cording to results presented by the authors, the approach gave sub-pixel accuracy and can be
extended for detection of multiple ellipses in images. The approach, however, did not consider

the detection of triangular and quadrilateral shapes.

From the reviewed literature, it is obvious that most authors focused on the development of
algorithms for detecting a single shape in images. This research, however, implements a mul-

tiple shape detection algorithm based on the Clonal Selection Algorithm (CSA). The CSA is
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a decentralized and robust algorithm that has been successfully applied to pattern recognition,
multi-modal and multi-objective problems with superior results (Ulutas and Kulturel-Konak,
2011). These make CSA an excellent choice for solving the problem of multiple shapes detec-

tion.
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CHAPTER THREE
MATERIALS AND METHODS

3.1 Introduction

The chapter provides description of the development of the CSA based system capable of de-
tecting multiple circles, quadrilaterals and triangles in an image. The developed system has five
(5) major parts as shown in Figure 3.1. The first step is to form a repository of synthetic and
real test images. This is followed by the design of the preprocessing steps for the images. The
third step is the CSA design while the fourth step analyses the CSA antibody pool to extract

all distinct detections. Finally, the results are superimposed on the test image to give a visual

Test Images
Repository

v

Preprocess
Image

v

Implementation
of the CSA

v

Extraction of all Distinct
Shapes Detected

v

Drawing Detected
Shapes

Figure 3.1: Flow Chart of the Five Major Parts of the Developed System

representation of the system’s output.
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3.2 Test Images Repository

The repository is made up of five (5) synthetic images generated using Matlab and six (6) real
images captured with the aid of a digital camera. The subsections that follow describe the

process of acquiring these images.

3.2.1 Generating synthetic images with MATLAB

Two functions, ShapePoints (Appendix A) and ShapeMaker (Appendix B) implement the gen-

eration of five (5) image scenes

3.2.1.1 Shape points

ShapePoints function saves all the points needed for drawing/generating the required shapes in
the five (5) synthetic images namely: Ptc, Ptq, Ptt, PtMxd1 and PtMxd2. For a particular image,
the points and type of shapes are stored as n x 2 cell, where n is the number of shapes. Four
shape types are defined in the function: circle (c), triangle (t), quadrilateral (q) and hexagon

(p). All points (Pt) needed to draw Shapes in an image is:

( 3\

‘¢’ Pointsc
’q’” Pointsq
Pt = 3.1
't”  Pointst
P Pomtsp)

Where Pointsc, Pointsq, Pointst and Pointsp are matrices of points needed to fully define (draw)
the circle, quadrilateral, triangle and polygon respectively. Table 3.1 shows the number and type
of shapes contained in the developed synthetic images.

Table 3.1: Shapes Contained in each Synthetic Image

Ptc Ptq Pt PtMxdl PtMxd2

Circle 6 0O O 2 2
Quadrilateral 0 6 0 2 2
Triangle 0 0 6 2 2
Polygon 0 0 O 0 1
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1. Circle
As mentioned in section 2.2.1, a circle can be fully defined by the coordinates of it’s
centre, (xo, o), and radius, r. Therefore, Pointsc is an m x 3 matrix where m is the

number of circles present.

For an image with no circles, Pointsc is an empty matrix.

Pointsc = [] (3.2)

For an image with m circles,

Tor Yo1r T

. To2 Yoz T2
Pointsc = (3.3)

ZTom Yom Tm

Table 3.1 shows the number of circles defined in the five (5) synthetic images.

2. Quadrilateral
From section 2.2.1, the coordinates of the four vertices of a quadrilateral are needed in
order to successfully draw the quadrilateral. Pointsq encodes a quadrilateral by repre-
senting the start and end coordinates of each of the four lines that bound the quadrilateral

as four rows of a matrix.

Therefore, for one quadrilateral,

AB T1 Y1 T2 Y2
. BC T2 Y2 T3 Y3
Pointsq = = (3.4)
CD T3 Yz T4 Ya
_DA_ _954 Ys 1 yl_

Where the vertices A, B, C and D have coordinates (1, y1), (22, y2), (23, y3) and (x4, ys)

respectively.

For m quadrilaterals, Pointsq will be 4m x 4 matrix. The number of quadrilaterals Shape-

Points function defined in each of the five (5) synthetic images are as shown in Table 3.1.
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3. Triangle
The same concept used to define quadrilaterals in Pointsq is used for defining triangles
in Pointst. Triangles with vertices A, B and C with coordinates (x1,y;), (z2,¥2) and

(x3,ys3) respectively is a 3 x 4 matrix in Pointst.

AB T1 Y1 T2 Y2
Pointst = | BC'| = To Yo T3 Y3 3.5
CA T3 Ys T1 Y1

For m triangles, Pointst is 3m x 4 matrix. Table 3.1 outlines the number of triangles

present in the five (5) synthetic images.

3.2.1.2 Shape maker

The major roles of ShapeMaker function are to draw the shapes on a white background, save
the created image as JPG format and extract the ground truth. The algorithm used to draw the
circle is MCA (source code shown in appendix N), while edges of the quadrilaterals, triangles
and polygons are drawn by successive calls to the MLA (implemented in appendix O) - one

call per edge.

1. Drawing the shapes in image scene
The ShapeMaker function iterates through all the shapes contained in Pt (Equation (3.1))
and uses MLA (for straight lines) or MCA (for curved lines) to get coordinates of all
edge points that make up the shapes. These are then plotted as black spots on the image

scene.

The MCA is invoked with the centre coordinates, (o, ¥o), and radius, r, of the circle as
input arguments. The MCA then returns the xy-coordinates that make up the circumfer-
ence of the circle. One call of MCA is made per circle, therefore to draw n circles, n

calls are made.

The MLA, however, is called when drawing a line that constitutes an edge of a quadri-

lateral, triangle or polygon. Input arguments are the xy-coordinates of the starting and
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ending points of the line. One call per line segment is made. This means 3 calls of MLA

for triangle, 4 calls for quadrilateral and n calls for polygon of n sides.

2. Saving the created image scene
Once the image scene has been generated, the ShapeMaker function saves the image in
"Images’ folder as a JPG file. This is achieved using the inbuilt *imwrite’ function in
MATLAB. For example, to save an image, Pt, with the name "Imagel’ in JPG format in

the "Images’ folder/directory, use:
imwrite(’Images/Imagel.JPG’,Pt);

3. Extracting ground truth
The ground truth represents the exact coordinates of the edge pixels used to define the
shapes. These are the centre coordinates and radius for circles and locations of vertices

for triangles and quadrilaterals.

3.2.2 Acquisition of real images

Real images are acquired with the aid of a Nikon coolpix S9500 digital camera with resolution
set to 4896 x 3672 pixels. Six images were taken: One for real circular shapes; one for triangles;
one for quadrilaterals and three images containing the three shapes were captured. The shapes

are cut from cardboard papers, and placed on white cardboard which serves as the background.

3.3 Preprocessing Images

The images to test the CSA algorithm passes through a number of stages collectively termed im-
age preprocessing. The image is first imported into MATLAB. The image then passes through
two independent processes to extract the edge points to form edge-only image and edge map,
and to extract the corner points to create a corner-only image and corner map. Preplmage
function, whose source code is shown in appendix P contains the implementation of the pre-

processing stage.
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3.3.1 Creating edge image and edge map

The flow chart of Figure 3.2 illustrates the steps in creating an edge image. The imported image
is first converted to grey scale image. Edges on a grey scale image can be detected using the
Canny edge detector by calling the ’edge’ function in MATLAB. This returns an edge-only
image (Edgelmage variable in the source code) as a logical(binary) matrix where O represents

absence of an edge point, and 1 represent the presence of an edge point.

CStart >

Import Image
into MATLAB

!

Convert Image
to Grey Scale

'

Extract Edges using
Canny Edge Detector

:

Create Edge Map

Stop >

Figure 3.2: Flow Chart for Generating the Edge-only image from an Input Image

The edge map (EdgeMap variable in the source code) is an n X 2 matrix where n is the number
of edge points and the elements in each row represent the xy-coordinate of the n-th edge point.

It 1s formed by testing all the pixels in the logical image and saving the (column,row), that is
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(x,y), locations where a value of 1 is encountered in the EdgeMap matrix.

3.3.2 Creating corner image and corner map

PrepImage function also contains the implementation for creating a corner-only image (Cor-
nerlmage variable) and corresponding corner map (CornerMap) for the image. Figure 3.3 is

the flow chart for generating the corner-only image from an input image.

TS

Y

Import Image
into MATLAB

Y

Apply Gaussian
Filter

v

Convert Image
to Gray Scale

v

Extract Corners using
Harris Corner Detector

v

Create Corner Map

Y

Return the Image,
Edge Image, Edge Map,
Corner Image and Corner Map

Figure 3.3: Flow Chart for Generating the Corner-only Image from an Input Image

The image is first imported into MATLAB environment and then converted to grey scale. The
next step is to pass the image through a Gaussian filter to reduce the noise. This is followed

by applying the Harris corner detector, which is implemented as a ’corner’ inbuilt function in
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MATLAB. The ’corner’ takes as input the grey image, and returns the xy-coordinates (column
and row locations) of all corners points detected using the Harris corner detector. The xy-
coordinates so returned is the corner map. Corner-only image is formed by creating a logical
image with same dimension as the grey image and setting all its values to 0 except for locations

where corners are present, which are set to 1.

3.4 Implementation of the CSA

This section describes the design decisions made during the implementation of the CSA algo-

rithm for detecting circles, quadrilaterals and triangles.

3.4.1 Antibody representation

An antibody (candidate shape/solution) is represented as a 1 x n vector. n = 8,11 or 13 for
circle, triangle or quadrilateral respectively. Candidate circle is formed by randomly selecting
three (3) non-collinear edge points (P, P» and P3) from the edge map, computing its centre
coordinates ((g, yo)), radius (r), and fitness (/). These values are then encoded as a candidate

circle antibody as:

P1 PQ P3 0 F r Lo Yo (36)

A candidate triangle is formed by randomly selecting three (3) non-collinear corners P, P,
and P; from the corner map, extracting the xy-coordinates, (z1,y1), (z2,y2) and (z3,ys) re-
spectively of these points and computing the fitness, F'. The triangle antibody is represented

as:

Po P, P30 F o1 yhn @2 Y2 T3 Y3 (3.7)

Similarly, a candidate quadrilateral is formed by random selection of four (4) non-collinear
corners Py, P, P; and P, from the corner map, extracting the xy-coordinates, (z1,v1), (z2, y2)
, (z3,y3) and (x4, y4) respectively of these points and computing the fitness, F. A candidate

quadrilateral is represented thus:
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PP Py Py O F o y1 T2 Yo T3 Y3 T4 Y4 (3.8)

3.4.2 Collinearity check

The collinearity check (appendix H) has been incorporated to prevent selecting three (3) points
that can be joined by a straight or nearly straight line. Three (3) collinear points result in
invalid/degenerate shapes. A threshold, d,,;, has been set so that the perpendicular distance of
a third point from the line joining any two (2) points is equal or greater than the threshold, d,,;,.
Consider three points shown in Figure 3.4, the perpendicular distance, d;, of point P, from the

straight line joining points P, and P; can be computed using Equation 3.9 (Weisstein, 2002b):

Pl Xll 1 P1 Xll 1
P.(x,y,) xuy.) xuy1)
| d, d, d
\ /
~N
P,(x,y) L P,(x,y,) P.(x,y,) P,(x,y,) P36(3,y3) P,(x,y,)

Figure 3.4: Perpendicular Distance between a Point and a Line

dl _ ‘([$37y3723] — [$2:y2722]) X ([x27y2722] — [x1,y1,2’1])! (39)

|[$3>Z/3, Zs] - [95273/2, Zz”

For the three (3) random points P, P» and P; to be accepted as valid non-collinear points,
dy, do and d3 must all be greater than the threshold, d,,;,. This system of collinearity bound
simultaneously imposes a minimum dimension for the shape. ds and d3 are computed in similar

fashion. Note that the z component is 0 since the focus is on 2-dimensional image scenes.

With d,,,;,, set to 25 pixels, the minimum acceptable dimension of triangles, circles and quadri-

laterals are described next.

3.4.2.1 Minimum dimension for triangles

From Figure 3.5, for A, B and C to be accepted as vertices of a valid/acceptable triangle can-

didate, d,, ds, and d3 must be greater than or equal to d,,;,. Minimum dimension results when
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dy = dy = d3 = dpp. This will form an equilateral triangle where |AB| = |BC| = |CA| = a.
There is an already established relationship between a and d,,,;,, for equilateral triangles (Gan-

tert, 2008).

(3.10)

For d,;, = 25 pixels,

2
a = —= X dyin = 28.87 =~ 29 pixels
V3 P

The smallest acceptable triangle occupies 29 x 25 pixels. This is 0.29% of 500 x 500 pixels

synthetic image scene.

3.4.2.2  Minimum dimension of circle

For a circle, the three (3) valid points, when di = dy = d3 = d,nin, form a circumscribed

equilateral triangle (Figure 3.6).

The relationship between circle’s radius and altitude of inscribed triangle is (Gantert, 2008):

- 3.11
T 3 (3.11)
2 % 2
r= 2 D _ 16.67 ~ 17pixels
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Figure 3.6: Minimum Circle Dimension

The circle occupies 34 x 34 pixels (0.46% of 500 x 500 pixels synthetic image).

3.4.2.3 Minimum dimension for quadrilaterals

For a quadrilateral, the perpendicular distance between any two (2) vertices and a line joining
the remaining two (2) vertices must be equal to or greater than threshold, d,,;,. The quadri-
lateral formed when d; = dy = d3 = dy = dyy, is a square with each side |AB| = |BC| =

|CD| = |DA| = dyin, as shown in Figure 3.7.

A d, B
| | L
d, d,
1] [
D . C

Figure 3.7: Minimum Quadrilateral Dimension

The square occupies 25 x 25 pixels, making up only 0.25% of the pixels in a 500 x 500 pixels
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image scene.

3.4.3 Vertex arrangement for quadrilateral

Unlike the triangle where there is no need for special rearrangement of its vertices, a wrong ar-
rangement of vertices ( or line segment connecting two vertices) can result in invalid shapes. A
simple algorithm has been implemented in order to correctly rearrange the vertices that make up
the quadrilateral. The algorithm checks the intersection of diagonals that make up the quadri-
lateral. If the diagonals of a particular arrangement of vertices intersect within the quadrilateral
formed (Figure 3.8), then the arrangement is accepted. Otherwise, the vertices are rearranged.

Appendix M shows the implementation.

B(x,y,)

Figure 3.8: Intersection of Two Lines

The xy-coordinates of the point of intersection of two lines (Figure 3.8) is (Weisstein, 2002a):
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1 W
T1 — T2
T2 Y2
xr3 Ys
XT3 — T4
Ta Ya
T = (3.12)
Ty — T2 Y1 — Y2
T3 —Tg Y3 — Ya
1 %
Y1 — Y2
T2 Y2
T3 Ys
Yz — Ya
Ta Ya
Y= (3.13)

Ty — T2 Y1 — Y2

T3 — T4 Y3 — Y4

3.4.4 Fitness calculation

The fitness calculation measures the match/similarity between the candidate shape and image
scene. The similarity is measured between candidate shapes and edge-only-image of the image
scene. This is true for all the shapes - circles, quadrilaterals and triangles.
2{1 f i
F === 3.14
N (3.14)
Where N is the number of edge pixels on the candidate shape, and f; = 1 when edge is present

in the edge-only-image and f; = 0 when edge is absent.

3.4.5 Implementation of the CSA algorithmic steps

Appendix F shows the implementation of a single CSA system that is capable of detecting

multiple circles, quadrilaterals and triangles. The following subsections describe the design
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concepts employed for each CSA step shown in Figure 2.4.

3.4.5.1 Initialization

The antibody pool is initialized as a 3 by 2 cell matrix. The first column of Pt describes the
type of shape (antigen) and the second column represents the candidate solutions (antibodies)
suitable for detecting the shape. For example in Equation 3.15, ’c’ for circle candidate solutions
AB _c, ’q’ for quadrilateral candidate solutions AB_q and ’t’ for triangle candidate solutions
AB_t. This reflects the behaviour of the human immune system where an antibody is best
suited for detecting only a subset of antigens. That is, there is no one antibody suitable for
detecting all types of antigens, but the immune system is made up of varieties of antibodies

whose receptors can detect and kill different kinds of antigens.

‘¢’ AB.c
Pt=14'q ABq (3.15)
't AB_t

Consistent with the work of (Cuevas et al., 2012a), given that there are NAb = 120 candidate

solutions for each type of shape:

AB _c is an NAb by 8 matrix where each row represents a circle antibody and each column is

as described in Equation (3.6)

AB_q is an NAb by 13 matrix where each row is a quadrilateral antibody and each column is

as described in Equation (3.8)

AB_t is an NAb by 11 matrix where each row is a triangle antibody and each column is as

described in Equation (3.7)

The antibodies for each shape type are stored in a matrix AB with each row representing an

antibody.
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Aby
Abs
AB = | Ab, (3.16)
| Aby |
Where Ab; = 1 x nmatrix and ¢ = 1, 2, ..., m. n is the number of columns associated with the

candidate shape. n = 8, 11 or 13 for circle, triangle or quadrilateral respectively as described

in section 3.4.1, while m is the population of antibodies.

3.4.5.2 Evaluation
The fitness of all antibodies (candidate shapes) are computed as described in section 3.4.4. The
computed fitness is then stored as the fifth element on the vector representing the antibody.

The antibodies are then sorted in descending order of fitness using the ’sortrows’ inbuilt MAT-

LAB function.
AB = sortrows(AB,-5);

The best antibodies for each shape type are then chosen as the global best antibody, GBest for

each shape. This is achieved in MATLAB by:

GBest = AB(1,:);

3.4.5.3 Selection and cloning

The 100 best antibodies in AB are selected as memory antibodies, Ak. The MATLAB snippet
code to do this is:

Ak = AB(1:100, 2);

Cloning of the antibodies in Ak is done in direct proportion to the fitness of the antibody

(Cuevas et al., 2012a).
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F; .
q; = round (ch - > 1=1,2,3,...,n 3.17)

2im Fi
N, = 100 is the desired number of clones, F; is the fitness of the i-th antibody, ¢; is an integer

representing the number of clones for the i-th antibody and round(x) returns z to the nearest

integer.

3.4.5.4 Hypermutation
All clones are then mutated according to mutation probability « given by (Cuevas et al., 2012a):

o; = el =P (3.18)
p is the fixed step. Cuevas et al. (2012a) found by study that p = 5 gives good results.

Mutation is done by replacing each edge/corner pixel used to create the antibody if some ran-
domly generated number (between O and 1) is less than mutation probability. With reference to
Equations (3.6), (3.7) and (3.8), P, P», P53 and/or P, are replaced by randomly selecting edge
points from the edge map when mutating circles and randomly selecting corner points from the

corner map for triangles and quadrilaterals.

3.4.5.5 Clonal selection and population update

When the hypermutation of antibody clone(s) of an antibody results in a superior antibody
(antibody with higher fitness), that antibody is replaced in Ak. Otherwise, the non-mutated

antibody is retained. This is done for all antibodies present in Ak.

Twenty (20) new antibodies, Abnew, are then created to replace the worst antibodies in AB.

The new antibody pool is formed by vertical concatenation of the Ak and Abnew.

The evaluation step (section 3.4.5.2) is then performed on the newly created AB.
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3.4.5.6 Stopping criteria

The CSA algorithm stops and prints out GBest when optimal solution has been found for all
shapes. Otherwise, sections 3.4.5.3 to 3.4.5.6 are repeated until a preset maximum iterations
of 100 is attained. An optimal solution (detection) occurs when an antibody attains a fitness,

F = 1, which indicates 100% match.

3.5 Extraction of all Distinct Shapes Detected

Further analysis of the antibody pool, Pt, is done to extract the presence of other instances of
circles, triangles and quadrilaterals present in the input image scene. This is done in two (2)
steps - eliminating antibodies with low fitness and computing the distinctness of all antibodies
with high fitness. Figure 3.9 shows the flow chart of the steps taken to extract all the distinct
shapes the CSA algorithm detected. The implementations for these steps are contained in

AllDistinctShapes function (Appendix G)

3.5.1 Fitness threshold

To ensure only antibodies (candidate solutions) with high fitness (match) are considered as
positive detections, a threshold of 0.9 (90% match) is set. For a shape type with a set of
antibodies, AB, a new antibody pool for the shape, known as memory antibodies, MAb, with

fitness above threshold of 0.9 can be created with the following MATLAB code snippet:

MAD = AB(ABC(:,5) >0.9);

3.5.2 Distinctness factor

All duplicates in MAD are eliminated by measuring the similarity of antibodies within MAD.
All the distinct shapes extracted from MADb are then stored in a new variable FMAb, which is a

list of all the distinct shapes detected.
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Sort Antibodies

According to Fitness:
sortrows(AB, -5)

v

Extract Antibodies with
[Fitness Greater than Threshold:
MAD = AB(AB(:, 5)>Threshold)

No

is
size(MAD, 2) > 0

Count=1
i=

g

|FMAb(C0unt, :) = MAD(, :)

Count = Count + 1

Return FMAb [—

tAb = MAb(, :)
d=1

d > size(FMADb, 2) >
Y ‘

Compute Distinctness Factor,
Esd, between
tAb and FMAb(d, :)

d=d+ 1

Esd > Esth

Figure 3.9: Basic Flow Chart of Extracting Multiple Shapes. Count = index of where a distinct
shape (candidate solution) should be stored in FMADb, i = index of candidate solution in MAb
and d = index of candidate solution in FMAb
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The similarity measure used in Cuevas et al. (2012a) has been implemented for similarity mea-
sure in this project. Distinctness factor between two (2) instances of a shape A and B is com-

puted thus (Cuevas et al., 2012a):

1. Circle

Esdc:\xA—xB|+|yA—yB\+|rA—rB] (3.19)
Where (x4,y4), 74 and (5, yg), rp are the centres and radii of circle A and B respec-
tively.
2. Triangle

The absolute sum of differences in corresponding vertices is computed.

Esgt = |x14 — 18| + |y14 — taB| + |v24 — 22| + |Y24 — y2B| +
|z34 — 38| + |ysa — ysp| (3.20)

3. Quadrilateral

Similarly, distinctness factor is:

Esig = |t14 — 18| + Y14 — viB| + |T24 — Z2p| + |y24 — yvon| +
|T34 — 23| + |ysa — ysB| + |Taa — xaB| + |yaa — yas| (3.21)
For the two (2) instances of the shape to be considered different, the distinctness factor E; has
to be greater than the distinctness threshold E,;;, computed using (Cuevas et al., 2012a).

Esth _ Tmaz ; Tmin (322)

s is the sensitivity factor. For two (2) shapes that are very similar, a high value of s will have
them accepted as two separate shapes while a low/small value of s will regard the two (2)
shapes as duplicates. A value of s = 10 has been used. 7,,,,, depends on the size of the image.
The minimum between the rows and columns of a 2-dimensional image is used to set the value
of 7az- Tmin 1S the minimum feasible shape dimension as computed in section 3.4.2 for the

three shapes. For synthetic image dimension of 500 x 500 pixels, Ey, is computed thus:
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1. Circle, 7r,,,;,, = 34 pixels, which is the minimum accepted diameter for a circle.

500 — 34

Ey, = 10 = 46.6 ~ 47 pixels (3.23)
2. Triangle, r,;, = 29 pixels

Ey, = W = 47.1 ~ 48 pixels (3.24)
3. Quadrilateral, r,,;,, = 25 pixels

Ey, = % = 47.5 ~ 48 pixels (3.25)

3.5.3 Drawing detected shapes

Finally, all the distinct instances of the shape(s) detected are drawn on the input image. This
will serve as the visual representation of what the algorithm detects. Detected circles are drawn
using the MCA while triangles and quadrilaterals are drawn using MLA. The implementation
for drawing the shapes is done in DrawShape function which takes as input arguments the

detected shapes and the image scene (appendix J).
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CHAPTER FOUR
RESULTS AND DISCUSSION

4.1 Introduction

This chapter presents the simulation results and the relevance of such results are discussed.
The detections by the algorithm have been plotted on the test images to give a visual perception
of the algorithm’s output. The Mean Absolute Error (MAE), Mean Squared Error (MSE) and
error scores are averaged over 20 runs of the algorithm, PSNR are computed from the MSE
values using equation (2.21). FP, FN, TP and TN are summed for 20 runs of the algorithm. A

single run of the algorithm is what it has been able to detect after 100 iterations.

4.2 Detecting Desired Shapes on Synthetic Images

The five synthetic test images developed using MATLAB along with their edge-only and corner-
only images are shown in Figure 4.1 for multiple circles, Figure 4.2 for multiple quadrilaterals,

Figure 4.3 for multiple triangles and Figures 4.4 and 4.5 for mixed shapes.

O C
¢
O

(a) Ptc Image (b) Ptc Edge Image, (c) Ptc Corner Image,
Edges = 6104 Corners = 52

Figure 4.1: Synthetic Image of Multiple Circles

The CSA based systems for detecting circles, triangles and quadrilaterals were tested on these

synthetic images and their results presented.
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(a) Ptq Image (b) Ptq Edge Image, (c) Ptq Corner Image,
Edges = 5347 Corners = 24

Figure 4.2: Synthetic Image of Multiple Quadrilaterals

(a) Ptt Image (b) Ptt Edge Image, (c) Ptt Corner Image,
Edges = 4975 Corners = 18

Figure 4.3: Synthetic Image of Multiple Triangles

(a) PtMxd1 Image (b) PtMxd1 Edge Image, (c) PtMxd1 Corner Image,
Edges = 5890 Corners = 16

Figure 4.4: Synthetic Image of Multiple Shapes 1
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(a) PtMxd2 Image (b) PtMxd2 Edge Image, (c) PtMxd2 Corner Image,
Edges = 5811 Corners = 20

Figure 4.5: Synthetic Image of Multiple Shapes 2
4.2.1 Detecting circles

Figure 4.6 shows the detections by the CSA based circle detector on three different synthetic
images. The CSA system is able to detect all circles in the image scenes even in the presence
of other shapes, discriminating between the different shapes and extracting only the desired

circular shapes.

0O
.
@

VDE
O

(a) Detecting Circles on Ptc (b) Detecting Circles on (c) Detecting Circles on
PtMxd1 PtMxd2

Figure 4.6: Detecting Circles on Synthetic Images

The results obtained after 20 runs of the algorithm are shown in Table 4.1. The MAE, MSE
and PSNR represent the average values, while the FP, FN, TP and TN values were summed up

for the 20 runs.
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Table 4.1: Detecting Circles on Synthetic Images

Image MAE MSE PSNR FP FN TP TN
Ptc 0.46 0.5 569897 0 17 103 0
PtMxdl  0.45 05 569897 0 0 40 80
PtMxd2 043 04259 576863 0 2 38 100
Total - - -0 19 181 180

From Table 4.1, the FPR and FNR can be computed thus:

FP 0
FP — = =
h FP+TN 04180 0
FPR =0% 4.1
EFN 19 19
h TP+ FN 181+19 200 0.095
FNR =9.5% 4.2)

FPR of 0% indicates that in all tests, the CSA did not wrongly classify a non-circle as a circle.
However, the algorithm failed to detect all circles all the time. This is indicated by the FNR
of 9.5%, meaning there is a probability of missing 1 circle out of every 10 circles present in
an image. Table 4.1 also contains information about accuracy of detected circles. MAE and
MSE values gotten indicate a sub-pixel accuracy detections, with the PSNR computed from the

MSE.

4.2.2 Detecting triangles

Figure 4.7 shows the CSA based triangle detector tested on three different synthetic images.
The CSA system is able to detect all triangles in the image scenes and just as in the case for

detecting only circles, non-triangular shapes were not misclassified as triangles.
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(a) Detecting Triangles on Ptt | (b) Detecting Triangles on (c) Detecting Triangles on
PtMxd1 PtMxd?2

Figure 4.7: Detecting Triangles on Synthetic Images

The results obtained after 20 runs of the algorithm are shown in Table 4.2. The MAE, MSE
and PSNR represent the average values, while the FP, FN, TP and TN values were summed up
for the 20 runs.

Table 4.2: Detecting Triangles on Synthetic Images

Image MAE MSE PSNR FP FN TP TN
Ptt 0.44 0.5 569897 0 0 120 0
PtMxdl 042 04167 57.7812 0 0 40 80
PtMxd2 042 04167 57.7812 0 0 40 100
Total - - -0 0 200 180

From Table 4.2, the FPR and FNR can be computed thus:

FP 0
FP pum— pu— pu—
& FP+TN 0+180 0
FPR =0% 4.3)
FNR = FN = L =0
TP+ FN 200+0
FNR =0% (4.4)

The triangles detected by the CSA were to a sub-pixel accuracy as indicated by MAE and MSE
of less than 1.0 in all cases. There was perfect detections of triangles, as no triangles were

missed during the tests. Thus, the FNR is 0% and FPR of 0% indicates that there were no false
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alarms (no case of returning a non-triangle as a triangle).

4.2.3 Detecting quadrilaterals

Figure 4.8 shows the CSA based quadrilateral detector tested on three different synthetic im-
ages. Showing that irrespective of the positions of the quadrilateral shapes, the CSA correctly
identified the quadrilaterals in the test images. The system also distinguished the desired shapes

(quadrilaterals in this case) from other shapes present in the test images.

(a) Detecting Quadrilaterals on | (b) Detecting Quadrilaterals on | (c) Detecting Quadrilaterals on
Ptc PtMxd1 PtMxd2

Figure 4.8: Detecting Quadrilaterals on Synthetic Images

The results obtained after 20 runs of the algorithm are shown in Table 4.3. The MAE, MSE
and PSNR represent the average values, while the FP, FN, TP and TN values were summed up
for the 20 runs.

Table 4.3: Detecting Quadrilaterals on Synthetic Images

Image MAE MSE PSNR FP FN TP TN
Ptq 0.52 0.5208 56.8127 0 24 96 0
PtMxdl  0.56 0.5625 564782 0 2 38 80
PtMxd2 0.5 0.5 569897 0 0 40 100
Total - - - 0 26 174 180

From Table 4.3, the FPR and FNR can be computed thus:
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PP 0

FPR =5 7N 07180 C
FPR =0% (4.5)
FN 2%
FNR = - —01
R=7p PN~ Trazog 013
FNR =13% (4.6)

The CSA showed consistency in reporting 0% FPR as observed when tested on circles and tri-
angles. However, there was a higher FNR of 13%. That is, there is a likelihood of missing 13
quadrilaterals out of every 100 quadrilaterals. In terms of accuracy of detections, the quadrilat-
erals detected had sub-pixel accuracy with maximum MAE of 0.56 and MSE of 0.5625 as can

be readily observed from table 4.3.

4.2.4 Detecting multiple shapes

The final CSA based system for detecting multiple shapes was then implemented and tested on
the synthetic test images in order to test its ability for detecting multiple desired shapes within
an image. The CSA system was able to correctly identify all desired shapes in the image scenes
- be it multiple instances of a shape or mixture of desired and undesired shapes. This is shown
in Figure 4.9, where the task was to detect all quadrilaterals, circles and triangles in the test

images.

The system was tested on the five (5) synthetic images and the results are as presented in Table
4.4 for 20 runs of the algorithm on each image. The MAE, MSE and PSNR represent the

average values, while the FP, FN, TP and TN values were summed up for the 20 runs.

Table 4.4: Detecting Multiple Shapes on Synthetic Images

Image MAE MSE PSNR FP FN TP TN
Ptc 046 04921 57.0589 0 6 114 0
Ptt 0.44 0.5 569897 0 0 120 0
Ptq 0.52 0.5208 56.8127 0 11 109 0
PtMxdl  0.48 0.5077 56.9233 0 1 119 0
0
0

PtMxd2 0.46 04722 57.2381 0 120 20
Total - - - 18 582 20
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(a) Detecting Multiple Shapes on PtMxd1 (b) Detecting Multiple Shapes on PtMxd?2

Figure 4.9: Detecting Multiple Shapes on Synthetic images

From Table 4.4, the FPR and FNR can be computed thus:

FP 0
FP — — —=
h FP+TN 0420 0
FPR = 0% 4.7)
FN 18
h TP+ FN 582418 0.03
FNR = 3% (4.8)

The FPR is still 0%, while in the task for detecting mixed shapes, the FNR of 3% has been
recorded. All the shapes detected were to a sub-pixel accuracy, with all MAE and MSE in table
4.4 being less than 1.0. Therefore, there was no loss in performance of the algorithm when it

was modified to detect multiple shapes.

In order to compare the accuracy of the detections with those reported in Cuevas et al. (2012a),called
Circle CSA, and Cuevas et al. (2012b), called LA, the error scores (minimum, maximum and
mean F) of the proposed multiple shapes detection CSA, called mCSA, for circles, quadri-
laterals, triangles are presented in Table 4.5. The error score on detecting mixture of the three

shapes has also been presented.
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Table 4.5: Minimum, Maximum and Mean FE for Circle CSA, LA and mCSA on Synthetic

Images

Minimum £, Maximum £, Mean E,

Circle CSA 0.31
LA 0.28
mCSA (Circle) 0.05
mCSA (Triangle) 0.25
mCSA (Quadrilateral) 0.40
mCSA (AllShapes) 0.05

0.40
0.41
0.30
0.27
0.45
0.45

0.36
0.34
0.14
0.26
0.43
0.27

Table 4.5 reports the E for the developed CSA capable of detecting multiple shapes (mCSA),

and how it compares with the £ reported in Cuevas et al. (2012a) and Cuevas et al. (2012b)

for circle detection. The mCSA has been able to report the lowest mean F,- = 0.14 when

detecting circles, and it can thus be concluded that the developed mCSA is the most accurate

of the three (3) implementations compared on circle detections. The mean £, for mCSA when

detecting quadrilaterals, F;o = 0.43; triangles, Fsr = 0.26; and the three (3) shapes combined,

E, = 0.27. Figure 4.10 gives a bar chart representation of the error scores for Circle CSA, LA

and multiple shapes CSA when detecting circles, showing their respective minimum, maximum

and mean F.

0.45

0.4 0.41

04

0.35

0.36
0.31
. 0.28
0.15
0.1
0.05
0

=
[ =
Lh L+d

=
o)

Error Score, Es

Circle CSA
Algorithm

034
LA

B Minimum Es
Maximum Es
B Mean Es
03
0.14
0.05
mCSA (Circle)

Figure 4.10: Minimum, Maximum and Mean Error Scores for Circle CSA, LA and mCSA

(Circle)

55



The percentage improvement or decrease in error scores for circle detections by the mCSA

against those reported in literature are:
1. Improvement on Circle CSA developed by Cuevas ef al. (2012a)

0.36 — 0.14
Percentage improvement = 036 x 100%

=61.11%
2. Improvement on LA developed by Cuevas et al. (2012b)

0.34 —0.14
Percentage improvement = s x 100%

= 58.82%

4.3 Detecting Shapes on Real Images

The CSA based system for detecting multiple shapes was finally tested on six (6) real images
containing the desired shapes. Figures 4.11 to 4.16 show the images, edge-only images, corner-
only images and detections by the proposed CSA system. The proposed CSA system correctly

detected the shapes in all the tested images.

(a) RealC Image (b) RealC Edge Image, Edges = 724

*

(c) RealC Corner Image, Corners = 200 (d) RealC Detections

Figure 4.11: Real Image of Circular Shaped Objects, RealC
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(a) RealQ Image (b) RealQ Edge Image, Edges = 853

(c) RealQ Corner Image, Corners = 8 (d) RealQ Detections

Figure 4.12: Real Images of Quadrilateral Shapes, RealQ

(a) RealT Image (b) RealT Edge Image, Edges = 1330

(c) RealT Corner Image, Corners = 7 (d) RealT Detections

Figure 4.13: Real Images of Triangular Shapes, RealT
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(a) RealMxd1 Image

(c) RealMxd1 Corner Image, Corners = 8 (d) RealMxd1 Detections

Figure 4.14: Multiple Shapes Image, RealMxd1

(a) RealMxd2 Image (b) RealMxd2 Edge Image, Edges = 1532

(c) RealMxd?2 Corner Image, Corners = 8§ (d) RealMxd2 Detections

Figure 4.15: Multiple Shapes Image 2, RealMxd2
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(a) RealMxd3 Image (b) RealMxd3 Edge Image, Edges = 1769

(c) RealMxd3 Corner Image, Corners = 13 (d) RealMxd3 Detections

Figure 4.16: Multiple Shapes Image 3, RealMxd3

Table 4.6 presents the result for detections on real images when the algorithm tested 20 times

on each image.

Table 4.6: Detecting Multiple Shapes on Real Images

Image FP FN TP TN
RealC 0 7 33 0
RealQ 0 0 40 0
RealT 0 0 40 0
RealMxd1 0 0 80 0
RealMxd2 O 0 60 0
RealMxd3 1 6 74 20
Total 1 13 327 20

Similarly, the FPR and FNR can be computed thus:
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FP

FPR= 557N = 1529~ V0476
FPR = 4.76% (4.9)
FN 13
FNR = — — 0.0382
R=Fp PN ~3r513 0038
FNR = 3.82% (4.10)

With FPR = 4.76% and FNR = 3.82%, as computed from the results shown in Table 4.6, there
is therefore a probability of 0.0476 for the mCSA to falsely classify a shape as one of the
desired shapes on real images. The probability of mCSA to miss a desired shape in real images
is 0.0382. The mCSA algorithm is able to detect these shapes even though they represent
imperfect triangles, quadrilaterals and circles as can be seen from the edge images of Figures
4.11 to 4.16. The mCSA is able to achieve this because it does not require a perfect match to

ascertain the presence of the shape.

Figure 4.17 gives a bar chart comparison of the FNR and FPR of the proposed CSA system,
mCSA, for detecting the desired shapes on synthetic and real images. Lower values of FNR
and FPR are reported for the synthetic images because these represent perfect samples of the
desired shapes. The imperfections in the captured real images has resulted in increased FPR
and FNR. However, despite the odds, the proposed mCSA system was still able to correctly

identify circles, quadrilaterals and triangles in the test images.
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Figure 4.17: False Positive and False Negative Rates for Detecting Multiple Shapes on Real
and Synthetic Images
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CHAPTER FIVE
SUMMARY, CONCLUSION AND RECOMMENDATIONS

5.1 Introduction

This chapter gives the summary of the research, problems encountered, significant contribu-

tions conclusions drawn, and recommendations for future directions of the research.

5.2 Summary

This dissertation has reported the development and implementation of CSA based system for
detecting multiple circles, quadrilaterals and triangles in an image. The image scene is first
preprocessed by extracting all edge and corner points. The next step involved the generation of
candidate circles from the edge points, while candidate quadrilaterals and triangles were gener-
ated from the corner points. This is followed by optimization of the candidate solutions using
the CSA and extraction of candidate solutions with high fitness with the image scene. Finally,
these solutions were processed using a distinctness factor to eliminate duplicate detections af-
ter which all detected shapes were returned to the user. The CSA system was tested on five
(5) synthetic and six (6) real images and the MSE, PSNR, FPR and FNR for these tests were
reported. Also reported were the error scores of the implemented multiple shapes detector and

how it compared with values reported in two reviewed literature.

5.3 Problems Encountered

The two major problems encountered during the course of the research are:

1. Inability to get a repository of images from authors of published work to compare the

developed system with.

2. Inability to access a standard repository of geometric shapes to use to test the algorithm.
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5.4 Significant Contributions

From results presented, the major contributions of this research are:

1. The successful development of the CSA algorithm to detect three (3) shapes, unlike other

implementations that were capable of detecting only single shape type.

2. The attainment of mean error score of 0.14 for circle detection, representing 61.11% and
58.82% improvement when compared to Circle CSA (with error score of 0.36) and LA

(with error score of 0.34) respectively.

5.5 Conclusion

A CSA system has been developed using MATLAB 2015a for detecting multiple circles,
quadrilaterals and triangles present in an image scene. The algorithm exploits the basic ge-
ometric properties of these shapes to actualize the set objectives of correct detection of all
instances of the desired shapes irrespective of their locations, orientations and sizes in both real
and synthetic images. The CSA system has been able to achieve these objectives within a single
run of the algorithm. Performance analysis carried out on the system reported MSE ranging
from 0.4722 to 0.5208 and PSNR ranging from 56.9233 to 57.2381 on synthetic images (Table
4.4) and gave sub pixel accuracy of detected shapes as observed from the MAE of less than
1. FPR of 0% and FNR of 3% was reported on the detections of multiple shapes on synthetic
images while on real images, there were higher FPR and FNR of 4.76% and 3.82% respec-
tively. The mean error score of 0.14 on circle detections is the lowest in comparison with the
results of Circle CSA (0.36) and LA (0.34) reported in literature, representing an improvement

of 61.11% and 58.82% respectively.

5.6 Recommendations for Future Work

Further work can be done to:
1. Investigate ways of reducing the FPR and FNR of the system, especially on real images.
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. Extend the algorithm to detect desired shapes in video scenes.
. Extend the algorithm to detect more shapes other than the ones studied.

. Implement the system in a concurrent programming approach rather than the procedural

approach adopted in this project.
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APPENDIX A

Shape Points
[Ptc, Ptqg, Ptt, PtMxdl, PtMxd2, PtMxd3] = ShapePoints()
2 Ptc = {’Images/Ptc.jpg’ {’c’ [250, 120, 50;
100, 340, 80;
100, 100, 90;
400, 100, 70;
340, 340, 150;
360, 350, 100]
"q" 1]
"t (1]
‘" [1}};
{" Images/Ptqg.jpg’ {’'c’ []
"gq’ [10, 490, 10, 400; 10, 400, 100, 400, 100, 400, 100, 490; 100, 490, 10,
490;
100, 380, 350, 380; 350, 380, 320, 470, 320, 470, 150, 470; 150, 470, 100,
380;
350, 350, 400, 400; 400, 400, 450, 350, 450, 350, 400, 300; 400, 300, 350,
350;
50, 300, 150, 350; 150, 350, 150, 200, 150, 200, 50, 150; 50, 150, 50,
300;
200, 250, 300, 250; 300, 250, 300, 100; 300, 100, 200, 100, 200, 100, 200,
250;
400, 240, 350, 30; 350, 30, 470, 50; 470, 50, 450, 200; 450, 200, 400, 240]
tro [l
P’ [1}};
Ptt = {’Images/Ptt.jpg’ {’'c’ []
"q" 1]
"tr [50, 450, 50, 350; 50, 350, 150, 350; 150, 350, 50, 450;
250, 450, 350, 450; 350, 450, 250, 350; 250, 350, 250, 450;
300, 360, 400, 450; 400, 450, 490, 360; 490, 360, 300, 360;
20, 50, 140, 290; 140, 290, 190, 140; 190, 140, 20, 50;
270, 300, 350, 160; 350, 160, 470, 300; 470, 300, 270, 300;
300, 150, 250, 10; 250, 10, 450, 150, 450, 150, 300, 150]
P’ (11}
= {’Images/PtMxdl.Jpg’ {’c’ [300, 170, 150]
"gq’ [50, 450, 200, 450; 200, 450, 300, 350, 300, 350, 50, 350; 50, 350, 50,
450]
£’ [300, 250, 200, 100, 200, 100, 400, 100; 400, 100, 300, 250]
"p" (11}
= {’Images/PtMxd2.Jjpg’ {’c’ [270, 400, 90;
380, 120, 100]
"gq’ [50, 450, 150, 450; 150, 450, 150, 320, 150, 320, 50, 250; 50, 250, 50,
450;
370, 480, 470, 480; 470, 480, 470, 310, 470, 310, 370, 310; 370, 310, 370,
480]
't’ [20, 200, 130, 10; 130, 10, 20, 10; 20, 10, 20, 200;
100, 100, 200, 200; 200, 200, 230, 100; 230, 100, 100, 100]
"p’ (11}
= {’Images/PtMxd3.Jjpg’ {’c’ [250, 380, 50;
250, 350, 100]
"q’” [420, 350, 470, 350; 470, 350, 470, 300, 470, 300, 420, 300; 420, 300, 420,
350;
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43 300, 250, 450, 250; 450, 250, 450, 50; 450, 50, 300, 50; 300, 50, 300,

250]

44 't/ [490, 490, 490, 400; 490, 400, 400, 400; 400, 400, 490, 490;

45 100, 300, 250, 100; 250, 100, 50, 100; 50, 100, 100, 300]

46 'p’ [10, 400, 50, 450; 50, 450, 100, 450; 100, 450, 140, 400; 140, 400, 100,

350; 100, 350, 50, 350; 50, 350, 10, 40011%t};
47 end
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APPENDIX B

Shape Maker

function ShapeMaker (PtAllt,Size)
Image = NaN(Size);

Image(:,:

PtName =
PtAll =

for

end

Shp
Shap
Pt =

end

.7

)

= 255;

PtAl1t{1,1};
PtAllt{1,2};
= l:size (PtAll,1)

e =

PtAll{Shp,1};

PtAll{Shp,2};
if “isempty (Pt)

ShapesCount = size (Pt,1);

for il = 1:ShapesCount

end

if strcmp (Shape,’c’)
xyMatc = MCA(Pt(il,1),Pt(il,2),Pt(1i1,3));
for i2 = 1l:size(xyMatc,1)
Image (xyMatc(i2,1),xyMatc(i2,2),:) = 0;
end
elseif strcmp (Shape,’q’)
xyMatg = MLA ([Pt (il,1),Pt(il,2)], [Pt (il,3)
for i2 = l:size(xyMatqg,1)
Image (xyMatqg(i2, 2),xyMatqg(i2,1),:) = 0;
end
elseif strcmp (Shape,’t’)
xyMatt = MLA ([Pt (il,1),Pt(il,2)], [Pt (il,3),
for i2 = l:size(xyMatt, 1)
Image (xyMatt (i2,2) ,xyMatt (i2,1),:) = 0;
end
elseif strcmp (Shape,’p’)
xyMatp = MLA([Pt(il,1),Pt(il,2)], [Pt (il,3)
for 12 = 1l:size(xyMatp, 1)
Image (xyMatp(i2,2),xyMatp(i2,1),:) = 0;
end
else
display (' ShapeMaker Invalid Shape’);
end

imwrite (Image, PtName) ;

imshow (Image)

end
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APPENDIX C

CSA for Detecting Multiple Circles

function [Pt,CornerImage, CornerMap, EdgeImage, EdgeMap, Image] = CSAcircle (ImageNo)
warning (‘off’, 'MATLAB:singularMatrix’);

warning (' off’,"MATLAB:nearlysSingularMatrix’);
[CornerImage, CornerMap, EdgeImage, EdgeMap, Image] = PrepImage (ImageNo) ;

NAb = 120; %Population of Antibodies

NMAb = 100; $Population of Memory Cells

NewAb = NAb - NMADb; 2%New random antibodies to be added to pool

NC = 100; $%Total Number of clones

P = 3; $%Step size/damping factor for mutation prob

Its = 100; $%$Number of iterations...

[T, iMaxEdges] = size(EdgeMap); %iMaxEdges stores the total edges in the image.
[7,1iMaxCorners] = size(CornerMap); $%$iMaxCorners stores the total corners in the image

Pt = CreateAntibodies (NAb, iMaxEdges, EdgeMap, EdgeImage) ;
Pt = sortrows (Pt,-5);
GBest = Pt (1l,:);
for its = 1:Its
fprintf (' $d %$s\n %s\n’,its,mat2str (GBest),mat2str ([Pt (10,5),Pt(30,5),Pt(60,5),Pt

(88,5)1));
if GBest(1,5) == 1
fprintf (' Perfect\n’);
break;
end
Ak = Pt (1l:NMAb, :); %Select Best NMAb memory antibodies

Ak = C_HM_CS (Ak,NC, iMaxEdges, EdgeMap, EdgeImage,P); %perform C,HM and CS
Ab_New = CreateAntibodies (NewAb, iMaxEdges, EdgeMap, EdgelImage) ; $Create new antibodies
Pt = [Ak;Ab_New]; $Replace worst antibodies with the newly created ones
Pt = sortrows (Pt,-5);
GBest = Pt (1l,:);
end
function Ak_New = C_HM_CS (Ak,NC, iMax, Map, EdgeImage, P)
Ak_New = NaN(size (RAk));
Den = sum(Ak(:,5));
if Den == 0
Den = le-12;
end
for il 1l:size (Ak_New, 1)
Qk = round (NCx (Ak (11, 5) /Den));

Clones = ones (Qk+1,1); %An additional clone to retain the original antibody
Clones = Clones*Ak (i1, :);
MutProb = exp (-PxAk(1i1l,5));
Ak_New (il, :) = Mutate(Clones, iMax,MutProb,Map, EdgeImage) ;
end

end
function NewAk = Mutate (Clones, iMax,MutProb,Map,EdgeImage)
Rws = size(Clones,1l)-1; %In order to prevent mutationo of the original antibody
i2 = 1;
while i2 <= Rws
tIndex = Clones (i2,1:3);
for i3 = 1:3
if rand <= MutProb
tIndex(1,1i3) = randi (iMax) ;
end
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52 end

53 xyl = Map{tIndex(1l,1)}; $%Extract the xy coordinates
54 xy2 = Map{tIndex(1l,2)};

55 xy3 = Map{tIndex(1,3)};

56 if "Collinear (xyl,xy2,xy3) && (numel (unique (tIndex))==size (tIndex,2))
57 Clones(i2,1:3) = sort(tIndex(1l,1:3));

58 [x0, y0, R] = GetCenter (xyl, xy2, xy3);

59 xy = MCA(x0, y0, R);

60 Fitness = GetFitness (xy,Edgelmage);

61 Clones (i2,5:8) = [Fitness,R,x0,y0];

62 i2 = 12 + 1;

63 end

64 end

65 Clones = sortrows (Clones,-5);

66 NewAk = Clones (1, :);

67 end

68 end
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APPENDIX D

CSA for Detecting Multiple Quadrilaterals

function [Pt,CornerImage, CornerMap, EdgeImage, EdgeMap, Image] = CSAquadrilateral (ImageNo)
warning (‘off’, 'MATLAB:singularMatrix’);
warning (' off’,"MATLAB:nearlysSingularMatrix’);
warning ('off’);
if ImageNo ==

[Image, Edgelmage,EdgeMap,CornerImage,CornerMap] = ShapeMaker ();
else

[CornerImage, CornerMap, EdgeImage, EdgeMap, Image] = PrepImage (ImageNo) ;

end
NAb = 120; %Population of Antibodies
NMAb = 100; ®%Population of Memory Cells
NewAb = NAb - NMADb; 2%New random antibodies to be added to pool
NC = 100; $%Total Number of clones

P = 3; %Step size/damping factor for mutation prob

Its = 100; $Number of iterations...

[7,1iMaxEdges] = size (EdgeMap); %iMaxEdges stores the total edges in the image.

[T, 1iMaxCorners] = size (CornerMap); 9%$iMaxCorners stores the total corners in the image

Pt = CreateAntibodies (NAb, iMaxCorners,CornerMap, EdgeImage) ;
Pt = sortrows (Pt,-5);
GBest = Pt (1l,:);
for its = 1:1Its
fprintf (' $d %s\n %s\n’,its,mat2str (GBest),mat2str ([Pt (10,5),Pt(30,5),Pt(60,5),Pt
(88,5)1));
if GBest (1,5) ==
fprintf (' Perfect\n’);
break;
end
Ak = Pt (l:NMAb, :); $%Select Best NMAb memory antibodies
Ak = C_HM_CS (Ak,NC, iMaxCorners, CornerMap, EdgeImage,P); $%perform C,HM and CS
Ab_New = CreateAntibodies (NewAb, iMaxCorners,CornerMap, EdgelImage) ; $Create new
antibodies
Pt = [Ak;Ab_New]; $Replace worst antibodies with the newly created ones
Pt = sortrows (Pt,-5);
GBest = Pt (l,:);
end
function Ak_New = C_HM_CS (Ak,NC, iMax,Map, EdgeImage, P)
Ak_New = NaN(size (Ak));
Den = sum(Ak(:,5));
if Den ==
Den = le-12;
end
for il = l:size (RAk_New, 1)
Qk = round (NC* (Ak (il,5) /Den));
Clones = ones (Qk+1,1);
Clones = Clones*Ak (il, :);
MutProb = exp (-PxAk (il,5));
Ak_New(il, :) = Mutate (Clones, iMax,MutProb,Map, EdgeImage) ;
end
end
function NewAk = Mutate (Clones, iMax,MutProb,Map, EdgeImage)
Rws = size(Clones,1)-1; %In order to prevent mutation of the original antibody,
the last antibody 1is not mutated in the pools of antibody clones to be
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mutated acording to the mutation probability

50 i2 = 1;

51 while i2 <= Rws

52 tIndex = Clones(i2,1:4);

53 for i3 = l:size(tIndex,?2)

54 if rand <= MutProb %&&

55 tIndex(1,1i3) = randi (iMax);

56 end

57 end

58 xyl = Map{tIndex(l,1)}; $Extract the xy coordinates
59 xy2 = Map{tIndex(1l,2)};

60 xy3 = Map{tIndex(1,3)};

61 xy4 = Map{tIndex(1l,4)};

62 if "Collinear (xyl,xy2,xy3,xy4) && (numel (unique (tIndex))==size(tIndex,2))
63 Clones(i2,1:4) = sort (tIndex(l,1:4));

64 Fitness = GetQuadFitness (xyl,xy2,xy3,xy4,Edgelmage,2);
65 Clones (i2,5:13) = [Fitness,xyl,xy2,xy3,xy4];

66 i2 = 12 + 1;

67 end

68 end

69 Clones = sortrows (Clones,-5);

70 NewAk = Clones(1,:);

71 end

72 end
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APPENDIX E

CSA for Detecting Multiple Triangles

function [Pt,CornerImage, CornerMap, EdgeImage, EdgeMap, Image] = CSAtriangle (ImageNo)
warning (‘off’, 'MATLAB:singularMatrix’);

warning (' off’,"MATLAB:nearlysSingularMatrix’);
[CornerImage, CornerMap, EdgeImage, EdgeMap, Image] = PrepImage (ImageNo) ;

NAb = 120; %Population of Antibodies

NMAb = 100; $Population of Memory Cells

NewAb = NAb - NMADb; $%New random antibodies to be added to pool

NC = 100; $%Total Number of clones

P = 3; $%Step size/damping factor for mutation prob

Its = 100; $%Number of iterations...

[T, iMaxEdges] = size(EdgeMap); %iMaxEdges stores the total edges in the image.
[7,1iMaxCorners] = size(CornerMap); $%$iMaxCorners stores the total corners in the image

Pt = CreateAntibodies (NAb, iMaxCorners, CornerMap, EdgeImage) ;
Pt = sortrows (Pt,-5);
GBest = Pt (1l,:);
for its = 1:Its
fprintf (' $d %$s\n %s\n’,its,mat2str (GBest),mat2str ([Pt (10,5),Pt(30,5),Pt(60,5),Pt

(88,5)1));
if GBest(1,5) == 1
fprintf (' Perfect\n’);
break;
end
Ak = Pt (1l:NMAb, :); %Select Best NMAb memory antibodies

Ak = C_HM_CS (Ak,NC, iMaxCorners, CornerMap, EdgeImage,P); $perform C,HM and CS
Ab_New = CreateAntibodies (NewAb, iMaxCorners,CornerMap, EdgelImage); $Create new
antibodies
Pt = [Ak;Ab_New]; $Replace worst antibodies with the newly created ones
Pt = sortrows (Pt,-5);
GBest = Pt (1l,:);
end
function Ak_New = C_HM_CS (Ak,NC, iMax,Map, EdgeImage, P)
Ak_New = NaN(size (Ak));
Den = sum(Ak(:,5));
if Den ==
Den = le-12;
end
for il = l:size (Ak_New, 1)
Qk = round (NCx (Ak (i1,5) /Den));
Clones = ones (Qk+1,1);

Clones = Clones*Ak (il, :);

MutProb = exp (-P*xAk(il,5));

Ak_New (il, :) = Mutate (Clones, iMax,MutProb,Map, EdgeImage) ;
end

end
function NewAk = Mutate (Clones, iMax,MutProb,Map, EdgeImage)

Rws = size(Clones,l)-1; $%$In order to prevent mutation of the original antibody,
the last antibody is not mutated in the pools of antibody clones to be
mutated acording to the mutation probability

i2 = 1;

while i2 <= Rws
tIndex = Clones (i2,1:3);
for i3 = l:size(tIndex,2)
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49 if rand <= MutProb

50 tIndex(1l,i3) = randi (iMax);

51 end

52 end

53 xyl = Map{tlIndex(1l,1)}; $%Extract the xy coordinates

54 xy2 = Map{tIndex(1,2)};

55 xy3 = Map{tIndex(1,3)};

56 if “Collinear (xyl,xy2,xy3) && (numel (unique (tIndex))==size (tIndex,?2))
57 Clones(i2,1:3) = sort (tIndex(1l,1:3));

58 Fitness = GetTriangleFitness (xyl,xy2,xy3,EdgelImage,?2);
59 Clones (i2,5:11) = [Fitness,xyl,xy2,xy3];

60 i2 = i2 + 1;

61 end

62 end

63 Clones = sortrows (Clones,-5);

64 NewAk = Clones (1, :);

65 end

66 end
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function

APPENDIX F

CSA for Detecting Multiple Shapes

warning (Y off’);

PtAll

oo oo oo

else

= {'c", [1;"a", L1;"t", (1}
if ImageNo ==
[Image, EdgelImage, EdgeMap, CornerImage, CornerMap]

[CornerImage, CornerMap, EdgeImage, EdgeMap, Image] =

o

end
tic
NAb =
NMAb =
NewAb

120; %Population of Antibodies

100; %Population of Memory Cells

NC = 100; $%Total Number of clones

P = 3;
Its =

[7,1iMaxEdges] = size (EdgeMap); $%$iMaxEdges stores the total edges in the image.
[7,iMaxCorners] = size(CornerMap); $%$iMaxCorners stores the total corners in the image
= PtAll;

GBest
for il
if

$Step size/damping factor for mutation prob

100; #Number of iterations...

= 1l:size (PtAll, 1)
stremp (PtA11{il,1},'c’)

= ShapeMaker();

PrepImage (ImgName) ;

= NAb - NMAb; $New random antibodies to be added to pool

Ptemp = CreateAntibodies (NAb, iMaxEdges, EdgeMap, EdgeImage,’c’);
elseif strcemp (PtA11{il,1},’'qg")
Ptemp = CreateAntibodies (NAb, iMaxCorners,CornerMap,EdgelImage,’'q’);
elseif strcmp (PtA11{il,1},’'t’")
Ptemp = CreateAntibodies (NAb, iMaxCorners,CornerMap,EdgeImage,’'t’);

else

display(’invalid shape encountered at posl CSA’)

end

Ptemp = sortrows (Ptemp,-5);
GBest (i1,2) = {Ptemp(1l,:)};
PtAll(il,2) = {Ptemp};

end

for its

fprintf (’%d\n%s %d\n%s %d\n%s %d\n’,...

do oo oo oo op

= 1:Its

its,...
GBest{1,1},GBest{1,2}(1,5),...
GBest{2,1},GBest{2,2}(1,5),...
GBest{3,1},GBest{3,2}(1,5))

if GBest{1l,2}(1,5) == 1 && GBest{2,2}(1,5) == 1 && GBest{3,2}(1,5) ==

oo

end

fprintf (’Perfect\n’);
break;

AkAll = {PtAll{1l,1},PtAll{1l,2} (1:NMADb, :)

for

PtAl1{2,1},PtAl1{2,2} (1:NMAb, :)
PtAl1{3,1},PtAl1{3,2} (1:NMAb, :)};

i2 = l:size (AkAll, 1)

Shape = AkAll{i2,1};
Ak = AkAll{i2,2};
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[PtAll,CornerImage, CornerMap, EdgeImage, EdgeMap, Image] = CSA (ImgName)
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53

if strcmp (Shape,’c’)

54 iMax = iMaxEdges;

55 Map = EdgeMap;

56 elseif strcmp (Shape,’q’) | |stremp (Shape,’t’)

57 iMax = iMaxCorners;

58 Map = CornerMap;

59 else

60 display (’invalid Shape in CSA pos2’)

61 end

62 Ak = C_HM_CS (Ak,NC, iMax,Map, EdgeImage, P, Shape) ;
63 Ab_New = CreateAntibodies (NewAb, iMax,Map, EdgeImage, Shape) ;
64 Pt = [Ak;Ab_New];

65 Pt = sortrows (Pt,-5);

66 GBest (12,2) = {Pt(1,:)};

67 PtAll (i2,2) = {Pt};

68 end

69 end

70 function Ak_New = C_HM_CS (Ak,NC, iMax,Map, EdgeImage, P, Shape)
71 Ak_New = NaN(size (Ak));

72 Den = sum(Ak(:,5));

73 if Den ==

74 Den = le-12;

75 end

76

77 for i3 = l:size (Ak_New, 1)

78 Qk = round (NCx (Ak (i3,5) /Den));

79 Clones = ones (Qk+1,1);

80 Clones = Clones*Ak (i3, :);

81

82 MutProb = exp (-PxAk (i3,5));

83 Ak_New (i3, :) = Mutate (Clones, iMax,MutProb,Map, EdgeImage, Shape) ;
84 end

85 end

86 function NewAk = Mutate (Clones, iMax,MutProb,Map, EdgeImage, Shape)
87 if strcmp (Shape,’c’) | |strcemp (Shape,’'t’)

88 n = 3;

89 elseif strcmp (Shape,’q’)

90 n = 4;

91 else

92 display (' Invalid shape in Mutate function’)
93 end

94

95 Rws = size(Clones,1l)-1;

96 i4 = 1;

97 while i4 <=Rws

98 tIndex = Clones(i4,1:n);

99 for i5 = l:size(tIndex,2)

100 if rand <= MutProb

101 tIndex(1,1i5) = randi (iMax) ;

102 end

103 end

104 tIndex = sort (tIndex(l,1:n));

105 xyl = Map{tIndex(1,1)};

106 xy2 = Map{tIndex(1,2)};

107 xy3 = Map{tIndex(1,3)};
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108 Test = "Collinear (xyl,xy2,xy3) && (numel (unique (tIndex)) == size(tlIndex,2));

109 if stremp (Shape,’q’)

110 xy4 = Map{tIndex(1l,4)};

111 Test = “Collinear (xyl,xy2,xy3,xy4) && (numel (unique (tIndex)) == size(
tIndex,2));

112 end

113 if Test

114 Clones (i4,1:n) = tIndex;

115 if stremp (Shape,’c’)

116 [x0, y0, R] = GetCenter (xyl, xy2, xy3);

117 xy = MCA (x0, yO0, R);

118 Fitness = GetFitness (xy,Edgelmage);

119 Clones(i4,5:8) = [Fitness,R,x0,y0];

120 elseif strcmp (Shape,’q’)

121 [7,xyMat,~] = QuadLines (xyl,xy2,xy3,xy4);

122 Fitness = GetFitness (xyMat, EdgeImage) ;

123 Clones(i4,5:13) = [Fitness,xyl,xy2,xy3,xy4];

124 elseif strcmp (Shape,’t’)

125 [~,xyMat, ] = TriangleLines (xyl,xy2,xy3);

126 Fitness = GetFitness (xyMat, EdgeImage);

127 Clones(i4,5:11) = [Fitness,xyl,xy2,xy3];

128 else

129 display (’invalid shape in Mutate p2’);

130 end

131 i4 = i4 + 1;

132 end

133 end

134 Clones = sortrows (Clones,-5);

135 NewAk = Clones (1, :);

136 end

137 toc

138 end
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APPENDIX G

Detecting Distinct Instances of a Shape

1 function FMemAbs = AllDistinctShapes (tAtbs, s, rmin, Image)
2 Img = size(Image);

3 rmax = min(Img(1:2));

4 Esth = (rmax - rmin)/s;

5 Shps = size (tAtbs,1);

6 Threshold = [0.9;0.9;0.91;

7 DCount = zeros (Shps,1);

8 FMemAbs = cell (size (tAtbs));

9 for Shp = 1:Shps

10 Shape = tAtbs{Shp,1};

11 Atbs = tAtbs{Shp,2};

12 ShapeAbs = Atbs (Atbs(:,5) >= Threshold(Shp), :);

13 ShapeAbs = sortrows (ShapeAbs, -5);

14 FinalMemAbs = NaN (size (ShapeAbs));

15 if size (Shapelbs,1) > 0

16 FinalMemAbs (1, :) = ShapeAbs (1, :);

17 DCount (Shp) = 1;

18 Distinct = 1;

19 for i = 2:size(Shapelbs,1)
20 tempAb = Shapelbs (i, :);
21 for i2 = 1:DCount (Shp)
22 if stremp (Shape,’c’)
23 Esdi = sum(abs (tempAb(6:8) - FinalMemAbs (i2,6:8)));
24 elseif strcmp (Shape,’q’)
25 Esdi = sum(abs (tempAb (6:13) - FinalMemAbs (i2,6:13)));
26 elseif strcmp (Shape,’t’)
27 Esdi = sum(abs (tempAb (6:11) - FinalMemAbs (i2,6:11)));
28 else
29 display (’Invalid shape encountered in AllDistinctShapes.m’);
30 end
31 if Esdi < Esth
32 Distinct = 0;
33 break;
34 else
35 Distinct = 1;
36 end
37 end
38 if (Distinct)
39 DCount (Shp) = DCount (Shp) + 1;
40 FinalMemAbs (DCount (Shp), :) = tempAb;
41 end
42 end
43 end
44 if DCount (Shp) > 0
45 FinalMemAbs = FinalMemAbs (1:DCount (Shp), :);
46 else
47 FinalMemAbs = double.empty (0,size (FinalMemAbs,2));
48 end
49 FMemAbs{Shp, 1} = Shape;
50 FMemAbs{Shp, 2} = FinalMemAbs;
51 end
52 FMemAbs
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53 DrawShape (FMemAbs, Image) ;
54 end
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APPENDIX H

Collinearity Check

function Linear = Collinear (xyl,xy2,xy3,varargin)
if length (varargin) == 1;
xy4 = varargin{l};
[xyl,xy2,xy3,xy4] = ReArrange (xyl,xy2,xy3,xv4);
end
MinDistance = 25;
xyl = [xyl,0];
xy2 = [xy2,0];
xy3 = [xy3,0];
Points = ’'Non Linear’;
a3l = xy3 - xyl;
b312 = xyl - xy2;
d312 = norm(cross (a3l,b312)) / norm(a3l);
if d312 < MinDistance
Points = ’'Linear’;
end
al2 = -b312;
pbl23 = -a3l;
d123 = norm(cross(al2,bl23)) / norm(al2);
if d123 < MinDistance

i.e. xyl-xy2

i.e. xy3-xyl

o
°
o
°

Points = ’'Linear’;
end
if length(varargin) == 1
xy4 = [xv4,0];

b314 = xyl - xy4;
d314 = norm(cross (a3l,b314)) / norm(a3l);
if d314 < MinDistance
Points = ’'Linear’;
end
bl24 = xyl - xy4;
dl24 = norm(cross (al2,bl24)) / norm(al2);
if d124 < MinDistance
Points = ’'Linear’;
end
a43 = xy4 - xy3;
b431 = xy4 - xyl;
d431 = norm(cross (a43,b431)) / norm(a43);
if d431 < MinDistance
Points = ’'Linear’;
end
b432 = xy4 - xy2;
d432 = norm(cross (a43,b432)) / norm(ad3l);
if d432 < MinDistance
Points = ’'Linear’;
end
a4z = xy4 - xy2;
b421 = xy2 - xyl;
d423 = norm(cross (a42,b421)) / norm(a43);
if d423 < MinDistance
Points = ’'Linear’;
end
bd423 = xy2 - xy3;
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53 d423 = norm(cross (a42,b423)) / norm(a4d2);

54 if d423 < MinDistance

55 Points = ’'Linear’;

56 end

57 end

58 Linear = strcmpi (Points,’Linear’);
59 end
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APPENDIX I

Creating New Antibodies

1 function Pt = CreateAntibodies (NAb, iMax,Map, EdgeImage, Shape)
2 if stremp (Shape,’c’)

3 Pt = NaN (NAb, 8);

4 elseif strcmp (Shape,’q’)

5 Pt = NaN(NAb,13);

6 elseif strcmp (Shape,’t’)

7 Pt = NaN (NAb, 11);

8 else

9 display (' Invalid Shape in CreateAntibodies’);

10 end

11 i = 1;

12 while i <= NAb

13 if stremp (Shape,’c’) | |stremp (Shape,’t’)

14 tIndex = randi (iMax,1,3);

15 elseif strcmp (Shape,’q’)

16 tIndex = randi (iMax,1,4);

17 else

18 display (’Invalid Shape in CreateAntibodies’);
19 end
20 tIndex = sort (tIndex);
21 xyl = Map{tIndex(l)}; $%Extract xy coordinates
22 xy2 = Map{tIndex(2)};
23 xy3 = Map{tIndex(3)};
24 if stremp (Shape,’c’) | |stremp (Shape,’t’)
25 Test = “Collinear (xyl,xy2,xy3) && (numel (unique (tIndex)) == size (tIndex,2));
26 elseif strcmp (Shape,’q’)
27 xy4 = Map{tIndex (4)};
28 Test = "Collinear (xyl,xy2,xy3,xy4) && (numel (unique (tIndex)) == size(tIndex,2));
29 else
30 display (’Invalid Shape in pos2 CreateAntibodies’);
31 end
32 if Test
33 if stremp (Shape,’c’)
34 [x0,y0,R] = GetCenter (xyl,xy2,xy3);
35 xy = MCA(x0,y0,R);
36 Fitness = GetFitness (xy,EdgeImage);
37 Pt (i, :) = [tIndex,0,Fitness,R,x0,y0];
38 elseif strcmp (Shape,’q’)
39 [7,xyMat, "] = QuadLines (xyl, xy2,xy3,xy4);
40 Fitness = GetFitness (xyMat,EdgeImage);
41 Pt (i, :) = [tIndex,Fitness,xyl,xy2,xy3,xy4];
42 elseif strcmp (Shape,’t’)
43 [7,xyMat, "] = TriangleLines (xyl,xy2,xy3);
44 Fitness = GetFitness (xyMat,Edgelmage);
45 Pt (i,:) = [tIndex,0,Fitness,xyl,xy2,xy3];
46 else
47 display (' Invalid shape in pos3 createantibodies’)
48 end
49 i =1+ 1;
50 end
51 end
52 end
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APPENDIX J

Drawing Shapes

1 function DrawShape (PtAll, Image)

2 imshow (Image) ;
3 hold on
4 for Shp = l:size(PtAll, 1)

5 Shape = PtAll{Shp,1};

6 Pt = PtAll{Shp,2};

7 if “isempty (Pt)

8 ShapesCount = size (Pt,1);

9 for il = 1:ShapesCount

10 if stremp (Shape,’c’)

11 xyMat = MCA (Pt (il,7),Pt(il,8),Pt(il,6));

12 Step = round(size (xyMat,1l) / 8);

13 plot (xyMat (1,2),xyMat (1,1),’ *b’, xyMat (Step, 2) , xyMat (Step, 1) ...

14 , xyMat (2+Step, 2), xyMat (2*Step, 1) ,’ *b’ , xyMat (3xStep, 2), xyMat (3*Step, 1)
,Pxb’ L

15 , xyMat (4+Step, 2), xyMat (4*Step, 1),’ *b’ , xyMat (5xStep, 2), xyMat (5«Step, 1)
, P xb’ L

16 , xyMat (6xStep, 2),xyMat (6xStep,1),’ *b’, xyMat (7+«Step, 2), xyMat (7+«Step, 1)
, " *b’)

17 xy = {xyMat};

18 elseif strcmp (Shape,’q’)

19 [xy,”,”] = QuadLines ([Pt (il,6),Pt(il,7)], [Pt (il,8),Pt(i1,9)1,...

20 [Pt (il1,10),Pt(il,11)1, [Pt (i1,12),Pt(i1,13)]);

21 plot (Pt (i1,6),Pt(il,7), ' *b’,Pt(il,8),Pt(i1,9),’ *b’,Pt(i1,10),Pt(il1,11)...

22 , ' *b’,Pt(i1,12),Pt (i1,13),’*xb")

23 elseif strecmp (Shape,’t’)

24 xy = {[MLA([Pt(il,6),Pt(il, 7)1, [Pt(il,8),Pt(i1,9)1)

25 MLA ([Pt (il,8),Pt(il,9)], [Pt (il,10),Pt(il,11)1])

26 MLA ([Pt (il,6),Pt (i1, 7)1, [Pt (il,10),Pt(il,11)1)1};

27 plot (Pt (il,6),Pt (i1,7),’ *b",Pt(11,8),Pt (11,9), " xb’,Pt (i1,10),Pt (i1,11)," *

b’)

28 else

29 display (’invalid shape in drawshape’)

30 end

31 for i2 = 1l:size(xy,1)

32 plot (xy{i2} (:,2),xy{i2}(:,1),'b")

33 end

34 end

35 end

36 end

37 hold off

38 end
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APPENDIX K

Get Circle Centre
1 function [Xo,Yo,R] = GetCenter (Pl, P2, P3)
2 x1 = P1(1); yl = P1(2);
3 x2 = P2(1); y2 = P2(2);
4 x3 = P3(1); y3 = P3(2);
5 A = [2%(x]1 - x2) 2% (yl — y2);2x(x1 — x3) 2x(yl — y3)I\[x172 - x272 + y172 - y272;%x1"2

- x372 + yl1°2 - y372];

6 Xo = round (A (1));

7 Yo = round (A(2));

8 R = round(((Xo - x3)°2 + (Yo - y3)"2)"(1/2));
9 end
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APPENDIX L

Computing Fitness

1 function Fitness = GetFitness (xy, EdgeImage)

2 NRows = size(xy,1);

3 [xMax,yMax] = size (Edgelmage);

4 F_Sum = 0; % Counts Shape edges present in actual image
5 for i = 1:NRows

6 if (1 <=xy(i, 1)) && (xy(i,1) <= xMax)

7 if (1 <= xy(i,2)) && (xy(i,2) <= yMax)

8 if EdgeImage(xy (i, 1),xy(i,2))

9 F_Sum = F_Sum + 1;

10 elseif xy(i,1) > 1

11 if EdgeImage (xy (i, 1)-1,xy(i,2))
12

13 F_Sum = F_Sum + 1;

14 elseif xy(i,2) < yMax

15 if EdgelImage (xy (i, 1)-1,xy(i,2)+1)
16 F_Sum = F_Sum + 1;

17 end

18 end

19 elseif xy(i,2) > 1

20 if EdgeImage (xy (i, 1),xy(i,2)-1)
21 F_Sum = F_Sum + 1;

22 elseif xy (i, 1) < xMax

23 if EdgelImage (xy (i, 1)+1,xy(i,2)-1)
24 F_Sum = F_Sum + 1;

25 end

26 end

27 elseif (xy(i,1) > 1) && (xy(i,2) > 1)
28 if EdgelImage (xy(i,1)-1,xy(i,2)-1)
29 F_Sum = F_Sum + 1;

30 end

31 elseif xy (i, 1) < xMax

32 if EdgeImage (xy (i, 1)+1,xy(i,2))
33 F_Sum = F_Sum + 1;

34 end

35 elseif xy(i,2) < yMax

36 if EdgelImage (xy (i,1),xy(i,2)+1)
37 F_Sum = F_Sum +1;

38 end

39 elseif (xy(i,2) < yMax) && (xy(i,1) < xMax)
40 if EdgeImage (xy (i, 1)+1,xy (i, 2)+1)
41 F_Sum = F_Sum + 1;

42 end

43 end

44 end

45 end

46 end

47 Fitness = F_Sum/NRows;

48 end

91



[\

O 0N AW

10

12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31

APPENDIX M

Detecting Intersection of Two Lines

% Adapted from the code by Paulo Silva available

at:http://uk.mathworks.com/matlabcentral/fileexchange/30502-find-intersection—-of—-two—

lines/content/lineintersect.m
LineIntersect (L1, L2)

function Diagonal =

Diagonal = 1;
mLl = (L1(4) - L1(2)) / (L1(3) - L1(1));
mL2 = (L2(4) - L2(2)) / (L2(3) - L2(1));
if mLl==mL2
Status = ’"parallel’;
Diagonal = strcmpi (Status,’yes’);
end
bLl = L1(2) - mLl = L1(1);
bL2 = L2(2) - mL2 % L2(1);
b = [bLl bL2]’;
a = [1 -mLl; 1 -mL2];
Pint = round(a\b);
xi = Pint (2);
yi = Pint(1);
LlminX = min([L1 (1) L1(3)]);
IL2minX = min([L2 (1) L2(3)1);
LlminY = min([L1(2) L1(4)]);
IL2minY = min([L2(2) L2(4)1]);
LlmaxX = max ([L1(1) L1(3)1);
I2maxX = max ([L2 (1) L2(3)1]1);
LlmaxY = max ([L1(2) L1(4)1);
I2maxY = max ([L2(2) L2(4)]);
if ((xi<LlminX) || (xi>LlmaxX) || (yi<LlminY) ||
(xi<L2minX) || (xi>L2maxX) || (yi<L2minY)
Status = 'no’;
Diagonal = strcmpi (Status,’yes’);
end
end

92

(yi>Llmaxy)

(yi>L2maxY))



APPENDIX N

Midpoint Circle Algorithm

1 ¢ Adapted from the midpoint circle algorithm implementation by Jean-Yves
2 % Available

3 ¢ at: http://www.mathworks.com/matlabcentral/profile/authors/858345-jean-yves—-tinevez
4 function xy = MCA(x0, y0, radius)

5 octant_size = floor ((sqrt (2) = (radius - 1) + 4)/2);
6 n_points = 8 * octant_size;

7 xc = NaN(n_points, 1);

8 yc = NaN(n_points, 1);

9 = 0;

10 y = radius;

11 £ = 1 - radius;

12 dx = 1;

13 dy = - 2 * radius;

14 xc (1) = x0 + x;

15 yc(1) = y0 + y;

16 xc (8 x octant_size) = x0 - x;

17 yc (8 x octant_size) = y0 + y;

18 xc (4 * octant_size) = x0 + x;

19 yc (4 x octant_size) = y0 - y;
20 xc (4 * octant_size + 1) = x0 - x;
21 yc(4 * octant_size + 1) = y0 - y;
22 xc (2 % octant_size) = x0 + y;
23 yc (2 * octant_size) = y0 + x;
24 xc (6 * octant_size + 1) = x0 - y;
25 yc (6 x octant_size + 1) = y0 + x;
26 xCc (2 * octant_size + 1) = x0 + y;
27 yc (2 % octant_size + 1) = y0 - x;
28 xc (6 * octant_size) = x0 - y;
29 yc (6 x octant_size) = y0 - x;

30 for i =2 n_points/8

31 if £ > 0

32 y =y - 1;

33 dy = dy + 2;

34 f = f + dy;

35 end

36 X = x + 1;

37 dx = dx + 2;

38 f = f + dx;

39 xc (i) = x0 + x;
40 yc(i) = yv0 + vy;
41 xc (8 % octant_size — i + 1) = x0 - x;
42 yc (8 x octant_size — i + 1) = y0 + y;
43 xc (4 * octant_size — i + 1) = x0 + x;
44 yc(4 x octant_size - i + 1) = y0 - y;
45 xc (4 * octant_size + i) = x0 - x;
46 yc (4 » octant_size + i) = y0 - vy;
47 xc (2 * octant_size - i + 1) = x0 + y;
48 yc(2 * octant_size - i + 1) = y0 + x;
49 xc (6 * octant_size + i) = x0 - y;

50 yc(6 x octant_size + i) = y0 + x;

51 xc (2 * octant_size + i) = x0 + y;

52 yc (2 * octant_size + i) = y0 - x;
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53 xc (6 * octant_size - i + 1) = x0 - y;

54 yc (6 * octant_size — i + 1) = y0 - x;
55 end

56 xy = [xc,yc];

57 end
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APPENDIX O

Midpoint Line Algorithm

Adapted from Chandan Kumar’s implementation
Available at:
http://uk.mathworks.com/matlabcentral/fileexchange/25544-1ine-drawing—by-bresenham—

de oo op

algorithm/content/bresenham_line.m

function xy = MLA (xyl,xy2)

O 03 N LA~
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41

if (abs(xy2(2)-xyl(2)) > abs(xy2(l) - xyl(1l)))
x0 = xy1(2); y0 = xyl(1);
x1 = xy2(2); yl = xy2(1l);
token = 1;
else
x0 = xyl(1l); v0 = xyl1l(2);
x1 = xy2(1); yl = xy2(2);
token = 0;
end

if (x0 > x1)
templ = x0; x0 = x1; x1
temp2 = y0; y0 = yl; vl
end
dx = abs(x1 - x0);
dy = abs(yl - y0);
sx = sign(xl - xO0
sy = sign(yl - yO
x = x0; vy = y0;

’

)
)
param = 2xdy - dx;
x_coord = NaN(dx+1,1);
y_coord = NaN (dx+1,1);
for i = 1l:dx+1

X_coord (i) = x;

y_coord (i) = y;

param = param + 2x*dy;

if (param > 0)

y =y t sy;
param = param - 2*dx;
end
X = x + SX;
end
if token == 1
xy = [x_coord,y_coord];
else
xy = [y_coord, x_coord];
end
end

templ;
temp?2;
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APPENDIX P

Preprocessing Image for CSA

1 function [CornerImage, CornerMap,EdgeImage, EdgeMap, Image] = PrepImage ()
2 [F,P] = uigetfile(’ x.pgm; *.Jjpg; *.Jjpeg;*.tif; x.tiff; «x.bmp; ~.png; x.hdf; x.pcx; ».xwd’,’
Choose Image’);

3 if F ==

4 display ('No file selected’)

5 return;

6 end

7 PF = [P,F];

8 ext = PF(strfind(PF,’.’)+l:end);

9 if stremp (ext,’pgm’)

10 Image = readpgm (PF);

11 else

12 Image = imread (PF);

13 end

14 Image2 = imgaussfilt (Image,0.94);

15 if ndims (Image)==

16 GrayImage = rgb2gray (Image);

17 GrayImage2 = rgb2gray (Image2) ;

18 elseif ismatrix (Image)

19 GrayImage = Image;

20 GrayImage2 = ImageZ2;

21 else

22 fprintf (' Image has too many dimensions\n’);
23 return;

24 end

25 EdgeImage = edge (GraylImage);

26 EdgeMap = cell (0);

27 [Row, Col] = size(Edgelmage);

28 EdgeCount = 0;

29 for i = 1:Row

30 for j = 1:Col

31 if EdgeImage (i, j)

32 EdgeCount = EdgeCount + 1;

33 EdgeMap (EdgeCount) = {[i,3]};

34 end

35 end

36 end

37 TempCornerImagel = corner (GrayImage2,’Harris’);
38 TempCornerImagel = sortrows (TempCornerImagel,l);
39 TempCornerImage? = zeros (size (GrayImage));

40 CornerMap = cell(0);

41 Rowl = size (TempCornerImagel,l);

42 for i1l = 1:Rowl

43 CornerMap (il) = {TempCornerImagel (il, :)};
44 TempCornerImage?2 (TempCornerImagel (i1, 2), TempCornerImagel (i1,1))=1;
45 end

46 CornerImage = logical (TempCornerImage2) ;

47 if stremp (ext,’png’)

48 Image (Image==0)=255;

49 end

50 end
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APPENDIX Q

Get Bounding Edges of Quadrilateral

% Returns the xy coordinates of a Quadrilateral.

function [xyCell, xyMat,EdgeCount] = QuadLines (xyl,xy2,xy3,xy4)
[xyl,xy2,xy3,xy4] = ReArrange (xyl,xy2,xy3,xvy4);

xy_12 = (MLA(xyl,xy2));

xy_23 = (MLA(xy2,xy3));

xy_34 = (MLA(xy3,xy4));

xy_41 = (MLA (xy4,xyl));

xyCell = {xy_12;xy_23;xy_34;xy_41};
xyMat = [xy_12;xy_23;xy_34;xy_41];
EdgeCount = size(xyMat,1l);

end
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APPENDIX R

Get Bounding Edges of Triangle

% Returns the xy coordinates of a triangle.

function [xyCell, xyMat,EdgeCount] = Trianglelines (xyl,xy2,xy3)
xy_12 = (MLA(xyl,xy2));
xy_23 = (MLA(xy2,xy3));
xy_31 = (MLA(xy3,xyl));

xyCell = {xy_12;xy_23;xy_31};
xyMat = [xy_12;xy_23;xy_311;
EdgeCount = size(xyMat,1l);
end
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APPENDIX S

Get Correct Vertex Arrangement for Quadrilaterals
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function [xyl, xy2, xy3, xy4] = ReArrange(A,B,C,D)
if LinelIntersect ([A,C], [B,D])
xyl = A;
xy2 = B;
xy3 = C;
xy4 = D;
elseif LineIntersect ([A,B], [C,D])
xyl = A;
xy2 = C;
xy3 = B;
xy4 = D;
else
xyl = A;
xy2 = B;
xy3 = D;
xy4 = C;
end
end
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