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ABSTRACT

This thesis is concerned with the application of synthetic discriminant function
(SDF) to the class-associative target detection technique to get distortion invariant
detection for the objects of the class by using optical cofrelator. A class of objects
may be defined as a group of objects with similarity or dissimilarity among them. On
the other hand synthetic discriminant function is a synthesized reference image used
for joint transform correlation (JTC) operation. It is actually a weighted sum of the
training set containing the original image and the possible distorted versions of the
original image. As the target members of the class are known, the SDF based
reference images can be generated by computer before applying to the real time
optical detection scheme. Class-associative target detection employs a multi-target
detection algorithm (MTDA) facilitating multiple reference images for which more

than one dissimilar objects or images of a class can be detected. In MTDA several

combinations of input spectra are produced using each reference and input scene

scparately. For distortion invariant class-associative target recognition, all the
references are replaced by SDF based references. The class-associative generalized
fringe-adjusted filter is also modified by using the Fourier transform of SDF
references in place of the Fouri€r transform of the actual references. Thus employing
SDF to the class-associative detection scheme provides distortion invariant class-
associative target detection. A simplified method for generating SDF is devised
which is found to be successful in the implementation. The conditions for generating
SDF and employing into class-associative generalized fringe-adjusted filter have also
~ been suggested. The simulation shows satisfactory performance of the proposed
scheme in getting distortion invariant detection of the members of the class mainly
with scale variation and rotation giving almost equal correlation peaks for all the
distorted and undistorted images while no or negligible correlation peaks for the non-
targets. This scheme works almost successfully for both binary and gray level

images.

Xix



Chapter 1

INTRODUCTION

1.1 Introduction

Pattern recognition techniques are an important component of intelligent systems and
are used for both data preprocessing and decision making. Broadly speaking, pattern
recognition is tl_le science that concerns the description or classification (recognition)
of .measuremen‘ts'. It deals with the detection and identification of a desired pattern or
target in an unknown input scene, which may or may not contain the target, and with
the determination of the spatial location of any target present. It is a rapidly
developing technology with cross-disciplinary interest and participation. Some major
applications of pattern recognition techniques are image preprocessing, computer
vision, seismic analysis, face recognition, fingerprint identification, character
recognition, medical diagnosis, crop assessment, still and moving object detection

etc.

In pattern recognition or classification the input is an image while the output is a
decision signal based on some characteristic features of the ihput. The number of
features is virtuaily always chosen to be fewer than the total necessary to describe the
complete target of interest, and this leads to a loss of information. It defers from
classical statistical hypothesis testing, wherein the sensed data are used to decide
whether or not to reject a null hypothesis in favor of some alternative hypothesis
depending on some threshold. It also differs from image processing, where, the input
is an image and the output is also an image. Pattern classification is also contrasted
with the acts of associative memory. In acts of associative memory, the system takes
in a pattern and emits another pattern, which is representative of a general group. It
thus reduces the information somewhat, but rarely to the extent that pattern
classification does. Because of the crucial role of a decision in pattern recognition, it
is fundamentally an information reduction process, whereby, it is not possible to

reconstruct the pattern but it is possible to give a precise decision [1-2].



1.2 Pattern Recognition Approaches

Generally an uﬁder}ying and quantifiable statistical basis or underlying structure of a
pattern pro'vid'es the fundamental information about that particular pattern.
Sometimes a pattern may be described By both the above features. Based on this fact
historically there are two major approaches to pattern recognition, namely, statistical
(or decision theoretic) pattern recognition and syntactic (or structural) pattern
recognition. Recently a third approach has been emerged named neural pattern
recognition théugh it is still undecided wheiher it is a novel approach or an

alternative technique of implementing the statistical or syntactical approach [1-2].

1.2.1 Statistical Pattern Recognition

This approach assumes a statistical basis for classification algorithm. A set of
characteristic measurements, denoted features, is extracted from the input data and is
used to assign each feature vector to one of the classes. Features are assumed to be
generated by a state of nature, and therefore the underlying model is of a state of

nature or class-conditioned set of probabilities and/or probability density functions.

Various methods for finding decision functions in decision theoretic approach are:
matching, optimum statistical classifier and neural networks. And there are two ways
of matching- one is minimum distance classifier and the other is matching by

correlation [3].

1.2.2 Syntactic Pattern Recognition

Very often the significant information in a pattern is not merely the presence or
absence of a set of features. Rather, the interrelationship or interconnections of
features yield important structural information, which facilitates structural
description or classification. This is the basis of syntactic pattern recognition. In this
case however we must be able to quantify and extract structural information and to

assess structural similarity of patterns.



1.3 Implementation Techniques of Pattern Recognition

Digital computers, as well as, optical systems can be utilized for the implementation
of pattern recognition. Signal processing through computer for traditional digital
pattern recognition has the temporal advantage, whereas optical system has an
additional manipulation advantage. Most of the digital pattern recognition operations
suffer from huge amount of computation burden, the implementation difﬁcultyl, slow
speed and cost. If the pattern recognition is implemented optically, it is possible to
alleviate these problems considerably. Optical techniques inherently provide
parallelism, ultrahigh processing speed, noninterfering communication, massive
interconnection capability and offer a significantly better alternative to the

conventional digital pattern recognition approach.

1.4 Optical Pattern Recognition

Optical techniques use correlation approach for pattern recognition. Correlation
paftern recognition offers several unique advantages in machine vision applications.
Correlation is a sensor independent approach that generally does not require data
specific operations (such as segmentation, feature extraction, on-line mode!
synthesis, or other processes). Since the throughput of a correlator generally depends
on the dimensions of the image, the algorithm corhplexity depends on the scene size
and not on the number of objects to be detected. Not only does this provide a precise
estimate for throughput, but it also avoids the computational bottlenecks faced by
some approaches due to scene complexity, clutter and the number of objects present.
Correlation pattern rccdgnition is a unique blend of concepts from the fields of

signals and systems, Fourier optics and statistical pattern recognition.

Correlation between two functions in spatial domain is equivalent to conjugate
multiplication in frequency domain. Thus optical correlators for pattern recognition.
use Fourier transform properties of a lens. If the input transparency is placed in the
front focal plane of the lens and illuminated with coherent collimated light, the
optical field at the back focal plane of the lens will be the Fourier transform of the
input transparency [4-5]. An optical correlator usually contains two lenses, thus it

performs two Fourier transform successively. The first lens transforms the input
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function from the space domain to the frequency domain and the second lens
transforms the frequency function back to the space function. The input function and
output function (both in the space domain) are related by a linear system. This linear
system can perform correlation or convolution. Other then lens, the optical devices
that are used are spatial light modulators {(SLMs), charged coupled device (CCD)

array, mirror, beam splitter etc.

When an optic:al correlator processes a scene using the inherent Fourier transform
properties of lenses, it optically compares all pixels in the’input scene to all pixels in
the reference image simultaneously. This parallel processing capability of optical
correlators provides a significant processing speed advantage over their digital

counterparts, where the input scene must be processed sequentially.

There are two widely used optical correlators: namely, VanderLugt correlator and

joint transform correlator (JTC).

1.4.1 VanderLugt Correlator

The VanderLugf type correlator (VLC) also known as the matched filter based
correlator was first introduced in 1964 and since then.it has spurred myriad of
applicatioris [6-11]. It requires a priori fabrication of a complex matched filter used
in the Fourier plane. In other words, the performance of the VLC depends on the
construction of a spatial frequency filter. This filter must be accurately aligned along
the optical axis in the Fourier plane and requires close positioning between the filter
and the Fourier transform of the input. Thus real time operation of the VanderLugt
correlator is quite complicated and any type of misalignment results in output
intensity degradation for correlation operation. VLC filter is, however, input signal

independent, that is, its physical properties are not altered by the input scene [12-14].

Input Spatial' N Lens, L Fourier N Lens, Y Output
Domain, P, L1 Domain, P, 12 Plane, P

Fig. 1.1 VanderLugt correlator '
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A matched filter based optical signal pr;)cessor is shown if] Fig. 1.1 where P, P; and
P53 represent the input, the Fourier plane and the output plane respectively. The input
plane P; contains the input signal f{x,y) and is illuminated by a monochromatic point
source located at the front focal length of a collimating lens. The complex light field

distribution at plane P; is given by

Flu,v)=3fx)] (1.1)

Where, J represents Fourier transform operation and #=(2m/4f/)x and v=2#if)y
respectively, A=wavelength of collimating light and f=focal length of Fourier

transforming lens.

The phase fronts of the wave emanatiﬂg fron'1 plane P, and incident on plane P; are
both curved and distorted. The phase transmittance of the matched filter H(u,v) at
plane P, must be the conjugate match to the phase of the Fourier transform of f{x,y)
[i.e H(uv)=F (u,v)]. Accordingly, the phase variations in the wave front incident onr
plane P; are Cahceled by the filter and the resulting distribution beyond the plane P;
becomes a parallel beam. Lens L2 performs a Fourier transform on this wave and
produces the output at plane P. If the input is different from f{x,y), the phase-front
will not be exactly canceled by the filter, and the light distribution in plane P; will
produce a spot.of poor intensity or no spot at all. The complex light distribution at

plane P; is given by
gxy)= I [Fuv)Huv)| 3 ' (1.2)

where, 5 represents an inverse Fourier transform operation.

If the input object is moved laterally in the input plane, the Fourier transfbrm remains
fixed in space but is multiplied by a phase factor that depends on the lateral
movement. Therefore, the coordinates of the bright correlation output in plane Pj is
proportional to the coordinates of the signal f{x,y) located at the input plane, The |
intensity of the bright correlation spot is proportional to the degree to which the input
and the filter functions are matched. Since the system is linear, superposition
theorem holds. The aforementioned érguments are also valid for multiple objects
present at different Jocations of the input plane. This correlation system provides a

great deal of sensitivity since it is both phase matched and amplitude matched.
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For the complex matched filter (CMF), the frequency plane filter function is

expressed by
Heng=R"(u,v)=|R(1,v)|exp[- u,v)] , (1.3)

Where, |R(xv)| is the amplitude and ¢u,v) is the phase factor of the Fourier .
spectrum of the reference function r(x,y). When the input is similar to r(x,y), the
phase variation is canceled at the Fourier plane thus producing a plane w.ave of light.
The correlation peak corresponding to CMF is not very sharp due to the squaring of
the magnitude of r¢x,y). Consequently, the resulting diffraction efficiency of a CMF

is very poor.

To overcome the drawbacks of CMF, the inverse filter (JF) may be used. The

frequency plane expression for the IF is given by
Hy(u,v)=R(u,v)"=|R(uv)| " exp[-Ku,v)] ( (14)

For this filter, the correlation peak is enhanced since the Fourier amplitude becomes
unity after filtering. However, with one or more poles, the function |R(uv)i”
becomes indeterminate thereby creating a serious design problem in realizing this

filter.

The optimum case with respect to light efficiency for a matched filter 1s realized by a
phase only filter (POF) structure [15]. This filter is obtained by omitting the
amplitude information

R (u,v)

H o (3 v) = R = exp[—jo(u, v)] (1.5)

(u, v)| '

Besides the improvement in light efficiency, the correlation peak intensity is also
enhanced. However, although the autocorrelation peak intensity is higher than that of
a CMF, it is not as sharp as might be produced by an IF, since the product

Hpof(u, )R (1,v) is not necessartly a constant.

" To enhance the correlation peak even more, a modified version of the IF called
amplitude modulated complex matched filter (ACMF) has been developed [16]. The

corresponding filter expression is given by



C c | |
Hacmf (us V) = R(u,v) - |R(u,v)‘ exp[——jd)(u,v)] (16)

The main feature of this filter is that one can avoid having optical gain greater than
unity by properly selecting C. Although the ACMF still has the pole problem, it

yields much higher correlation discrimination than POF.

To solve both the pole and the optical gain problem of IF, another modified version
of IF was proposed. The resulting filter, called amplitude modulated phase only filter
(AMPOF), is given by

H oo (V) = | exp[—-jo(u, v)] (1.7)

A+|R(u,v)
where, D and A are either constants or functions of u# and v. this information
guarantees that ‘transmittance of the filter is less than unity. With the inclusion of 4,

the pole problem is solved and at the same time it is possible to choose very high

autocorrelation peak.

1.4.2 Joint Transform Correlator

Joint transform correlator (JTC) is a device consisting of two optical systems in
which two signals are simultaneously transformed to produce their spectra, and these
spectra are multiplied and inversely transformed to produce the output correlation

signal. Fig. 1.2 shows a block diagram of a joint transform correlation scheme.

Input
Image
Fourier |, Joint Power |, Inverse Fourier L, Correlation
Transform Spectrum Transform Output .
Reference
Image

Fig. 1.2 Joint transform correlator
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Optical Pattern recognition by JTC was first introduced in 1966 [17]. However, first
real-time programmable JTC was introduced in 1984 with the development of real-
time electrbnically addressable spatial light modulator (SLM) [18]. JTC does not -
require any complex Fourier domain filter fabrication; rather it uses a spatial
(impulse response) domain filter. In other words, performance of JTC depends on
spatial domain fﬂter synthesis. In contrést to VLC, joint transform power spectrum in
JTC i1s dependent on input signal. JTC has shown remarkable promise for real-time
pattern 'rec'ognition and tracking applications [18-19]. Other advantages of JTC are
that it allows real-time update of the reference imagg, permits parallel Fourier
transform of the reference image and the unknown input scene, and avoids the
precise positioning otherwise required in matched filter based correlators. Although
the classical JTC provides many attractive advantages over matched filter based
correlators, it is found to suffer from large correlation sidelobes, large correlation

width, strong zero order peak (or dc term) and low optical efficiency.

To improve the quality of the classical JTC, a binary JTC was introduced, where the
joint power spe,cfrum (JPS) is binarized based on a hard-clipping nonlinearity at the
Fourier plane to only two values before .applying the inverse Fourier transform
operation .[20-22]. It gives high correlation peak intensity, high correlation
discrimination ratio and narrow correlation width. A binary JTC however involves
computation intensive Fourier plane joint power spectrum (JPS) binarization, which
limits the system processing speed [23]. For multi-object input scenes, in particular,
the JPS binarization process introduces harmonic correlation peaks, which may cause
spurious correlation peaks and, thus, result in misses and thereby complicating the
target detection process [24-25]. In addition, a binary JTC does not completely

overcome the problem of producing a strong zero-order term at the output plane.

More recently, .-Tang et al. proposed a chirp-encoded JTC, which requires multiple
spatial light modulators for the input planes (to display the reference and the input
scene) as well as multiple detectors for the output planes [26]. Thus, a lérge space-

bandwidth product may be required for the chirp-encoded JTC especially for

multiple target detection.
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To improve the performance of the JTC some dc or zero order term elimination
techniques have been proposed in the literature [27-30]. Phase shifting schemes have
been used to eliminate the zero order and to improve the poor detection efficiency
[31]. A new class of JTCs, which employ Fourier plane JPS apodization based onthe
reference image, has been found to yield better éorrelation- output than both classical
and binary JTCs. For instance, Feng ef al. proposed the amplitude-modulated JTC,
which yields better correlation output than the classical and binary JTCs but suffers
from pfactical implementation difficulties especially if the power spectrum of the

reference image contains zeros or very small values [32].

However, -the above-mentioned JTC§ still produce reiatively broad correlation
profiles, which hinder their application to multi-target detection. JTCs also suffer
from high sensitivity to distortions in the input image. To yield sharper correlation
peaks, one of the recent apodization based approaches is the use of a fringe-adjusted
JTC based on Newton‘Raphson algorithh [33]. It avoids many problems otherwise
associated with the alternate JTC techniques. The fringe-adjusted JTC employs a

real-valued filter called fringe-adjusted filter (FAF) at the Fourier plane and is found |
to yield significantly better correlation performance when compared to the existing
JTCs. In the fringe-adjusted JTC the JPS is multiplied by FAF before applying the
inverse Fourier. transform’ to yield the correlation output. The fringe-adjusted JTC
yields better correlation performance than alternate JTCs. for the case of noise-free
single target and multi-target binary input scenes under normal as well as poor
illumination conditions [34]. However, for noise corruptéd input scenes, whenever
the reference power spectrum contains very low values (R v)f = 0), a fringe-

adjusted JTC has been found to yield low correlation peak intensity.

To overcome this limitation, a fractional power fringe-adjusted JTC has been
developed for single target detection, which employs a family of real-valued filters,
called generalized fringe-adjusted filters (GFAF) [35]. By adjusting a parameter (m),
one can obtain classical JTC (m = 0), fringe-adjusted JTC (m = 2) or phase-only JTC
(m =1) for various practical applications without actually fabricating these complex-
valued filters. The phase-only JTC has been found to be more tolerant with respect to

the input scene noise. It may be mentioned that if matched filter based correlators are
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used to achieve classical matched filtering, inverse filtering and/or phase-only
filtering, a coﬂlplex filter must be fabricated beforehand and the filter must be

replaced by another filter to detect a new target.

A number of various other non-linear joint transform correlation have been proposed
for optical pattern recognition among which all-optical photo refractive crystal based
JTC have been found to be particularly attractive [36-39]. For efficient multiple
target detection several phase encoding techniques have been proposed [40-43].
Phase encoding operation gives excellent correlati;)n output, especially for input
scenes involving multiple identical targets and non-targets. As it uses separate input
and reference planes and yields one peak per target instead of a pair of peaks

produced by alternate JTCs, it ensures better utilization of space-bandwidth.

1.5 Distortion Invariant Pattern Recognition

A desired target in an input scene may be distorted or corrupted in many different
ways. It may be in-plane or out-of-plane rotation, scale variation or shifting-of
position of an object. Clutter, noise, obscuration and low illumination are some of the
other contributing factors of distortion. Many methods for invariant recognition have
been proposed by using transform coefficient features, algebraic features, visual

features, moment-based methods and synthetic discriminant function based methods.

Moment invariant methods are found to be effective in obtaining full geometrical
invariance, such as rotation and translation [44-45]. Moment invariant method is
often utilized for invariant character’ recognition [46-47]. The disadvantage of
moment invariant method is the relatively time consuming computation and its
inaminability of optical implementation. It also falls shorf of expectation in case of
noise degradation. Circular harmonic (CH) method has been well utilized to deal
with the issue of rotation invariant recognition [48-49]. The technique equivalent to
CH is the Mellin radial harmonics, which was employed for scale invariant
recognition [50]. Fourier Mellin descriptors and Fang’s self-transform employ the
pattern itself in the Kernel of a transform that is invariant to objects scale, rotation
and translation variations [51-52]. Log-polar mapping 1s another popular method by

which object scale and orientation can be transformed into translation [53].

1
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Basic synthetic discriminant function (SDF) based technique uses a training set of
distorted images, which are assumed to be representative of possible distortion [54].
The minimum variance synthetic discriminant filter (MVSDF) and minimum average
correlation enérgy filter (MACE) are examples of two such composite filter
fabrications [55-56]. Several researchers have used synthetic discriminant function
for distortion invariant pattern recogni-tion [57-58]. Javidi successfully applied the
SDF formulation in a bipolar nonlinear JTC whereby SDF was used as the reference
[59]. More recently a rotation-invariant fringe-adjusted joint transform correlation
system and a distortion-invariant fractional power fringe-adjusted joint transform
correlation system have been proposed [60-61]. A modification of the SDF algorithm
has been proposed recently named projection slice SDF to create a matched filter
pattern recognition system capable of discerning in-plane and out of plane 3D
distortions [62]. Wavelet transformation and neural networks have also been
investigated recently with promising results for distortion invariant pattern

recognition [63-66].

1.6 Class-associative Pattern Recognition

Sometimes a class of similar or dissimilar objects needs to be detected from a group
of different objects. For classification of objects from a given class, recently

proposed filter-based techniques utilized phase information from the Fourier

transform of each of the objects in that class. In this case consequent addition of

objects requires a change in the phase of the filter. Casasent and Telfer proposed a
pattern recognition technique that can perform hetero association based pattern
recognition [67]. Later Khoury et al. proposed a new class-associative filter using
cross-correlation enhancement. This algorithm has the advantage of adding
additional objects by changing only the amplitude of the filter, ie., it is phase
restricted. .In this technique the phase may result from an object of one class or even
from an object that may be completely different from the classification set of obje'cts
[68]. The hetero-correlation techniques are used to classify hetero-associative or
class-associative sets of objects. More recently a class-associative target detection
technique has been proposed by using a new multi-target detection algorithm [69].

Here an enhanced version of the fringe-adjusted filter called class-associative fringe-

‘.A,-Ah.
. r'j
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adjusted filter (CFAF) has been developed to perform the class-associative multiple
target detection. Implementation of the new multi-target detection algorithm
optimizes the correlation performance by yielding only one correlation peak per

target instead of pair of peaks produced by alternate JTCs.

1.7 Objective of the Thesis

Though distortion invariant recognition has been made for single or multiple target
of same object, still no work has been reported on distortion invariant optical target
recognition for a class of objects. Moreover no clear evidence is found for the class

recognition of gray level images and detection of the class in noisy scene.

The main objective of this work is to develop a method for .getting distortion-
invariant class associative target recognition for both binary and gray level images.
For this a simplified but efficient method of formulating SDF is presented using the
JTC technique to get mainly rotation and scale invariant recognition. By combining
the above-mentioned SDF and the multi-target detection algorithm a class detection
technique will be adopted which will be able to detect the objects of a class of similar
or dissimilar objects. It will also give equal correlation peak for all the targets in the
class whether the targets are distorted ot undistorted and whether there is noise in the

input scene or not.

1.8 Thesis Qutline

This thesis éonsists of six chapters. In this chapter some introduction on optical
pattern recognition has been given, especially on joint transform correlation. Also
brief introductions on the theories and problems related to this work along with the
indication of the aim of this work have been given. Chapter 2 deals with joint
transform correfation in details. Classical JTC, fringe-adjusted JTC and fractional
power fringe-adjusted JTC are analyzed there with theory and simulation. Chapter 3
deals with the theory and simulation of multi-target detection algorithm, which is the
basis for class-associative target detection technique used in this work. Application
of this theory to class detection has also been shown. Chapter 4 deals with the

formulation and simulation of a simplified SDF generation technicjue for the
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distortion invariant target detection. Chapter 5 is mainly based on simulation. Here
the application of SDF has been shown to get distortion-invariant class-associative
target detection. Chapter 6 is the final chapter giving a conclusive remark on this

work along with a suggestion of future work in this area.



Chapter 2
JOINT TRANSFORM CORRELATOR

21 Introdﬁcfion

Joint transform correlator (JTC) is one of the two major techniques of optical pattern
recognition. In a JTC, the unknown input scene and the known reference image is
displayed side-by-side in the input plane, illuminated by a coherent, collimated laser
beam. The input joint image plane is located at a distance of one focal length from a
lens, which Fourier transforms the input joint image at the Fourier plane. The Fouriér
transformed patterns constructively interfere with each other to create an interference
pattern called joint power spectrum (JPS). This interference pattern is recorded in real
time using a square law device such as a CCD camera. The joint power spectrum is
inverse Fourier transformed by another Fourier transform lens to yield the correlation
output. For a rhatch, two correlation peaks or bright spots are produced and for a
mismatch, negligible or no corrclation peaks are produced. Several modification
and/or improvement have been made on the JTC techniques. In this chapter the

classical JTC and fringe-adjusted JTC are discussed along with the effect of Fourier

plane image subtraction.

2.2 Classical Joint Transform Correlator

A classical JTC architecture is shown in Fig. 2.1, where the reference and the input
scene are in'troduced in the input plane using a spatial light modulator (SLM) such as
a liquid crystal television illuminated by a laser light source. The combined light
distribution p'as.ses through the first Fourier lens L1. The complex light distribution is -
read by a square-law device at the back-focal plane of L1 and then introduced at lens
L2 that gives the inverse Fourier transform. Thus the coﬁelation output is obtained at
the back focal plane of the lens L2. 1n this section theory and simulation of classical
JTC will be discussed first for single target detection and then for multiple target

detection.
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Fig. 2.1 A classical JTC scheme

!

=«

2.2.1 Single Target Detection
2.2.1.1 Theoretical Analysis

Let us assume that #(x+xp, )) represents the reference image and #(x-xy, y) represents
the input image which are separated by a distance 2x; along the x-axis. Then the input
joint image may be expressed as '

S, ) =r(x+x, ) +t(x—x,,y) h 2.1)
The Fourier transform of the input joint .image, produced bif lens L1 is given by

F(u,v) = R(u,v)exp(jux,) + T (u,v)exp(—jux,) Q2
where R(u,v) and T(u,v) are the Fourier transforms of #(x,)) and ¢(x,3) -re3pectivel-y, u
and v are mutually independent frequency-domain variables scaled by a factor 2741,
where, A is the wavelength of the collimating light and f is the focal length of the
Fourier transforming lenses L1 and L2. The intensity of the complex light
distribution produced in the back focal plane of L1, i.e., the JPS, is then detected by a

square-law detector such as the charge coupled device (CCD) array and is given by
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Gu,y) =|Fu,v)[ = Fu,)F' (1,v)
=|Ru,v)" +[T @) + R, v)T" (u, v) exp(j2ux, ) (2.3)

+ R (u,nT (u,v)exp(—j2ux,)

In a classical JTC, this JPS is introduced into a second SLM, which is illuminated by
the same laser ‘using a beam splitter and mirror combination. Lens L2 performs the
inverse Fourier transform of the JPS to yield the coffelation output. The final
complex light distribution at the final output plane becomes
g(x, ) =r(x, ) )®r (X, )) +1(x', ) ®L (X))

S (=x =22, )L (X =YY+ (X 2%y, V)R (X, V) &9
Where ® denotes correlation operation. At the output plane we have correlation
terms in three different positions. It is evident that the first two terms on the right
hand side in Eq. (2.4) are dc terms or the zero-order diffractions at the origin of the
output plane. The last two terms, representing the two cross-correlation terms
between the reference image and the input image object, produce the desired cross-

correlation, around (0, -2xp) and (0, 2x), respectively.

2.2.1.2 Simulation

To analyze the performance of the classical JTC for single target in the input scene, a
binary input imﬁge such as English alphabet ‘E’ of size 32x32 pixels has been taken
as the target, which is placed in a 256x256 pixel zero-padded input scene. The
reference image, ‘E’ is placed in the middle of the same 256x256 pixel zero-padded
matrix to ensure the desired location of the correlation output. Thus the peaks in the
output plane are organized in such a way that they can accurately represent the
position of the,_dbjects in the input scene f(x,y}. The computer simulation has been
made by 2-D fast Fourier transform algorithm using MATLAB software with its

image processing toolbox.

In Fig. 2.2(a) the center of the 32x32 pixel reference image is placed at the position
(x=129, y=129) of the 256x256 pixel image matrix and that of the input image is

placed at the position (x=49, y=129) of the same image matrix.
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Fig. 2.2 (a) Input joint image with desired target (target at the left and reference at the
center), (b) Correlation output. ' é
From the correl:ation output of Fig. 2.2(b) for the joint input image in Fig 2.2(a} it is
observed that there is a strong zero order peak at the center (129, 129) and a pair of
cross-correlation peak indicating the presence of the target. The position of the two
cross-correlation peaks are at positions (129, 49) and (129, 209), where the first one
is at the exact location of the target and the another one is at mirror position of the

target. Locations of the correlation peaks actually depend on the relative placement of
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=

the input and reference image in the joint image. As in this example the reference is
placed at the center (xp=0), the cross-correlation peaks are obtained at the exact

location of the target with respect to reference,

~
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(b)

Fig. 2.3 (a) Input joint image with non-target (non-target at the left and reference at

the center), (b) Correlation output.
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The same analysis has been made with a non-target image ‘T° with the same
reference image ‘E’ as shown in Fig. 2.3. In this case a pair of correlation peaks is

obtained for the non-target, but with negligible peak intensity.

From both Fig. 2.2 and Fig. 2.3 it is evident that a dc term or zero-order diffraction is
obtained at the center of the output plane with very high correlation peak intensity
compared to the target peaks which deteriorates the detection performance and
lowers the optical efficiency. For both cases a pair of cross-correlation peak is
presented at the same location in the correlation output plane though the height of
those peaks differ much between two cases. The existence of any cross-correlation
peak provides the information about the presence of any object in the input scene
while the height of the cross-correlation peak indicates the degree of similarity

between the reference image and the objects present in the 'input scene.

2.2.2 Multiple Target Detection
2.2.2.1 Theoretical Analysis

If r(x,y+yy represents the reference image and f(x-x,y-y;-yy) represents the input
scene containing » objects £(x - x5, ¥ ~ Y1 ~ Yoy £2(X - X2, ¥ = V2 - Yo)s s tafX = Xp, ¥ = Ve -
yo) respectively, and if the input scene is also assumed to be corrupted by noise n(x,y-

¥ao), the input joint image becomes

f'(xsy) =r(x,y+y0)+zn:t,(x—x,,y—y, —}’0)+ ’;‘(x:y"yo) : (25)

=

Referring fo Fig. 2.1, lens L1 performs Fourier transform of the input joint image
given by Eq. (2.5). The intensity of the complex light distribution produced in the
back focal plane of L1, called the JPS, is then detected by a square-law detector and
is given by Eq: (2.6), where, {R(w,v}|, |Ti(w,v)| and |N(u,v)| are the amplitudes, and
gu v}, ¢i(u,v) and @,(u,v) are the phases of the Fourier transforms of r(x,3), t:i(x.y),
and n(x,y) respectively, # and v are mutually independent frequency-domain variables

scaled by a factor 27/A4f, A is the wavelength of the collimating light and f1s the

focal length of the Fourier transforming lenses L1 and L2,
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|Fu v’ =] Reu,v)” +§|7;(u,v){2+{N(u,v)|2
+2;Zrl|ﬂ(u,v)ﬂR(u,v)| Cosff, (24,v) — 4 (u1) — 1, —vy, ~2v]
-+ R N Wioost, () g, )+ 2v3)] (2.6)

+2i|’1;(u, vj|N(u, v)lcos g, (u, vy, v) ~ux—~vy ]
P

-t n ’
123 3 |7 )T, o, vicost, (u,v) b, (u,v) -, 4~ vy, +v ]

i=lk=i+l

The first three terms of Eq. (2.6) result to the zero-order peak, the fourth term result
to the desired cross-correlation between the reference image and the input scene
objects, the fifth and sixth terms to the cross-correlation between the reference image
and the noise term and the input scene objects and noise term respectively and the
last term to the cross-correlations between the different input scene objects. If
multiple identical targets are present in the input scene, then in addition to the desired
autocorrelation ‘peaks between the reference and the targets, other correlation peaks
will be produced due to the autocorrelation between the targets themselves
[corresponding to the last term of Eq. (2.6)], which yield false correlation peaks
(called false alarms) in the output plane. Such false alarms may be avoided by

eliminating the cross-correlation terms among the different input scene objects.
£, =)@ ()4 351,60 81 ()
+a(x,y)®n' ¥,y + ér(—x' — XY = i = 205) @1, (=X =))
+§r‘(x’—x,.,y'—y, =2y, )¢, (x',¥")
+ r:(—x’,-y' +2y)®n (—x',—y)+r (X', 3y +2y,)®@n(x’, ")
| +§n(—-x'—x,.,—y'—y,.)®t,.'.(—x',—y’) &7
+;);n'(x'—x,.,y'—y,.)®t,(x',y’)
+§t§{, (~x'—x,+x,~V —y, +y,)®t (—x',—)

+‘ . Zt (x'_xj +xk’y'“y1 +y,c)®t,c (x'sy,)

In a classical JTC, the JPS expressed by Eq. (2.6) is directly introduced into a second

SLM, which is illuminated by the same light source using beam splitter and mirror.
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Lens L2 performs the inverse Fourier transform of the IPS to yield the correlation
output. The final complex light distribution at the final output plane becomes as that
of Eq. (2.7), where ® denotes correlation operation. First three terms of Eq. (2.7)
denote the correlation terms at the center of output plane. These are the dc terms or
zero-order diffractions due to auto-correlation for the reference image, input scene
objects and noise term. Fourth and fifth terms give the desired cross-correlation
between the reference image and the input scene objects, which also give the
locations of the objects in the input s}:eﬁe. Sixth and seventh terms give the undesired
cross-correlation between the reference and the noise term. The rest terms are the

autocorrelation among the different desired and undesired objects in the input scene.

2.2.2.2 Simulation

To simulate the performance of elassical joint transform correlator in case of multiple
objects (target and non-targets) present simultancously in the input scene the same
256%256 zero-padded image matrix is taken for the input scene. Here as usual the
alphabet ‘E’ 1s placed as the reference image at the center of the input plane as shown
in Figs. 2.4(a), 2.5(a) and 2.6(a). Three cases have been shown for three

combinations of input objects.

(a)

Fig. 2.4 (a) Input joint image with identical targets (targéts at the left and reference at

the center).
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Corretntion Peak ftensity

(b)
Fig. 2.4 (contd.) (b) Correlation output.

Case 1. Two target images ‘E’ are the input objects placed at the left column of the
input plane as shown in Fig. 2.4(a). The joint image of Fig 2.4(a} has been processed
to find the correlation output of Fig. 2.4(b). The correlation output shows a strong
zero-order peak at the center. Two pairs of cross-correlation peaks indicate two target
images. But another pair of autocorrelation peaks between the targets produces a

false alarm and thus obscures the detection.

Case 2. One target image ‘E” and one non-target image ‘O’ are the input objects
placed at the left column of the input plane as shown in Fig. 2.5(a). The joint image
of Fig 2.5(a) has been processed to find the correlation output of Fig. 2.5(b). The
correlation output gives strong zero-order diffraction at the center, a pair of cross-
correlation peaks for the target, a pair of cross-correlation peaks for the non-target
(which is smaller than the peaks for the target) and a pair of autocorrelation peaks

between the target and non-target.
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Correfation Peak Intensity

(b)

Fig. 2.5 (a) Input joint image with one target and one;non-target (target and non-

target at the left and reference at the center), (b) Correlation output.

Case 3: Multiple target images and multiple non-target images are the input objects
placed at the left column of the input plane as shown in Fig. 2.6(a). The joint image
of Fig 2.6(a) has been processed to find the correlation output of Fig. 2.6(b). The
correlation output shows strong zero-order diffraction at the center, several cross-
correlation peaks for the targets and non-targets and several false alarms due to auto-

correlation among the targets and non-targets. Here it is quite difficult to find the
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location of the actual target images in the input scene due to presence of considerable

peak intensity of the false alarms relative to the desired cross-correlation peaks.

- 3
Correlation Peak Indensity

(b)

Fig. 2.6 (a) Input joint image with multiple identical targets and multiple non-targets

(targets and non-targets at the left and reference at the center), (b) Correlation output.

From case 1 to case 3 it is clear that as the number of simultaneous targets and/or
non-targets increases in the input scene, the zero-order diffraction and the false

alarms make the detection impossible in a classical JTC.
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2.3 Classical Joint Transform Correlator with Fourier-plane Image

Subtraction

2.3.1 Theoretical Analysis

If the zero-order terms are removed from the joint power spectrum in Eq. (2.3) for the
single object input scene, the on-axis correlation distribution can be avoided. Since
the zero-order correlation are derived from the power spectra of #Xx,)) and r(x.y),
respectively, these terms can be eliminated from the recorded JPS. For éxample, the
power spectral distributions of |T(u,v)|* and |R(u,v)|* can be recorded before the joint
transform operation, then these two zero-order power spectra can be removed by the
computer before being sent to the correlation cycle. After subtracting these two terms

from Eq. (2.3), the JPS for single object input scene becomes

P.(u,v) =|F ()" ~[R@u )| ~ [T, )

. , 2.8
= R(u, T (u,v)exp(j2uxy) + R (u,v)T(u,v)exp(—j2ux,) 28)

Now inverse Fourier transform of Eq. (2.8) gives the final correlation output light

distribution as
g,(x,)) = r(=x' =24,y ) B (=x';=)) + 7" (x' = 2x0,)) O 1(x', ') 2.9)

In Eq. (2.9) there are only the cross correlation terms between the reference and the

target image of the input scene.

In the same way for multi-object input the zero-order correlations are derived from
the power spectra of r(x,y+yo), tifx - X1, ¥ - YrYo), 120X - X2, Y = VoY) ooy X = Xp -
yn-ye) and n(x,y-yy) respectively. By subtracting the reference image only power
spectra and input scene only power spectra from the JPS of Eq. (2.6) we get the

maodified JPS for multi-object input scene as

2

P, (u,v) =}F(u,v)’ ~|R(u,v)

B A%
(2.10)

:zg’-[p; (u, V)| R(, v)|cos[@, (4, v) — @, (u,v) —1x, — vy, —2vp,]

+2|R(u,v)"N (u,v)[cos[gﬁ, (0, v) =@, (u,v}+ 2wy, )]
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Inverse Fourier transform of Eq. (2.10) gives the correlation output for the multi-

object input scene as expressed below

£,(x,y)= gr(—x' —x,,=Y =¥, —2y,)®1, (—x'3")
+§r'(x’-x,-,y'—y,-—2y0)®t,(x',y’) , (2.11)
+r(—x',=y +2y) O (=x'=¥) +r (¥, ¥ + 2,) @ n(x', )

In Eq. (2.11) also there are only the cross-correlation terms between the reference and

the input scene objects.

The above process of subtracting the reference power spectra and input power spectra
from the joint power spectra at the Fourier plane is known as Fourier-plane image
subtraction technique. The subtraction operation eliminates the zero-order terms as
well as the false alarms generated by similar input targets and the cross-correlation

terms among the other objects that may be present in the input scene.

2.3.2 Simulation

Fourier plane image subtraction technique to remove the zero ordér correlation peak
and the unwanted false alarms has been examined for the same joint image with
multiple targets and non-targets that has been used previoﬁsly and is shown here
again in Fig. 2.7(a) for convenience. The correlation output is shown in Fig. 2.7(b).
From the correlation output of Fig. 2.7(b) it is seen that the zero order diffraction and
the unwanted false alarms are completely eliminated. So there are only the pairs of
conjugate cross-correlation peaks for the input scene objects. The desired target peaks
are of higher intensity and the non-target peaks are of lower intensity as seen in the

figure.
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(b)

Fig. 2.7 (a) Input joint image with muitiple identical targets and multiple non-targets

(targets and non-targets at the left and reference at the center), (b) Correlation output

after Fourier plane image subtraction.

Thé Fourier plapé image subtraction thus eliminates the unwanted peaks and permits
more clear identification of the objects in the input scene. Besides, it helps efficient
utilization of the input pixels. In other words, the reference object and the input scene
can be located as closely as we wish. But still large correlation width and large

correlation side-lobes lowers the optical efficiency of the detection scheme.
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2.4 Fringe-adjusted Joint Transform Correlator with Fourier Plane

Image Subtraction

2.4.1 Theoretical Analysis

The fringe-adjusted JTC (FJTC) has been found to yield better correlation
performance compared to the alternate JTCs for single/multiple target detection under
various illumination conditions of the input scene [33]. In FITC the joint power
spectrum (JPS) is multiplied by a filter called fringe-adjusted filter (FAF) before
applying the in.v'erse Fourier transform. The FAF used in a fringe-adjusted JTC is

defined as

C(u,v)
D(u,v) +|R(u, v

H, (uv)= (2.12)
whére C(u,v) and D(u,v) are either constants or functions of u and v. When C(u,v) is
properly selected, one can avoid having an optical gain greater than unity, With very
small values of D(u,v), the pole problem otherwise associated with an inverse filter is
overcome, and it is still possible to obtain a large auto-correlation peak. When
D v)<<|Ruv){%, Ctu,v)=1, Eq. (2.12) may be approximated as Hfaj(u,v)ziR(u,v)rz.
The function C(x,v) can also be used to suppress noise or band limit the signal or
boih. Thus, in the fringe-adjusted JTC, amplitude matching can be implemented more
effectively to yield sharper and larger correlation peak intensity. When C(u,v) = 1 and
D(u,v)<<|R(u,v)|?, the FAF becomes a perfect real-valued inverse filter function
uniike the VanderLugt filter, which consists of both magnitude and phase terms.
Therefore, the FAF is more suitable for practical implementation. The computation
associated with the FAF can be 'combleted before the input scene is actually
introduced into the input plane. So, the use of this additional filter may not have any

detrimental effect on the system processing speed.

For the single-object input scene the fringe-adjusted JPS is obtained by multiplying
the JPS of Eq. (2.3), by Hpy(%,v) and is thus given by

Gy ) =Hy (a)x|F )] =R x|Fan)f 213)
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Assuming that-the reference is the same as the input image, Eq. (2.13) may be
rewritten as
-2 2 ' . "
G (u,v) = |R(u,v)| " x|R(u,v)| [2+exp(j2ux, ) + exp(~j2ux, )]

(2.14)
= 2[1 + cos(2ux,)] '

An inverse Fourier transform of Eq. (2.14) yields the correlation output. The first
term of Eq. (2.14) generates a delta-function-like zero-order term on the optical axis,
flanked by the desired pair of delta-function-like auto-correlation outputs that are.

separated on the optical axis by a distance 2x;.

To include the Fourier plane image subtraction in case of single target input scene,
modified fringé-adjusted JPS is obtained by multiplying the JPS of Eq. (2.8) by
Hpfu,v) and is thus given by

G (u,v) = H ()% P, (1,v) = [RGuv)|” % () 2.13)

For the multiple-object input scene the fringe-adjusted JPS is obtained by multiplying
the JPS of Eq. (2.6), by Hpq(u,v} and is thus given by

G (uv) = H 5y () [F )| =~ |R(u,v)| ™ x|[F(u,v)| (2.14)

To include the Fourier plane image subtraction in case of multiple target input scene,
modified fringe-adjusted JPS is obtained by multiplying the JPS of Eq. (2.10) by
Hyy(w,v) and is thus given by

G (14,v) = H 1 (,9) % B, (u,v) = [R(u, )| x P, () (2.15)

By applying inverse Fourier transform to the modified JPS (G;a(1,v) for single target
case) given in Eq. 2.13 and {Gua(4,v) for multiple targets) given in Eq. 2.15, desired

correlation can be obtained for single target and multi targets respectively.

2.4.2 Simulation

The simulation for the fringe-adjusted joint transform correlator has been performed
with Fourier plane image subtraction so as to avoid the zero-order terms and

unwanted false-alarms. As a test frame the previously considered input scene with

+
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multiple identical targets and multiple non-targets has been taken where the reference
image is placed at the center as shown in Fig. 2.8(a). The simulation has been done

for various values of parameter D(u,v) of the Hy,. Corresponding correlation output is
shown in Fig. 2.8(b) to Fig. 2.8(e).

(b)

Fig. 2.8 (a) Input joint image with multiple identical targets and multiple non-targets

(targets and non-targets at the left and reference at the center), (b} Correlation output

using FAF filter (C(u,v) =1, D(u,v) =10"") with Fourier plane image subtraction.
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Fig. 2.8 (contd.) (c) Correlation output using FAF filter (C(,v) =1, D(u,v) =10?) with

»

Fourier plane image subtraction, (d) Correlation output using FAF filter (C(u,v) =1,

D(u,v) =10 with Fourier plane image subtraction.
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(e)
Fig. 2.8 (contd.) (¢) Correlation output using FAF filter (C(x,v) =1, D(u,v) =10°%) with

Fourier plane image subtraction.

From the correlation oﬁtput as shown in Fig. 2.8(b) to Fig. 2.8(e) it is observed that
by using FAF filter sharp delta-function-like correlation peaks are obtained for the
objects in the input scene. It also totally eliminates the correlation peaks for all the
non-targetr objects in the scene and thus improves the detection efficiency
significantly along with increasing the optical efficiency. The target peaks are alrﬁost
of same intensity or height. For noise free input scene, as in this case, the FAF filter
parameter D(u,v) however plays an important role in the correlation output. As the
value of 'D(u, v) is reduced, the correlation performance deteriorates as can be

understood by observing Fig. 2.8(b) through Fig. 2.8(e).

2.5 Fractional Power Fringe-adjusted Joint Transform Correlator

2.5.1 Theoretical Analysis

For noise-free input scenes, the fringe-adjusted JTC -has been found to yield
significantly better correlation output when compared to the alternate JTCs.
However, for noisy input scenes, whenever the reference power spectrum contains
very low values (fR(u,v)lzzO), it ‘may accentuate the noise component of the input

scene, which may degrade the system performance. To overcome the aforementioned
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problems, ‘and at the same time, to utilize the fringe-adjusted filter as a versatile tool
for various practical applications, a fractional power fringe-adjusted JTC (FPFITC)
has been proposed also termed as generalized fringe-adjusted JTC (GFITC) [35]. In
this GFJTC a generalized fringe-adjusted filter (GFAF) is defined as

H o, (u,v)= C(u,v)[D(u,v) R (2.16)

where m is a constant, and C(u,v) and Dfu,v) are either constants or functions of u
and v. When C(w,v) is properly selected, one can avoid having an optical gain greater
than unity. Wifh'very small values of D(u,v), the pole problem otherwise associated
with an inversé filter is overcome. The JPS is multiplied by the GFAF before
applying the inverse Fourier transform lto obtain the correlation output. By adjusting

the parameter m, a family of different types of real-valued filters can be achieved. -

In Sec. 1.4.1, three major types of matched filters for optical correlation; namely,
complex matched filter, inverse filter and phase-only filter have been discussed. The
fabrication of all of those filters requires the phase information of the reference
image, thus a complex filter must be fabricated beforehand to detect a target. But by
using GFAF those filters can be achieved for various practical applications without

actually fabrication those complex valued filters.

When m = 0, B(u,v) = 0 and C(x,v) = 1, the GFAF-based JTC corresponds to the
classical jTC; when m = 2, D(u,v) << R(u,v)|” and C(u,v) = 1, the GFAF-based JTC
corresponds to the fringe-adjusted JTC or inverse filter based JTC; and when m = 1,
D(u,v) << {R(4,v)| and C(u,v) = 1, the GFAF-based JTC corresponds to the phase-

only JTC. Corresponding filter functions may be expressed as

Hy, =1 2.17)
: C(u,v
. wy) (2.18)
D(u,v) + |R(u,v)|
Y & C)) (2.19)

T D(u,v)+

R(u,v)|
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where Eq. (2.17) is for classical JTC, Eq. (2.18) is for fringe-adjusted JTC and Eq.
(2.19) is for phase-only JTC.

The aforementioned three cases correspond to the comple;( matched filtering (m = 0),
inverse filtering (m = 2) and phase-only filtering (rm = 1). Thus, all important types of
matched filter based correlators can be implemented in real time using the fractional
power fringe-adjusted JTC while avoiding the limitations of matched filter based
correlators. For noise-free input scenes, the fringe-adjusted JTC yields the highest
correlation output. However, for noise corrupted input scenes, the phase-only JTC

yields better correlation output than the fringe-adjusted JTC.

2.6 Conclusion

' Joint transform correlator is a versatile tool for optical pattern recognition. However
classical JTC gives poor performance‘ in the sense that it gives large correlation
width, large sidelobes, strong zero order term and false alarms in case of multiple
object input scene. So it is not suitable for multi-object case. On the other hand
fringe-adjusted JTC gives sharper and larger correlation peaks for the targets,
eliminates the ﬁon—target and provides the facility to adjust the gain. Fourier pléne
image subtraction eliminates the zero-order terms and the false alarms and thus
facilitates the detection of objects from a multi-object input scene. Fractional power
fringe-adjusted JTC provides three types of JTC, namely, classical JTC, fringe-
adjusted JTC and phase-only JTC by changing the parameters of a generalized fringe
adjusted filter (GFAF). According to the condition of the input scene or reference
image, the required JTC can be chosen. In this thesis the concept of this Fractional

power fringe-adjusted JTC has been used extensively.



Chapter 3

MULTI TARGET DETECTION
ALGORITHM

3.1 Introduction

If the input scene consists of multiple identical objects, then in addition to the desired
autocorrelation peaks between the reference and the targets, additional correlation
peaks will be produced due to autocorrelation between identical input scene objects
_ themselves, which will in turn yield false alarms. The exclusion of cross-correlation
terms among the similar or dissimilar objects may overcome the possibility of false
alarms. The undesired zero-order terms and the effects of input scene noise and
clutfer may also increase the chance of triggering false alarms. Fourier-plane image
subtraction is one technique suitable to remove zero-order diffraction and the
undesired false alarms. The aforementioned false alarms and the undesired zero-order
terms can also be alleviated by using a new algorithm known as multi-target
detection algorithm (MTDA) [69]. This algorithm ensures the detection and tracking
of multiple similér or dissimilar targets. This technique is better than the image
subtraction technique used in alternate JTCs in the sense that it yields only one peak
per target instead of a pair of peaks. It ensures better utilization of the space-
bandwidth product by using separate input and reference planes and by giving one
peak per target. The main achievement of this algorithm is that it facilitates class-

associative target detection [69].

3.2 Multi-target Detection
3.2.1 Theoretical Analysis

Consider a reference image, denoted by r(x, y + yy), and an input scene, denoted by

s(x, ¥ - yo), which contains # objects, pi(x —x1, ¥ —yi— ¥o), p2Ax ~ %2, ¥V = Y Y0)» .-
and p,(x — x,, ¥ — yn— y0o), embedded in noise n(x, y — yp). In the multi-target detection
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algorithm, the following combinations of the input joint image involving the

reference image r(x,y+ y,)and the unknown input scene s(x,y - y,)as shown in

the following equations are taken.
L) =r(x,y+y,)+5(x,y~¥,)

=r(Ly+y,)+ 2. p(x=x,y—-y,—y)+n(x,y-y,)
i=1

Ll y)=r(x,y+y,)—js(x,y~y,)

=r(x,y+y,)- 2. p(x=x,y=y,—y,) - jin(x,y = y,)

i=1 E
f;.(x:y)=r(x!y+yn)—s(x3y_yo)

=r(,y+y,)= 2 p(x=x,y=y, - y,)-n(x,y=y,)

i=1

£ 9) =1t y+ 3,) + js(6y - 3,)

=r(%y+y,)+ i pi(x=x,y=y, —y,)+ jn(x,y—y,)

i=|
Applying Fourier transform to Eq. (3.1), we get
F(u,v) = |R(u,v)|expljg, (u,v) + jvy,]
+ Y B wexpl( i, wv) - jux, — jvy, - jvy, ]
i=l

+ ‘N(u! v)[exp[(j¢n (u7 V)' - jvyf’]

Fy(u,v) =|R(u,v)expljg, (e, )+ jwy, }

Z . , ) . T
+ | P(u,v) exo{m,,,- (u,v)— jux, — jvy, — jvy, - j 5}
i=l

+|N(u, v)| exp{j¢ n (u,v) _jvyo _j%}
Fy(u,v) = |[R(u,v)|exp{jd, (u,v) + jvy, }
—ZIP,-(u,v)IGXP {i#, )= jux, = juy, = juy, }

~|N(u,v)|exp{j¢n(uav)“jvyu}

(3.1.2)

(3.1.b)

(3.1.c)

(3.1.d)

(3.2.2)

(3.2.b)

(3.2.¢)
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F, (u.,v) = |R(u,v)| exp{ Jé,(u,v)+ jvy”}
+iiﬂ(u,v)lexp{f¢p, V)= jux, = v, = 3, +;§} (3.2.4)

+| NGy, v)lexp{ Jé, @)= jvy, + j %}

where F,, F3, F3 and Fy are the Fourier transforms of f;, /3, f3 and /4 respectively.' The

corresponding joint power spectra can be expressed as

NG

T (i) = | ] =R + S|P v

inl
#-1 n
+ 22 ZlP, (u,v)

=1 k=p+1

+ 22[1{(;:,\;)
|N(u,v)

cosig,, (4, V) = @, (u,v) —ux, +ux; —vy, + v}’k}

|P(u,v)

cos|g,, (u,v) — @, (u,v) —ux, — vy, _2"}’,,] (3.3.3)

|R(u,v)

+2lR(u,v) cos[¢,(u,v)—¢"(u,v) +2vya]

+ 2i |1’i(u,v)llN(u,v)|cos[¢w. (u,v) =@, (u,v) —ux, - vy,]

3

T, (u,v) =|F, (u,v)

? =R v)’ +i|P,.(u, V) +‘ N@u,v)
- 2|R(u, V) |N (u, v)l sin[r,dr (u,v)—¢_ (u,v)+ Zvy;]

+2i il‘e (u!v)”Pk (u,vj COS[¢,»‘ (u,v)—%((u, V) —ux, Hux, — vy, vy

i=1 k=i+|

(3.3.b)

|R(u, v)

+ 22|P,. (u,v) sinfg,, (u,v) ~ @,(4,v) —wx, —vy, - 2wy, ]
i=h

+22|P: (u, va(u: V)ICOSW,”- (u, v) _¢n (u,v) - “V_}’f]

2

T (u,v) = |Fy )| =|RGw,v)

" 2
"+ IR +Nay)
=1

— 2R, v)| | N (u, v} cos[qﬁ, (u,v)— @, (u,v) + 2vyﬂ]

+ 2"2_"‘ Z"“|P, (V[P (V) coslg,, (1,v) ~ B (V) —ux, +uax, = vy, +vy;] 3-3.0)

i=] k=i+l

—2i)|P,-(u, VIR, v)|cos(@ ,; (u,v) - 4, (,v) —ux, —vy, - 2vp,]

+ 2i|P, @, v)|| N, v)jcos[g,, (u,v) - ¢, (u,v) —ux, —vy, ]
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T, @)=|Fy @ =|Ravf + By + N(u-,v)f
+ 2|R(u, v)] {N(u, v)| sin[¢, (u,v)~¢,(u,v)+ 2vyn]

=l k=i+i

: 3.3d
P (u,v)l ’Pk (u, vl cos(g, (u,v) =@, (u,v) —ux, +ux, —vy, +vy,] ( )

- 22]1’, (u, v)‘ |R(u, v)|sin[p o (V)= &, (V) —ux, =y, =2vy,]
i=l
+ Zzn:'P, (1, v)l iN(u, v)| cosg,, (4, v) = @, (4, v) ~1x, = vy, ]
i=l
Using the four expressions of Eq. (3.3), the modified JPS may be expressed as
Twv) =T wv)+j5,@v) -1~ jT,

=4iJE(u, v)||R(u, V)

+4{R(u, v)] |N(u,v)| ex;{-— Jo.(uv)+jé, (u,v)~2 jvyu]

explid, (u,v)— j@.(u,v)—jux — jvy, —=2jvy,1 (3.4

The first term of Eq. (3.4) produces a delta-function-like correlation output
corresponding to the desired input scene targets, whereas the remaining terms yield a
negligible cross-correlation output between the reference and the non-target objects.

The final correlation output can be obtained by applying inverse Fourier transform to
the modified JPS of Eq. (3.4), given by

t(x’hy')=4zpi(x'_xi’y’_yi _2y0)®r‘(x"y'+2yu)
p (3.5)
+4r(x',y'+ 2y”)®n'(x',y'—2yn),

From Eq. (3.5), it is evident that this technique effectively detects multiple targets
and yields one correlation peak per target while alleviating the problems associated

with alternate techniques.

The correlation output produced by the aforementioned algorithm can be further
enhanced by utilizing the concept of fractional power fringe-adjusted JTC as
described in section 2.5. The filter function GFAF used in a fractional power fringe-
adjusted JTC is defined as

C(u,v) -
H ,v) = .
aer (%) D(,v) +|R(u,v)" (36
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where C(u v) and Du,v) can be constants or {unctions of uand v, and R(u,v) is the
Fourier transform of the 1efe1encc image. Depending upon lhe choice of Clu,v),
D(u,v) and m, different types of filter namely classical JTC, fimge—adjusled JTC and
phase-only JTC are achieved. The generalized fringe-adjusted JPS in multi-target
detection algorithm 1s obtained by multiplying the filter [,pr with the JPS, expressed

as
G, it V)=, ()< T, v) ' - (3.7)

where T(u,v) corresponds to the modified JPS of Eq. (3.4). An inverse Fourier
transform of the JPS of Eq. (3.7) yields single delta-function-like correlation output
for each target in the input scene while yielding negligible or no correlation peaks for

non-target objects. ' | ' . ' '

3.2.2 Simulation

The above mentioned multi-target detection algorithm has been used to detect the
targets of a multi-object input scene containing several target and non-target objects
simultaneously in the input scene. Reference image (target) is shown in Fig. 3.1(a)

and the input scene containing the objects are shown in Fig. 3.1(b).

(a)
Fig. 3.1 (a) Reference image (target).
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(b)

Fig. 3.1 (contd.) (b) Input scene with multiple targets and non-targets.

The simulation has been done with all three types of filter possible with GFAF. The

corresponding correlation outputs are shown in Fig. 3.2(a) to Fig. 3.2(¢).

Corelation Peak Intensity

(a)
Fig. 3.2 (a) Correlation output with classical JTC (C=1, D=0, m=0).
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Comrelalion Peak Intengity

Carrelation Peak Intensity

()
Fig. 3.2 (contd.) (b) Correlation output with fringe-adjusted fiiter (C=1, D=10",

m=2), (c) Correlation output with fringe-adjusted filter (C=1, D=10, m=2)
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; (©)
Fig. 3.2 (contd.) (d) Correlation output with phase-only filter (C=1, D=10", m=1), (e)
Correlation output with phase-only filter (C=1, D=10"°, m=1).

From the correlation output of Fig. 3.2(a) to 3.2(e) it is e\lrident that multi-target
detection algorithm gives single correlation peak per target and indicates the exact
location of the target when the reference image is placed at the center of the reference
plane. As usual the classical JTC gives larger correlation width and sidelobes as
shown in Fig. 3.2(a). Fringe-adjusted JTC gives the best performance with delta-

function like correlation peaks when the value of D(u,v) is comparatively higher as
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shown in Fig. 3.2(b). But the FITC performance becomes poor if the value of D(z,v)
is lower as shown in Fig. 3.2(c). With phase-only JTC we get also sharper correlation
péaks though there are some sidelobes too and small peaks for non-target objects as
shown in Fig. 3.2(d) and Fig. 3.2(e). Phase only JTC however is quite insensitive to

the choice of D(u,v) in case of this multi-target detection algorithm.

3.3 Class-associative Target Detection

3.3.1 Theoretical Analysis

Class-associative target detection means detecting a group of objects, which may be
similar, slightly similar or totally dissimilar. The class-associative target detection
technique is formulated by combining the algorithm discussed in the previous section

and an enhanced version of the generalized fringe-adjusted filter.

3.3.1.1 Two Objects in a Class

Consider two dissimilar objects r;(x,)) and ra(x,)) which are used as the reference
images, and s{x,)) is the input scene that -contains various unknown objects
containing targets and non-targets. Following the algorithm described in section 3.2,
two sets of power spectra are generated in the spatial domain by utilizing the
reference images r;(x,)) and ra(x,)). Accordingly uéing ri(xy) and s(x,y) four input

spectra are obtained as given in Eq. (3.8).

My =nx,y+y)+s(x,y-y,)

n ' 3.8.a
=r(xy+y)+ Y px—x,Y—y, =Y, )+Axy—Y,) G:42)
i=1
Sy =ney+y,) - st y-y,)
. e , 3.8.b
=n(ay+y,)=7 . p,E=x,y -y, =y,)— iz y-y,) (5.8.5)
i=1
SaEx ) =n(x,y+y)-s(x,y-y,)
(3.8.¢)

=h(x,y+y,)= . p,(x=x,y=y,-¥,)-n(x,y - y,)

i=l
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f4;(x,y)=n(3:,y+y(,)+js(x,y—y,,)

~ . (3.8.d)
=Ry +Y,)+ 1D P X=X,y =3, = 3,) + ji% Y= Y,) |

i=l

Similarly by using r(x,y) another four input spectra are generated as given in Eq.

(3.9).

'fu(x,y)=r2(x,y+yo)+s(x,y—yo) '

z (3.9.a)
=r(Ly+ )+ D p(X =X,y =y, = y,)+n(x,y~,)
i=|
Fa(xy)=r(xy+y,)-js(x.y—-y,)
- < . (3.9.b)
=6y +Y,) =] 2 P(x =Xy =Y, = ¥,) ~ %y =,)
i=l
f‘32(x’y) = rl(x9y+yn) _S(x9y—y())
2 (3.9.c)
=X,y +y,)~ 2 (X=X, Y=y, = Y,)—n(x,y=¥,)
i=|
Jalay)=rnxy+y,)+js(x,y-y,)
(3.9.d)

=r2(x’y+ya)+jzp1(x_xi’y_yr _yn)+jn(x’y_yo)
i=l

- The joint power spectra corresponding to Eq. (3.8) and Eq. (3.9), may be expressed
as Eq. (3.10) and Eq. (3.11) respectively. '

T, @) = |Fu@v) =R @) + S |B @ + [N

=l

+2) 3|8 )2 ()| c0s(@ (4, v) = B (1, v) = wx, + 305, = vy, +v, |

i=1 ke=i+]

+ 2i|Pj(u, V)HRI (u,v)l cos[qﬁp, (V) -, (u,v)—wx, — vy, - 2vy‘,] (3.10.a)

i=1

+ 2R, (u, V)N (u,v)|cos[@,, (u,v) - 8, (u,v) + 2y, |

+ 22]1’; (u, v)”N(u, v)| cos[qﬁpi (u,v) = @, (u,v) = ux, ~vy, 1

i=]
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2

+ N(ut,\«')2

~2R ()] [N () sinlg, (u,v)— 8, (4 v)+ 20, ]

+2i: i|Ps(u,vj|Pk (u, v} cos@ﬁm. (z,v) —¢p,‘ (e, v)—1x, + w0, =vy, +vy, ]

=] k=i+l

(3.10.b)

sinfg,, (V) —~@ (u,v)—ux, —vy; —2vy,]

+ 2i|P, (V)| R ()

i=l

+ 2i:|P,. (u, v)“N (u, vj cosfg . (u,v)— ¢, (u,v) —ux, —vy, ]
i=l

T, (u,v) =|F3,(u,v)]2 =|1Rl(u,v)2 +i|P,(u,v)| +|N(u,v)|2

- 2|R, (u, v)] |N(u,v)| cos|d,, (u,v)—¢, (u,v)+ 2vya]
n o (3.10.c)
+23° |8 (vl P, (s v)cosld,, (u,v) = 8 4 (V) - e, + = vy, +,] _

i=l k=4l

- ZZ":|P,- (1 V)I |Rl (u,v)|cos[g (u,v) - @, (u,v)—ux, —vy, —2vy,]

cos[¢pj(u’ V) —¢n (u)v) —ux; - Vyi}

+ 2&[1), (V]| N ()

T, (v) =|Fy v}’ =|R @) + Y|P (v +|N(u,v)|

+ ZIJRl (4, v)1 |N(u, v) sinig,, (w,v)— ¢, (u,v) + 2va]

" 0 3,10.d
+ ZZ Z|P, (u,v)”P, (u, vl cos[¢p,. (u,v)— ¢p,‘ (u,v) —ux, +ux, —vy, +wy, ] ( )

=1 k=it

Sin[¢pi (u,v)—gzﬁ,l(u,v)—ux,. e 2vyn]

- 2i|P,. @ V)[R (V)

+ 2i:|P, (4, .v)||N(u, v)coslp,, (u,v) =4, () ~ux, ~ vy, ]

Ta(u,v)= |Fl,_ (u,v)|2'= |R2 (u,v) g i|P,(u,v)|2 + |N(u,v)|2

+ 22 i |‘Pr (u, ")"Pk (u, v)lcos[¢l’f (u,v) - ¢p* (u,v) —ux; +ux, —vy, +vy, ]

i=l k=4l

+ 22"]13.(u,v)|R,(u,v)|cos[¢,,,. (V) ~ b, (,v) ~1x, — vy, — 2wy, | (3.11.2)
+ 2|R2 (u,v) |N(u, v) cos[;zﬁ,,2 (u,v)—¢,(u,v)+ 2vy,.,]

|N(u,v)fcos[¢m (u,v)— @, (u,v)—ux, - vy,]

+ 2i|P,.(u,v)
1=l



o) =l o) =| Ry + Y126ov)] 4|V
—ZIR2 (u, vj |N(u, v)| sirt[¢‘;r2 (4, V)¢, (u, v)+2vya]

+2° Y|P )| P, (V) cosIB,, (1 V)~ 8 e (1, V) —2ax, +103, —vy, +v; ]

i=l k=i+l

#2317, V|| Ry ) sinih,, (1) (1) -2z, —vy, 209,
=

+ Zi’Pj (u, v)| |N(u, v)| coslp , (u,v) -, (u,v)—ux, —vy, |

i=l

s [Rz (u,v)

T, u,v) = |F32 (u,v)

: +ilP, (,v)| +IN(u-,v)]2
~2|Ry (u, V)| [N, v)| coslg, (u,v) — 8, () + 2w, |

+22n: ZH:IR (u,v)”Pk (u,vlcos[;éw. (u,v) =, (W, v) —ux, +ux, —vy,+vy,]

i=1 k=i+|

"'22'});(”’") COS[¢,»’(“vV)_¢r2(“sv)_'uxi =V, = 2W,]
=l

|R2 (u,v)

IN (u,v)

+2i|P‘ (u’ v) COS[¢N (u!v)_¢n (u,v)—uxr. —Vy,- ]

. " 2 2
Ta@) =) =[R o) + 2P| + |V
i=l

+ 2R, (u, V) [N (et ) sinf, (V) — @, (usv) + 20, ]
+2‘zr i|P, (u,v)[ |Pk (u, v1 coslg,, (1, v) — ¢, (u,v) —ux, +ux, —vy, +vy,]

- 2i|P“ (u’ v)[ |R2 (u’ v) Sin[¢pi (u’ ‘V) "¢r2 (u’ v) —ux —vy;, — 2vy"]

+ 2i|P,- (u, V)HN (u, v)| cos[@, (u,v) - g, (w,v) —ux, — vy, ]
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(3.11.b)

(3.11.c)

(3.11.d)

Here F”, F;[, F31, F4,r, F]g, ng, F32 and F42 are the Fourier transforms Ofﬁ],fg/,f”,
Sa1, f12, f22, f32 and fy, respectively. Using Egs. (3.10) and (3.11), the modified joint

power spectra may be expressed as

T,(u,v)=T;, (V) + Ty, ;) = Ty, — jT,

=4 |P(u,v)||R (u, v)|explj@,, u,v) - jg, (u,v) - jux, = juy, ~2jvy,]  (3.12)
i=1

+ 4R, (u, )| [N (u,v)] expl- /6, () + j@, (u,v) 2wy, ]
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Tb(u,v) = jriz(u-sv)'f'J'.j‘qzz(?*"'s‘") "ng _dez
=431, )[Ryt V)| exDLid (V) — i (e v) = o, = oy, = 2wy,] - (3-13)

i=1

+4|R, (u, )] [N, v} expl- jg,o(u,v) + jd, (u,v) - 2jv.,]

Using Egs. (3.12) and (3.13), the final JPS can be generated as follows

T(u,v) = aT,(u,v)+ BT (,v)

a_@lf’,-(u,v)nR, (,v)|explig,, (V)= jd, (u,v) ~ jux, = jvy; = 2jvp,] (3.14)
+ 4R, (u, V)| [N i, v)| expl- j () + 4, (uv) = 2w, ]

_4§|P,(u, V)||R, (u,)expljd, (u,v)— jd, (u,v) = jux, = jvy, = 2jvy,]

INGu,v)| expl= 7d,, (V) + jd, (wv) - 2jwy, ]

+8

+ 4|RJ (u,v)

where a + = 1. The ratio of a and f may be varied depending upon the energy
content of the joint power spectra 7, and T} in order to achieve equal correlation peak
for both targets. Since there are two targets to be detected, the Hyyy filter shown in
Eq. (3.6) may be reformulated for class detection, which may be termed as class-
associative generalized fringe-adjusted filter (CGFAF). The filter function 1is

expressed as

1
D(u,v)+|R )" +|Ry (u,v)|

H oy U, v) = — (3.15)
where R;uv) and R(u,v) are the Fourier transforms of r;(xy) and rax.y).
respectively and C(x,v)=1 in Eq. (3.6). As in the case of generalized fringe-adjusted
filter (GFAF), for CGFAF also three types of filtering may be achieved by selecting

the values of m and Dfu,v).

Using Egs. (3.14) and (3.15), the modified joint power spectrum becomes

aT, (u,v)+ BT, (u,v)
D(u,v) + IR, (u,v)|" +|R, (u,)|

G ooy ,v) = H oy xT(u,v) = (3.16)

n

The correlation output corresponding to Gegryfi,v) can be obtained by applying

inverse Fourier transform to Eq. (3.16).



48

3.3.1.2 Three Objects in a Class

If there are three objects in the class, then there will be three references. Accordingly
there will be three ‘sets of input spectra made by various combinations of the input
scene with the three references separately. So for three objects, in addition to Eq.
(3.8) and Eq. (3.9) another set of input spectra will be generated as given by Eq.
(3.17).

F) =rx,y+y,)+s(x,y-¥,)

n (3.17.2)
=1 (XY +Y,)+ 2 p(x =X,y =y, =¥, )+ a(x,y = ¥,)
i=1
Fu(ay=nxy+y,)-js(xy-y,)
AN . (3.17.b)
=r(Ly+y,)- > pi(xX=%. Y=Y, = ¥,) = jn(%y=¥,)
i=1
fuayy=nx,y+y,)-s(x,y-y,)
n (3.17.¢)
=r(GY+Y,) =2 P (X=X, y=y, = y,) - nx.y-y,)
=]
ﬂ](XDy) = rJ(x3y+yo) +js(x’y—ya)
(3.17.d)

=r3(x,y+yu)+j2p;(x—x,.,y—y, —yo)+jn(x,y—y(,)

i=1

Accordingly in addition to the joint power spectra of Eq. (3.10) and Eq. (3.11) there
will be a set due to Eq. (3.17) giving T3, T2, T33 and T3, Using these values we will

get another set of modified joint power spectra given by

T.(u9) =T @)+ jT@) T~ Ty (3.18)

The final JPS is obtained by using Eq. (3.12), Eq. (3.13) and Eq. (3.18) given by
T(u,v)=aT, (u,v)+ BT, (u,v)+ 17T, (u,v) | (3.19)

where at+f+)=1, Since there are three targets to be detected, the H.gzy filter shown in

Eq. (3.15) may be reformulated as

1
D(u,v) +|R (u,v)" +|R,y (u,v)

Hcgﬁ:rf (u,v)= (3.20)

n

" 4R ()|
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where R;(u,v), Ro(u,v) and R;(u,v) are the Fourier transforms of r;(x.y), rafx,y) and
rj(x, y) respectively. Using Egs. (3.19) and (3.20), the modified joint power spectrum
becomes

aTa(usV)"‘m:a(“»V)"'ﬂ:- (3
D) +|R e, +|Ry o, v)|” +[ R, ()| '

21)

Gcgﬁlrf (u,V) = H"ﬂ@f x T(u, V) =

The correlation output corresponding to Ggn®v) can be obtained by applying

inverse Fourier transform to Eq. (3.21).

3.3.1.3 Multiple Objects in a Class

By applying the procedure described in sections 3.3.1.1 and 3.3.1.2 we can formulate
the detection algorithm for detection of a class of dissimilar objects when there are
more than three objects in the class too. However as the member of the class

increases, the detection technique becomes more and more complex.

3.3.2 Simulatiron
3.3.2.1 Two Objects in a Class

Let us consider that alphabet ‘E’ and alphabet ‘H’ are two objects forming a group or

class to be detected in a binary input scene. Then these are the two reference objects

of the analysis that are shown in Fig. 3.3(a) and Fig. 3.3(b) respectively. First let us
assume that the input scene contains only the§e two objects as shown in Fig. 3.3(c).
Now if the class-associative target detection theory is applied as described in section
3.3.1, the correlation output of Fig. 3.3(d} is obtained when the filter parameters are
such that the CGFAF filter for class detection is a fringe adjusted filter (m=2) and the
value of power spectra parameters are o=0.5 and £=0.5. Fringe-adjusted filter 1s
chosen as it performed better with multi-target detection technique shown in section

3.2.2.



(b)

Fig. 3.3 (a) Reference image 1. (b) Reference image 2.

30
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(d)
Fig. 3.3 (contd.) (c) Input scene, (d) Correlation output with C=1, D=10", m=2 and

a=0. 5, <0.5.

From the correlation output of Fig. 3.3(d) it is observed that single correlation peak is
obtained for each of the targets, which is obvious as class-associative target detection
employed multi-target detection algorithm. However unequal correlation peaks are
seen for the two objects of the class or group. From the simulation correlation peak
intensities of 1.8908 for ‘E’ and 1.3594 for ‘H’ are found. This difference is due to

the difference in energy contents of the two objects. So, by adjusting the power
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spectra parameters as a=0.4125 and £=0.5875 the correlation output for both the
targets ‘E’ and ‘H’ of the class can be made equal as shown in Fig. 3.4. In this case

the peak intensity for ‘E” is 1.5671 and for ‘H’ it is 1.5678.

Comelation Peak Intensity

- Fig. 3.4 Correlation output for the references and input scene of Fig. 3.3(a) to Fig.
3.3(c) with m=2, C=1, D=10"" and &=0.4125, =0.5875.

As a second example let us take multiple targets of the class and multiple non-targets
in the input scene as shown in Fig. 3.5(a). The correlation output with fringe-adjusted

filter and power spectra parameters adjusted is given in Fig. 3.5(b).

(2)

Fig. 3.5 (a) Input scene with multiple targets of the class and multiple non-targets.
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(b)

Fig. 3.5 (contd.) Input scene with multiple targets of the class and multiple non-
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targets, (b) Correlation output with m=2, C=1, D=10" and 0=0.4125, =0.5875.

In this case the values for power spectra parameters (« and f) are chosen as has been

taken in the case of input scene of Fig. 3.3(c) with output of Fig. 3.4. The correlation

peak intensities for the target and non-target objects in this case are given in Table

3.1.

Table 3.1 Correlation peak intensities for different objects for the input scene of Fig.
3.5(a) and output of Fig. 3.5(b).

Peak [ntensity Peak Intensity
Upper ‘E’ 1.5018 Upper ‘H’ 1.5254
‘M’ 0.3963 A 0.1901
Lower ‘E’ 1.5108 Lower ‘H’ 1.5355

Here it is observed that the peak intensities for all the four targets are almost equal

and non-target peaks are negligible compared to the target peaks. Attempt could be

made by adjusting the values of @ and f to make the peak intensities for the targets



54

much nearer. But it is insignificant and not necessary as with the present values of a

and £ the ratio of maximum target peak to minimum target peak is only 1.02.

So, once the targets of a class are defined or chosen, the required values of power
spectra parameters can be selected by making test runs with only the desired objects
of the class in the input scene. For these however several trail and error attempts are
required. The determined values can then be used for a real input scene with multiple
targets and non-targets with no or negligible degradation of performance. The above
process of adjusting the power spectra parameters may seem uncomfortable
sometime. In that case a technique may be adopted to determine the values of power
spectra parameters automatically by the system. For this the target peaks of the
objects of the class are first need to be known with equal values of the parameters.
Then by an iterative process the peaks can be made nearly equal by gradually
adjusting the values of the power spectra parameters depending on relative difference
among the peaks obtained with equal values of parameters. Still this method does not
guarantee fully equal correlation peaks for the dissimilar objects of the class.
Moreover this technique becomes much more complex if the number of dissimilar
objects in a class increases. As this is a computation intensive process, it cannot be

implemented optically too.

3.3.2.2 Three Objects in a Class

Now let us take three different objects as the member of the target class. So there will
be three reference objects as shown in Fig. 3.6(a) to Fig. 3.6(c). The input scene
containing multiple targets of the class and several non-targets is shown in Fig.
3.6(d). The corresponding correlation output using fringe-adjusted filter is shown in
Fig. 3.6(e). Table 3.2 summarizes the correlation peak intensities for all the objects of

the input scene.



(b

Fig. 3.6 (a) Reference image 1, (b) Reference image 2.
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(d)

Fig. 3.6 (contd.) (¢) Reference image 3, (d) Input scenc with multiple targets of the

class and multipie non-targets.




and »=0.280.
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Correlation Peak Intersity

- (e)
Fig. 3.6 (contd.) (e) Correlation output with m=2, C=1, D=10" and a=0.441, £=0.279 -
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Table 3.2 Correlation peak intensities for different objects for the input scene of Fig.

3.6(d) and correlation output of Fig. 3.6(¢).

Peak Peak Peak
Intensity Intensity Intensity
| Upper ‘E> | 0.2404 Upper ‘2’ 0.2418 Upper ‘M’ | 0.2437
Kok 0.0205 ‘T 0.0843 T 0.0197
Lower ‘E* | 0.2414 Lower ‘2’ | 0.2434 Lower ‘M”> | 0.2396

So from Fig. 3.6(¢) and Table 3.2 it is evident that for all three target images of the

class almost equal correlation peaks are obtained. Besides, the non-targets produce

almost no or negligible peaks.

3.3.2.3 Multiple Objects in a Class

In the previous section the class-associative target detection technique has been tested

for more than three dissimilar objects in the class. It is found that this technique is
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sticcessful for even up to six objects as one particular class members. However, the
technique becomes computation intensive and difficult for optical implementation as
the number of dissimilar objects in a class increases. The main problem is to adjust

the power spectra parameters.

o

Now let us verify the six-object case by taking alphabets *E°, *M’, *Z", *T", *O" and
‘H> as the object images of a class. So these are the reference tmages. The adjusted
values for the power spectra parameters are 0.085, 0.130. 0.080, 0.3025. (.180 and
0.2225 respectively. The input scene and corresponding correlation output are shown

in Fig. 3.7.

(a)

Fig. 3.7 (a) Input scene with six objects of a class
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Correlation Pea¥ Interrsity

(®

Fig. 3.7 (contd.) (b) Correlation output.

3.4 Conclusion

Multi-target detection algorithm (MTDA) can be considered as an extension of the
fringe-adjusted JTC or generalized fringe-adjusted JTC, as, here the final joint power
spectrum is multiplied by the generalized fringe-adjusted filter before the inverse
Fourier transform operation. This MTDA also successfully detects the objeéts in a
mﬁlﬁ—object input scene giving sharp correlation peaks. By using multiple references
in MTDA, a successful class-associative target detection can be achieved to detect
multiple dissimilar objects simultaneously present in the input scene. In this work a
simple modification has been adopted in the MTDA by adjusting the phase
information of the input power spectra, which is diréctly introduced in Egs. (3.1),
(3.8), (3.9) and (3.17) in the preceding analyses. Due to this modification, the
correlation peaks are obtained at the exact location of the targéts besides getting
single correlation peak per target in both multi-target detection and in class-
associative detection. Single correlation peak is a great contribution of the MTDA,
because, it provides an exact and unique correlation signal for the target. Thus

detection accuracy is increased along with the optical efficiency.



Chapter 4

SYNTHETIC DISCRIMINANT FUNCTION

" 4.1 Introduction

Though. successful in preserving the shift invariant pattern recognition property, all
JTC techniques suffer from high sensitivity to distortions in the input scene, such as
scale variations and rotations. To accommodate distortion invariance in JTC,
synthetic discriminant function (SDF) concept is adopted. SDF can be synthesized by
the linear combination of the images from a training set composed of the target image
and its many distorted images. This SDF is used as the reference image in the JTC.
When the input target is true, there will be a correlation peak in the correlation plane,
which is constant with target’s distorted versions. Theoretically, this method is

distortion invariant to transposition, scale and rotation distortion.

4.2 SDF in Fractional Power FJTC

For the distortion invariant fractional power fringe-adjusted JTC or generalized
FITC, the reference image r(x,y) is synthesized from a set of training images. Let us
assume that the N centered training images,.r;, | N , ¥n, containing the desired
distortion invariant features, are used to construct the spatial SDF rgpge(x.y).

Typically, rspr(x,y) is a linear combination of the training images, given by

rsmr(an’):Z":akrk(st’) (4.1)

where a; represents the weights or coefficients used. This composite image is used as
the reference in all types of JTC for distortion invariant recognition. The generalized

fringe-adjusted filter (GFAF) is now modified as

Cu,v) i‘
D(u,v) + |R.s'.').'-‘ (u, v)lf"

Spr
H =

oy (4.2)
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where Rspr(u,v) is the Fourier transform of the spatial SDF rsps(x,). The SDF-based
JPS is obtained by multiplying the JPS with the filter function of Eq. (4.2). This

modified JPS is inverse Fourier transformed to obtain the correlation output as usual.

. 4.3 Obtaining SDF
4.3.1 Theoretical Analysis

Determination of the spatial SDF rsps(x,)) requires finding the values of coefficients
in Eq. (4.1). To evaluate the coefficients ay, k=1,2,....... ,N, for the training images 7y,
k=1,2,.......,N, respebtively, some iterative process is employed. Here a simplified
process has been adopted for this purpose. First all the coefficients are taken as real
and unity. Then a simple addition of the training set images gives a composite image.
" This composite image is now used as the reference image to find correlation with
each of the images of the training set. To find the correlation, fractional power fringe-
adjusted JTC or generalized fringe-adjusted JTC technique is chosen whereby we can
employ classical JTC, fringe-adjusted JTC or phase-only JTC according to the
requ'irement. In the first iteration of finding correlation with the training set, unequal
correlation peak intensities are obtained due to dissimilarity in the images of the
training set. Our aim is to make the correlation peak height equal for all the images of
the training set. So the coefficients of the images of the tr;ﬁining set are changed from

first iteration to second iteration following an empirical iterative formula

i+]

ak =a:c +(p:nax —pli')xrf - 7 (43)

where ay is the coefficient for kth image of the training set, / is the iteration number,
Pmax 18 the maximum correlation peak obtained from the correlation peaks of all the
training set images in a particular iteration and py is the correlation peak for the kth
image of the set. rfis the relaxation factor which has direct effect in changing the
values of the coefficients from one iteration to next iteration. With the new values of
the coefficients the composite reference is calculated again as the weighted sum as
given in Eq. (4.1). This reference is again used for the next iteration to update the
correlation outputs and the weights for the all the images in the training set. It may be
mentioned that the filter function used in the generation of the SDF itself is also

updated by using the SDF obtained in the iteration. This iterative process is continued



62

until the correlation peaks for all the images of the training set become equal or when
the difference between the maximum peak and minimum peak reaches within a
predetermined range. This limiting value of the error or difference may be expressed

as
E = (Dhax = Prin ) P (4.4)

where {,’ is the error calculated in ith iteration, p,,,axf is the maximum correlation peak
obtained in ith iteration and p,.;, is the minimum correlation peak obtained in ith
iteration. The composite image thus obtained after final iteration is the desired spatial

SDF, rSDF(x;y)-

4.3.2 Simulation

To show the generation of SDF, nine images are taken as the training set which are
alphabet ‘E’ and its rotated and/or distorted forms as shown in Fig. 4.1(a). Fig. 4.1(b}
shows the SDF generated by the simple addition of the training set images assuming
all the coefficients to be equal to unity. Fig. 4.1(c) shows the input joint image
containing the training set images and the initial SDF as the reference for first
iteration. This input joint image is used to find the final values of the coefficients and
hence the final SDF by using the generalized fringe-adjusted joint transform
correlation (GFITC). The SDF generation program is simulated in a Pentium II 300
MHz computer using MATLAB software (Appendix 1) by applying the generalized
fringe-adjusted filter (GFAF) in joint transform correlator, which gives classical JTC,
- fringe-adjusted JTC and phase-only JTC. Simulation results obtained by all these
three types of JTCs are shown. The performance of the SDI's obtained by these three
types of JTCs are then evaluated by employing them separately for the detection of
distorted images from the training set by using both fringe-adjusted JTC and phase-
only JTC. For the SDF generation program an error limit £~0.01 and maximum
iteration number =500 have been taken. As in usual JTC techniques such as
generalized FITC, a pair of correlation peaks is obtained for each image, one peak for
each image is zero padded for the correlation output in the SDF generation programs

for clarity as will be seen in the figures of correlation outputs.
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(b)

Fig. 4.1 (a) Training sct containing 9 images, (b) Spatial SDF with the

cocfhicients.
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(c)

Fig. 4.1 (contd.) (c) Joint input image with initial SDF as reference and the training

set images as the targets.

4.3.2.1 SDF Gencrated using Classical JTC

Classical JTC is obtained by taking C=1, D=0 and m=0 in the GFAF filter of Eq.
(2.16). This filter is applied to the JPS derived from the input joint image of Fig.
4.1(c) to get the classical JTC for obtaining the correlation with the initial SDF and
the training set images individually. A relaxation factor r/=0.5 has been sclected in
this case. [ig 4.2(a) shows the corrclation output after first iteration and Fig. 4.2(b)
clarifies the correlation peaks for all training set images. It is observed that initially
the peaks are much different from each other. An tterative process is continued as
stated in section 4.3.2. But here all the 500 iterations complete taking around 8
minutes, but the correlation peaks do not reach Wilhin the desired error limit or
difference limit as 1s seen in Fig. 4.2(c) and Fig 4.2(d). The correlation peak intensity
for each image is given in Table 4.1 after 500 iterations. I'ig. 4.2(e) is the final SDF,
termed as rsp~ which may be used as the refc::rencc for distortion mvariant JTC.
However as here the final correlation peaks for the images are not same, this rgps”

should not perform successfully in target detection.
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(b)

Fig. 4.2 Using classical JTC for SDF generation (a) Correlation output after one

iteration, (b) Two dimensional view of the correlation output of (a).
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Fig. 4.2 (contd.) {c) Correlation output after 500 iterations, {d) Two dimensional view

of the correlation output of (c).



(e)

Fig 4.2 (contd.) (e) Spatial SDF rg;“ after 500 iterations.
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Table 4.1 Correlation peak intensities for the training images of Fig. 4.1(a) after all

iterations using classical JTC

Image 1 Image 2 Image 3 Image 4 Image 5
Correlation
' _ 10640 11005 10799 10872 10912
peak intensity
Image 6 Image 7 Image 8 Image 9
Correlation
10863 10808 10497 10270

peak intensity

4.3.2.2 SDF Generated using Fringe-adjusted JTC

For the same training set images, initial SDF and joint image of Fig. 4.1 the SDF is

now generated by using fringe-adjusted JTC with (=1, D=1 0" and m=2 in the GFAF

filter. The relaxation factor #f is now sct o 0.1. Here also after first iteration the

corrclation peaks are much different for different images as shown in Fig 4.3(a} and

Fig 4.3(b). After 500 iterations taking around § minutes, the difference in correlation

peak intensities reduces, but still does not reach within the desired error limit as is
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seen from Fig 4.3(c) and Fig 4.3(d). Table 4.2 clarifies this situation by displaying the
correlation peak intensities for different images. On the other hand after 500 hundred
iterations a large number of correlation side lobes with considerable intensities are

created in the correlation output for the images.

(b)

Fig. 4.3 Using fringe-adjusted JTC for SDF generation (a) Correlation output after

one iteration, (b} Two dimensional view of the correlation output of (a).
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(d)

Fig. 4.3 (contd.) (c) Correlation output after 500 iterations, (d) Two dimensional view

of the correlation output of (¢).
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(e)
Fig. 4.3 (contd.) (e) Spatial SDF rsoi after 500 iterations.

Table 4.2 Correlation peak intensities for the training images of Fig. 4.1(a) after all

iterations using fringe-adjusted JTC

Image 1 Image 2 Image 3 Image 4 Image 5

Correlation
i ) 0.6380 0.7036 0.7078 0.7171 0.7224
peak intensity

Image 6 Image 7 Image 8 Image 9

Correlation
0.7305 0.7307 0.7307 0.7205
peak intensity

So even if by increasing the number of iterations the peaks can be made equal, it will
produce considerable sidelobe effect and thus deteriorating the performance of the
generated SDF, Accordingly the final SDF in this case, termedlas rspf obtained as in
Fig. 4.3(e) should not also give satisfactory performance in distortion invariant

detection.

4.3.2.3 SDF Generated using Phase-only JTC

For the same training image, initial SDF and joint image of Fig. 4.1 the SDF is
generated by using phase-only JTC with C=1, D=10"* and m=1 in the GFAF filter.

'Fig. 44(a) and Fig. 4.4(b) shows the correlation output for the training set images
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after first iteration with 7/ set to 0.1. In less than one minute and after only 12
iterations the program converges and the correlation peaks reach within the desired
error limit as shown in Fig 4.4(c), Fig 4.4(d) and Table 4.3. Fig. 4.4(¢) is the final

SDF, termed as rsp/, which should give satisfactory performance in distortion

invariant recognition.

(b)

Fig. 4.4 Using phase-only JTC for SDF generation (a) Correlation output after one

iteration, (b) Two dimensional view of the correlation output of (a).
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Fig. 4.4 (contd.) (c) Correlation output after 12 iterations, (d) Two dimensional view

of the correlation output of (c).
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(e)

Fig. 4.4 (contd.) (e) Spatial SDF rsp” after 12 iterations.

Table 4.3 Correlation peak intensities for the training images of Fig

iterations using phase-only JTC

73

. 4.1(a) after all

peak intensity

Image 1 Image 2 Image 3 Image 4 Image 5
Correlation
] ) 14.6380 14.7354 14.7082 14.7575 14.7229
peak intensity
Image 6 Image 7 Image 8 Image 9
Correlation
14,7264 14.7709 14.7294 14.7120

4.3.2.4 Performance Evaluation of the Generated SDFs

To evaluate the performance of the generated SDFs an input scene is taken with the

four images from the training set. Fig. 4.5(a) shows the input joint image with the

reference as undistorted image. Fig. 4.5(b) shows the correlation output with fringe-

adjusted JTC and Fig. 4.5(c) shows the correlation output with phase-only JTC. It is

seen that a pair of correlation peaks is obtained only for the undistorted image while

there is no or negligible peaks for the distorted images. So without using SDF both
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fringe-adjusted JTC and phase-only JTC fail to detect the distorted images of the

input scene.

Correlation Peak frtensity

(b)

Fig. 4.5 (a) Input joint image with distorted and undistorted images along with

undistorted image as reference, (b) Correlation output using fringe-adjusted JTC.
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(c)

Fig 4.5 (contd.) (¢) Correlation output using phase-only JTC.

Now instead of the original image as the reference, YSDF rgDpf and rsps” are taken one
by one to evaluate their performance by using both fringe-adjusted JTC and phase-

only JTC, which are shown in the following analysis by using figures.

a) Performance of rspf* in fringe-adjusted JTC:

(a)

Fig. 4.6 (a) Input joint image with distorted and undistorted images along with rsoF

as reference.
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Comelation Peak Intensity

(b

Fig. 4.6 (contd.) (b) Correlation output using friilge-adjusted JTC.

b) Performance of rSDFf in fringe-adjusted JTC:

(a)

Fig. 4.7 (a) Input joint image with distorted and undistorted images along with rsoel

as reference.
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(b)

Fig. 4.7 (contd.) (b) Correlation output using fringe-adjusted JTC.

¢) Performance of rsp/ in fringe-adjusted JTC:

(a)

Fig. 4.8 (a) Input joint image with distorted and undistorted images along with rspf”

as reference.
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(b)

Fig. 4.8 (contd.) (b) Correlation output using fringe-adjusted JTC.

d) Performance of rspe” in phase-only JTC:

(a)

Fig. 4.9 (a) Input joint image with distorted and undistorted images along with r¢pr”

as reference.
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Correlation Peak Intensity

(®)

Fig. 4.9 (contd.) (b) Correlation output using phase-only JTC. |

e) Performance of rsoe in phase-only JTC:

(a)

Fig. 4.10 (a) Input joint image with distorted and undistorted images along with rsod

as reference.
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(b)

Fig. 4.10 (contd.) (b) Correlation output using phase-only JTC.

f) Performance of rgps in phase-only JTC:

(2)

Fig. 4.11 (aj Input joint image with distorted and undistorted images along with rgpe”

as reference.
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Cormelation Peak Intensity

(b)

Fig. 4.11 (contd.) (b) Correlation output using phase-only JTC.

From the above analysis it is observed that for the target detection with distorted
target images in the input scene fringe-adjusted JTC using SDF reference produced
by fringe-adjusted JTC (rSDFf ) and phase-only JTC using SDF reference produced by
phase-only JTC (rsps) give acceptable performance. However correlation peaks
obtained by using rsp# for the images from the training set are not equal and the
correiation output is not free from side lobes. On the other hand correlation peaks
obtained by using rsps are almost equal though there are side lobes in this case too.
As there may be distorted and undistorted non-target images in the input scene as
well, equal peaks for all the distorted and undistorted target images are very
important to clearly differentiate them from the non-targets. So SDF generated using
phase-only JTC along with phase-only JTC for detection is suitable for efficient

distortion invariant target recognition.

4.4 Conclusion

In this chapter a simplified iterative method of formulating SDF by using GJTC is
discussed. The weights of the SDF corresponding to the training set images are

determined according to the target correlation peaks of the images. These target
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correlation peaks, however, are set by the SDF generation algorithm, which are not
fixed quantities, rather are governed by the desired error limit. The SDF is generated
off-line and then implemented as reference in real time JTC. It is found that SDF
program better converges when phase-only JTC is used and it gives better distortion
invariant detection if phase-only JTC is used in the ultimate target detection

application.



Chapter 5

DISTORTION INVARIANT CLASS-
ASSOCIATIVE TARGET DETECTION

5.1 Introduction

Synthetic discriminant function (SDF) is used with the JTC techniques for obtaining
distortion invariant target detection such as detection of scaled or rotated images with
equal correlation peak as obtained for undistorted images. Multi-target detection
algorithm based class-associative target detection technique employing JTC is used to
detect a class of similar or dissimilar objects with equal correlation peak for all the
images of the class. However if the images of the class are rotated or have scale
variation or other types of distortion, this class associative target detection technique
fails to detect the distorted images. On the other hand making SDF from the
undistorted and distorted images of the class and using that SDF as the reference in
usual JTC techniques does not work in detection of distorted and even undistorted
images of the class. So to get distortion invariant class-associative target detection
SDF based reference image can be employed for each object of the class in the class-
associative target detection technique. In this chapter the processes or conditions
necessary to employ SDF in class-associative target detection will be shown and the
performance of the technique will be evaluated for both binary and gray level images

with and without noise in the input scene.

5.2 Theoretical Analysis

In section 3.3 it is shown that if there are two objects or images of the class, then
there will be two reference images r/(x,y) and ry(x,3) to be used to make two sets of
- input spectra and to formulate the class-associative generalized fringe-adjusted filter
(CGFAF) for class detection. To get distortion invariant detection the reference

image r;(x,y} should be synthesized from the training set containing the possible or
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expected distortions of the image along with the undistorted one. So instead of
undistorted r;(x,y), the reference is now synthesized SDF given by rspri(x.y).
Similarly r2(x,y) is replaced by rspr2(x,3). The Fourier transform of rspri(x,y) may be
given by Rspri(4,v) and Fourier transform of rsprafx,y) may be given by Rspra(u,v).
So for SDF based distortion invariant detection of a two-object class, Eq. (3.8) to Eq.
(3.16) are modified by replacing r;(x,y) with rspgi(x,y), ra(x,y) with rspra(x.y), R;(u,v)
with Rspri(u,v) and Ra(u, v} with Rspra(u,v). Thus using rspri(%,y) and rspr2(x,y) gives

distortion invariant detection of the images of the class.

5.3 Simulation

It is observed in section 4.3.2 that SDF generated by using phase-only JTC along
with phase-only JTC for target detection gives better correlation performance for
distortion invariant recognition. So for class associative target detection SDF based
reference images obtained by using phase-only JTC and in the class-associative
detection algorithm the class-associative generalized fringe-adjusted filter (CGFAF)
as a phase-only filter could be directly chosen. But as class-associative target
detection employs a multi-target detection algorithm based on JTC, which is different
from other JTCs, the analysis is made first to find the suitable filter for SDF
generation and suitable filter for class detection. Once a decision is reached,
subsequent analyses are made with the best choice for the above-mentioned two
cases. First, analysis is made to show the distortion invariant class-associative target
detection for binary images such as English alphabets. Then this same analysis is

done for gray level images.

5.4 Detection of Binary Images

5.4.1 Distorted Images with Undistorted References

At first alphabets ‘E’ and ‘H’ are taken as the desired class of binary images. To see
the effect of distortion of these images an input scene is considered with undistorted
and distorted versions of these two images as shown in Fig. 5.1(a). Now if the

undistorted images are used as references as shown in Fig. 5.1(b) and Fig 5.1(c), then
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correlation output is obtained as Fig 5.1(d) if fringe-adjustéd filter is used and as Fig.
5.1(e) if phase-only filter is used. It is observed that there are correlation peaks only
for the undistorted images of the class. So, class-associative detection technique fails

to detect the distorted images with the undistorted images as the references.

(b)

Fig. 5.1 (a) Input scene with multiple distorted and undistorted images of the class

and multiple non-targets, (b) Reference image 1.
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Comelation Peak Intensity

(d)

Fig. 5.1 (contd.) (c) Reference image 2, (d) Correlation output using fringe-adjusted
filter
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(e)

Fig. 5.1 (contd.) (¢) Correlation output using phase-only filter.

5.4.2 Distorted Images with SDF References

To get SDF image of ‘E’ a training set has been taken by rotating the image up to an
angle of 40 degrees clockwise at a step of 5 degrees. This rotation is made by
MATLAB _image processing toolbox using simple nearest neighbor interpolation,
which is responsible for the other distortions and scaling of the images as well. So in
total therc are 9 images in the training set including the undistorted one as is given in

Fig. 5.2(a). In the same way training set for ‘H’ is obtained as is given in Fig 5.2(b).
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(b)

Fig. 5.2 (a) Training set of image 1 (‘E’), (b) Training set of image 2 (‘H’).

Now SDF based reference images are created from both the training sets using both
fringe-adjusted JTC and phase only JTC. These SDF references are used to gect
distortion invariant class-associative target detection {(Appendix II). Fig. 5.3(a) and
Fig. 5.3(b) shows the SDF references generated by using fringe-adjusted JTC. The

input scene is same as that of Fig 5.1(a) containing the distorted images from the
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training set. Fig 5.4(a), Fig 5.4(b) and Fig 5.4(c) give the correlation output for the
input scene images using fringe-adjusted filter in class-associative target detection
technique. Here the correlation peaks for the targets of the class are very much

different and the highest peaks are obtained for the non-targets.

(a)

(b)

Fig. 5.3 (a) SDF reference image 1, generated by using {ringe-adjusted JTC, (b) SDF

reference image 2, gencrated by using fringe-adjusted JTC.
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Fig. 5.4 (a) Correlation output for Fig. 5.1(a) and Fig 5.3 using fringe-adjusted filter,

(b) Correlation output for left-side images.
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Fig. 5.4 (contd.) (c) Correlation output for right-side images.

Fig. 5.5(a), Fig. 5.5(b) and Fig 5.4(c) shows the correlation output for the same input |
scene images of Fig 5.1(a) using phase-only filter in class-associative target detection
technique. Here also the SDF references are generated by using fringe-adjusted JTC

as given in Fig. 5.3(a) and Fig 5.3(b).

Comelation Peak Intensity

(a)

Fig. 5.5 (a) Correlation output for Fig. 5.1(a) and Fig 5.3 using phase-only filter.
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(c)

Fig. 5.5 (contd.) (b) Correlation output for left-side images, (c) Correlation output for

right-side images.

In this case also correlation peaks for the targets are very much different though the
non-target peaks are smaller. So from Fig. 5.4 and Fig 5.5 it can be concluded that

SDF references generated by using fringe-adjusted JTC fail in distortion-invariant
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class detection whether fringe-adjusted filter or phasc-only filter is chosen in the

class-associative generalized fringe-adjusted filter (CGI'AL).

Fig 5.6(a) and Fig 5.6(b) are the SDF references generated by using phase-only JTC.
These are now used for the class detection for the input scene of Fig 5.1(a) using
fringe-adjusted filter in class-associative recognition technique. The corresponding

correlation output is given in Fig. 5.7(a), Fig 5.7(b) and Fig 5.7(c).

(b

Fig. 5.6 (a) SDF reference image 1, generated by using phase-only JTC, (b) SDI

reference image 2, generated by using phase-only JTC.
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Fig. 5.7 (a) Correlation output for Fig. 5.1(a) and Fig. 5.6 using fringe-adjusted filter,

(b) Correlation output for left-side images.
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©

Fig. 5.7 (contd.) (¢) Correlation output for right-side images.

It is seen that even if the SDF references are generated by phase-only JTC, the class-
associative detection technique fails to successfully detect all the distorted and

undistorted images of the class when the CGFAF is a fringe-adjusted filter.

As a final attempt the SDF references of Fig. 5.6 are used in the class-associative
target detection technique using phase-only filter in CGFAF for the same input scene
of Fig. 5.1(a). The correlation output is given in Fig 5.8(a), Fig 5.8(b) and Fig 5.8(c).
It is evident that this is the most successful correlation performance with almost equal
peaks for the distorted and undistorted images of the class and negligible peaks for
the non-targets. So it is concluded here that for distortion invariant class-associative
target detection the SDF reference must be generated by using phase-only JTC and in

class-associative detection technique the generalized filter CGFAF should be a phase-

only filter.
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Fig. 5.8 (a) Correlation output for Fig. 5.1(a) and Fig. 5.6 using phase-only filter, (b)

Correlation output for left-side images.
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Fig. 5.8 (contd.) (¢) Correlation output for right-side images.

5.4.3 Look-alike Non-target Image in the Input Scene

Let us assume that input scene contains a non-target image ‘F’ which is very much
similar (look-alike) to the target image ‘E’ as shown in Fig 5.9(a). The SDF
references for ‘E’ and ‘H’ generated by using phase-only JTC are shown in Fig 5.9(b)
and Fig 5.9(c). The class-associative target detection tecﬁnique is now employed
using phase-only filter for Fig. 5.9 to obtain the correlation output of Fig 5.10. Here it
is observed that the correlation peak for ‘F’ is very near to the target peaks and thus
deteriorates the detection performance. The correlation peaks for all the images of the
input scene are summarized in Table 5.1 and the performance of the correlation is
summarized in Table 5.2. Here the ratio of maximum target peak to minimum target
peak is 1.064 whereas the ratio of minimum target peak to maximum non-target peak
is 1.204. So when there is a non-target very much similar to the target in the input

scene, the class-associative target detection technique gives poor performance.



(b)

Fig. 5.9 (a) Input scene, (b) SDF Reference image 1.
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“Fig. 5.9 (contd.) (c) SDF Reference image 2.

(2)

Fig. 5.10 (a) Correlation output for Fig. 5.9.
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Fig. 5.10 (contd.) (b) Correlation output for left-side images, (c¢) Correlation output

for right-side images.
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Table 5.1 Correlation peak intensities for the input scene of Fig. 5.9(a)

Correlation Peak Intensity

Image 1 Image 2 Image 3 Image 4 Image 5
For left-side 41.6964 40.8152 39.3258 39.4298 32.6538
For right-side | 41.7362 39.3821 40.4845 41.8249 9.6857

Table 5.2 Detection performance using Table 5.1

Maximum Minimum Maximum TGrax/ TGmin TGmin/ NTGrmax
Target  Peak | Target Peak Non-target

TGnax TGmin Peak NTGax

41.8249 39.3258 32.6538 1.064 1.204

To get rid of the above problem the correlation output can be raised to a power of 4
by using two successive square law devices at the output plane to receive the output

signal. Corresponding simulated correlation output is shown in Fig. 5.11.
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Fig. 5.11 (a) Correlation output Fig. 5.9 with correlation intensity enhancement.
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Fig. 5.11 (contd.) (b) Correlation output for left-side images, (c) Correlation output

for right-side images.
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Table 5.3 Correlation peak intensities for the input scene of Fig. 5.9(a)

Correlation Peak Intensity
Image 1 Image 2 Image 3 Image 4 Image 5
For left-side 1739 1666 1547 1555 1066
For right-side | 1742 1551 1639 1749 94
Table 5.4 Detection performance using Table 5.2
Maximum Minimum Maximum TGma' TGmin TGmin/NTGmax
Target  Peak | Target Peak Non-target
TGimax TGrin Peak NTGiax
1749 1547 1066 1.131 1.451

This above technique of raising the correlation intensity may be tenﬁed as correlation
intensity enhancement. The correlation peak intensities for Fig 5.11 are given in
Table 5.3 while the performance is evaluated in Table 5.4. Here the correlation
performance improves, as the maximum non-target peak due to look-alike non-target
is significantly lower than the target peaks while the target peaks are almost equal.
The ratio of maximum target peak to minimum target peak in this case is 1.131 while
the ratio of minimum target peak to maximum non—targef peak is 1.451. The
difference between these two ratios is much higher than in the previous case. So
correlation intensity enhancement may be used in this way to clearly differentiate

look-alike non-targets.

5.4.4 Input Scene with Random Noise

Let us apply a random noise with signal to noise ratio (SNR) of 2 in the input scene
as shown in Fig 5.12(a). For the same target images or references of Fig. 5.6 or Fig.
5.9, the correlation output is obtained without applying correlation intensity

enhancement as shown in Fig 5.12(b), Fig 5.12(c) and Fig 5.12(d). It is observed that
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with such noise, the correlation output is good enough to detect the distorted and

undistorted images of the class while rejecting the non-targets.

Corelation Peak Imterrsity
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(b)

Fig. 5.12 (a) Input scene with noise, (b) Correlation output.

S

.
SR

A



105

'y
ih

-
5.
T

w
o

w
=]

P
A
T

Coretation Peak Imensity
N
=3

o
T

a5

40

35

Comelation Peak [ntensity
%) 13 2
=) o

-
i

sob ol

(d)

Fig. 5.12 (contd.) (c) Correlation output for left-side images, (d) Correlation output

for right-side images.
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5.4.5 Images Rotated up to 90 Degrees

In the previous analyses of scetion 5.4.1 to 5.4.4 it has been assumed that the images
are rotated (o an angle of 40 degrees at a step of 5 degrees from the initial or usual
position. The SDF references were penerated {from those images or training sets. Here
the original image is rotated up to 90 degrees clockwise at steps of 5 degrees using
nearest neighbor interpolation of MATLAB. The training sets thus obtained for ‘E’
and “H* are shown in Fig 5.13(a) and Fig 5.13(b), which contain images with scale
variation and other distortions too. The set of images is then used to produce the SDF
reference for a particular image such as ‘E’. In the same way the SDF reference is
generated for ‘H. In the input scene the images are choscn now f{rom these training
set images of the two members of the class. Fig. 5.14(a) is the input scene and Fig.
5.14(b) and Fig 5.14(c) are the reference images for this analysis. Corresponding
correlation output is shown in Fig 5.15(a), Fig 5.15(b) and Fig 5.15(c) without using

correlation intensity enhancement.

(a)

Fig. 5.13 (a) Training set for image 1 (‘7).



(b)

(a)

Fig 5.14 (a) Input scene.
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(b)

(c)

Fig. 5.14 (contd.) (b) SDF reference image 1. (¢) SDF reference image 2.
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Fig. 5.15 (a) Correlation output for input and references of Fig 5.14, (b) Correlation
output for lefi-side images.
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(c)
Fig. 5.15 (contd.) (¢) Correlation output for right-side images.

Here identifiable correlation peaks are obtained for the targets of the class though the
differences in peak heights among the targets are quite large. There are also
considerable sidelobes around the correlation signals. However this SDF based
distortion-invariant class-associative target detection technique is successful for

detecting the images with rotation of even 90 degrees in case of binary images.

5.5 Detection of Gray Level Images

In section 5.4 we have seen successful detection of distorted and undistorted images
of a class giving almost equal correlation peak for the targets. However those images
were binary images. In this section the class-associative target detection will be
investigated for gray level images when there are distortions in the images. As gray
level images the images of different fruits are chosen. The actual color images were
taken first and later converted to gray level in the computer. The gray level images
were then reduced and processed for the simulation by MATLAB. As in the case of
binary image, SDF reference generated by using phase-only JTC along with phase-
only filter in CGFAF have been found to be the best choice for distortion invariant

class-associative trecognition of gray level images too in the simulation. So in the
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following subsections the distortion invariant recognition technique for gray level

images of a class is discussed for the above mentioned filter combination.

5.5.1 Images Rotated up to 40 Degrees

Let us assume that ‘banana’ and ‘mango’ are the two targets of the desired class. So
for distortion invariant detection, SDF references should be created from the training
set of the distorted images for each target image of the class. Accordingly the training
set for ‘banana’ has been produced first by rotating the image of ‘banana’ up to an
angle of 40 degrees at a step of 5 degrees by using ‘bicubic’ interpolation of
MATLAB. Thus there are 9 images in the training set. Similarly the training set for
‘mango’ has been formed. Fig. 5.16(a} and Fig. 5.16(b) shows these two training set

images.

(@)

Fig. 5.16 (a) Training set images for ‘banana’.
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(b)
Fig. 5.16 (contd.) (b) Training set images for ‘mango’.

Now let us take the input scene of Fig. 5.17(a) with multiple distorted and undistorted
images of the class along with multiple non-targets. The SDF reference images are
shown in Fig. 5.17(b) and Fig. 5.17(c). Corresponding correlation output is given in
Fig. 5.18(a), Fig. 5.18(b) and Fig. 5.18(c). To reject any possible look-alike non-
target image in the input scene, previously suggested correlation intensity
enhancement is adopted for this simulation. It is obvious that the target images of the
class can be clearly identified from the correlation output though the correlation

peaks for all the targets are not fully equal.



(b)

Fig. 5.17 (a) Input scene with multiple distorted and undistorted target images with

multiple non-target, {b) SDF reference image 1.



Careiation Peak Intensity

(©

Fig. 5.17 (contd.) (¢) SDF reference image 2.

(a)
Fig. 5.18 (a) Correlation output for Fig. 5.17.
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(c)
Fig. 5.18 (contd.) (b) Correlation output for left-side images, (c) Correlation output

for right-side images.
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5.5.2 Images Rotated up to 180 Degrees

As in section 5.5.1 let us take ‘banana’ and ‘mango’ as our target images of the class.
To see the effect of rotation of the images up to 180 degrees, each original image has
been rotated up to 180 degrees at a step of 10 degrees by using ‘bicubic’ interpolation
of MATLAB. So for each image of the class there are total 19 images in the training
set, which are then used to generate the corresponding SDF reference. Fig. 5.19(a)

and Fig 5.19(b) are the training set of ‘banana’ and ‘mango’ respectively.

(b)

Fig. 5.19 (a) Training set images for ‘banana’, (b} Training set images for ‘mango’.
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Noﬁf let us take the input scene of Fig. 5.20(a) with multiple distorted and undistorted
images of the class along with multiple non-targets. The SDF reference images are
shown in Fig. 5.20(b) and Fig. 5.20(c). Corresponding correlation output by applying
correlation intensity enhancement is given in Fig. 5.21. Here also it is obvious that
the target images of the class can be clearly identified from the correlation output
though the correlation peaks for all the targets are not fully equal and there are
considerable sidelobes. However this sidelobes will not hinder in the detection, rather

they will only decrease the optical efficiency of the system.

(b)

Fig. 5.20 (2) Input scene with muitiple distorted and undistorted target images with

multiple non-targets, (b) SDF reference image 1.




Correlation Peak Intensity
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(c)
Fig. 5.20 (contd.) (c) SDF reference image 2.

[

(a)
Fig. 5.21 (a) Correlation output for Fig 5.20.
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(c)

Fig. 5.21 (contd.) (b) Correlation output for left-side images, (¢} Correlation output

for right-side images.

5.6 Conclusion

Synthetic discriminant function (SDF) is incorporated in the class-associative target

detection to get distortion invariant detection. The multiple references of the class-
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associative detection are replaced by the SDF based reference images. It is found that
SDF generated by using phase-only JTC along with phase-only filter in CGFAF give
the best distortion invariant performance. SDF can be formulated for both binary and
gray level images. And this SDF based distortion invariant class-associative target

detection works for both types of images.
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Chapter 6

CONCLUSIONS

6.1 Conclusion

Opﬁcal correlators, especially joint transform correlators are versatile tool for pattern
recognition or battern classification. They provide real time detection of the targets
with very high optical efficiency and reduced cost. Since the advent of joint
transform correlators, various works have been performed on it and various
modifications and/or improvements have been made. Among various forms of joint
transform correlation fringe-adjusted joint transform correlation and recently c}evised
multi-target detection algorithm are suitable for successful detection of objects or
images when there are multiple targets and non-targets in the input scene. Between
these two techniques, the later one facilitates class-associative target detection by
using multiple references whereby two or more dissimilar objects representing a class
can be detected with equal correlation peaks. But as shown in the previous chapters,
both these two techniques are sensitive to target distortion such as scale variation or
rotation. Synthetic discriminant function (SDF) is a tool in the areas of joint

transform correlation for distortion invariant recognition.

In this work this synthetic discriminant function has been adopted with the multi-
target detection algorithm based class-associative target recognition theory to get
distortion invariant detection for all the objects of the class with equal correlation
peaks. To achieve this goal a simplified iterative method based on generalized fringe-
adjusted joint transform correlation has been used to obtain the synthetic discriminant
function from a training set of distorted and undistorted images of an object. It is
found that when the generalized fringe-adjusted filter is a phase-only filter, the SDF
generation program better converges and the SDF generated in this way, when used
as the reference, is more successful in'giving equal correlation peaks for all of the

multiple distorted and undistorted images present in the input scene.
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To apply this SbF in class-associative target detection, each of the reference images
of the class is synthesized from respective training set by lilsing the proposed iterative
method. Thus the undistorted multiple references of the class-associative detection
theory are replaced by SDF references. It is found that when the class-associative
generalized fringe-adjusted filter is a phase-only filter, the correlation outputs for all
the images of the class are almost equal irrespective of their nature of distortion and
the non-target peaks are negligible compared to the target peaks. As, a modification
has been made in the combination of the set of input spectra by rearranging the phase
information, the correlation peaks are obtained at the exact location of the objects
providing the information of target positions easily. To get rid of the look-alike non-
targets a method termed as correlation intensity enhancement technique is also
suggested and applied which works by increasing the target peaks compared to the

look-alike non-target peak.

In this work the proposed distortion invariant class-associative target detection is
employed first for binary images such as English block-lettered alphabets. In this
case though the training set was produced by rotating the original image, it
automatically assumed scaling and some other types of distortions. So the tested
distortion invariant property of the scheme is scale invariant as well. For binary
image up to 90 degree rotation has been tested in the view that alphabet-like binary
image may not appear rotated more than this amount in the input scene if it is
considered as character recognition scheme. However for alphabets, rotation at more
angles deteriorates the performance. On the other hand-for gray level images the
proposed distortion invariant class-associative target detection has been tested with
the images rotated up to 180 degrees and has been found to be quite successful. This
class-associative target detection technique inherently rejects noise and clutters. But
for random noise as that one which is applied in the simulation, the performance
degrades in the sense that it gives unequal correlation peaks for multiple distorted and
undistorted target images of the class present in the input scene. Above all it can be
said that the proposed distortion invariant class-associative target detection technique

1s a successful one though more works can be done on it for further excellence.



6.2 Future Works

In this work the rotation distortion that is considered or applied is actually in-plane
rotation. But any real 3-D object may experience 3-D distortions such as out-of-plane
rotation. Though SDF 1s sometimes' successful in case of 3-D distortions, a
projection-slice SDF is more suitable for such case. When a composite image is
created using the regular SDF, it is generated by a weighted average of the various
frequency components of the training images. According to the projection-slice
theorem a 1-D Fourier transform along a projected line in an image corresponds to a
slice in the 2-D Fourier transform of that image along the same line. By taking
different slices from the training images, a composite image can be created such that
the frequency components from different images do not interfere with each other. So
work can be done to apply SDF or projection-slice SDF in the class-associative

detection to get 3-D distortion invariant class-associative target detection.

On the other hand, all real objects are color objects and contain more information
than a binary or gray level image does. To properly represent an object it must be
represented in color image. Hence, for successful distortion invariant recognition
color image should be dealt with to formulate the SDF or projection-slice SDF and
the class-associative target detection technique. So this work can also be extended by
analyzing or experimenting with color image. To work with color image the three
primary color information from an actual color image may be separated first. Then
three channels can be adopted independently for these three colors. At the end the
output from those three channels may be fused to get the final or actual correlation

output.



- APPENDIX I

SAMPLE MATLAB PROGRAM FOR SDF FORMULATION

% %% % %%
%% % file name: chap4_sdf.m |

%% % sdf generation using gjtc with all the images of the training set together
%% % in the joint image

% %% %% %

clear all;

close all;

%

%generating the image array
load aefhmotz32; %loading the mat file containing the images

step=5; Yorotation step in angle
initial_angle=d;

ﬁnal_anglé=40;
target_rotation=final_angle-initial_angle;

turn=-1; %-1 for clockwise rotation and 1 for anticlockwise rotation
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if target_rotation==360,
total_image=round(target_rotation/step);
else
total_image=r0und(ta rget_rotation/step+1);

end

image=E; %gi;zing the input to be rotated
[sizer;sizeé]=size(image);
initial_image=imresize(image,4);

initial image=imrotate(initial image,turn*initial _angle);

initial_image=imresize(initial image,1);

%rotating the image and placing into array

for i=1:total image,
ref(:,:,i)=imrésize((imr0tate(initial_image,(turn"'(i~1)"'step))),[sizer sizec]);

end | |

%'ref’ is the image array

%ploting the image array
figure(1);
im(ref(:,:));

%Y

%

% % %ofinding sdf reference (ref_sdf) using gfaf% % %



c=ones(1,fotal__image); % initialization of coefficients of sdf
ref_sdf=zeros(sizer,sizec); %initialization of sdf

%calculating the sdf (ref_sdf) with unity coefficients
for i=1:total_image,

ref_sdf=ref sdftc(i)*ref(:,:,i);
end

ref sdf=ref_sdf/max(max(ref_sdf));

%figure of SDF with unity coefficients
figure(2); |

im(ref_sdf);

axis square;

title('SDF with unity coefficients');

%gjtc between sdf with unity coefficients & training set images

%initialization of input, reference and joint image plane

ref_input=zeros(sizer*total_image,sizec*total_image); %input plane
ref_ref=zeros(sizer*total_image,sizec*total_image); %reference plane

ref_joint=zeros(sizer*total_image,sizec*total_image); %joint image

%putting training set into input plane
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for i=1:total_image,
ref_input(1:sizer,((i-1)*sizect+1):(sizec*i))=ref(:,:,1);

end

%putting sdf in reference plane
indf&rl?(total_image*sizer/Z-sizer/2+1);
indxr2=((total_;image*sizer/Z-sizer/2+1)+(sizer-1));
indxc1=(total_image*sizec/2-sizec/2+1);

indxc2=((total_image*sizec/2-sizec/2+1)+(sizec-1));
ref_ref(indxrliindxr2,indxcl:indxc2)=ref_sdf;

%joint input (sdf & training set)
ref_joint=ref_input+ref ref;
figure(3);

im(ref_joint);

axis square;

title( joint image (sdf & training set)");

% fourier transform
ref_input_F=fftshift(fft2(ref_input));
ref_ref F=fftshift(fft2(ref_ref));

ref_joint_F=fftshift(fft2(ref_joint));

%finding the intensity (power spectrum)
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ps_ref__input__F=(abs(ref_input_F))."Z;
ps_ref_ref F=(abs(ref_ref_F))."2;

ps_ref_joint_F=(abs(ref_joint_F})."2;

%~ fourier plane image subtraction

sub_jps=ps_ref _joint_F-ps__ref_input:_F-ps_ref_ref_F;'

%generalized fringe adjusted filter (gfaf) parameters
- C=1
D=(10"(-4));

m=1; %phase only filter

“oapplying gfaf filter
value_ref _ref F=abs(ref_ref F);
FAF = (C)./(D + (value_ref_ref F."m));

faf_sub_jps= sub_jps.*FAF;

%correlation

corr_sdf_input = (abs(ifftshift(ifft2(faf_sub_jps)})).*2;

%zero paddiné the undesired lobes for clarity

corr_sdf_input(sizer+1:sizer*total_image,1:sizec*total .image)=zeros((sizer*tota

l_image-sizer),sizec*tota]_image);

figure(4);



mesh(corr_sdf_input);

title('Correlation of training set and sdf using gfaf’);

figure(5);
mesh(corr_sdf input);
view(0,0);

' title('2-D view of correlation between training set and sdf using gfaf');

%calculaﬁng the correlation peaks after first gjtc operation

for i=1:total_image,
‘peak_corr(i)=max(max(corr_sdf_input(l:sizer,((i-1)*sizec+1):(sizec*i))));

end

%

%tontinuing gjtc for further iterations

%

iteration=500;
for iter=1:iteration,

“update the coefficients by an empirical formula
for i=1:total_image
-rf=0.1; r%relaxation factor

if abs(target_corr-peak_corr(i))>0.01,

c(i)=c(i)+(target_corr-peak_corr(i))*rf;
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end

end
ref_sdf=zeros(sizer,sizec); %oreinitialization of sdf .

% calculating sdf with new coefficients
for i=1:total_image,

ref sdf=ref_sdf+c(i)*ref(:,:,i);
end

ref__sdf=_ref_sdf/max(max(ref_sdf));‘

%gjtc between sdf with nrew coefficients & training set images

%reinitialization of reference and joint image plane
ref_ref=zeros(sizer*total_image,sizec*total_image);

ref_joint=zeros(sizer*total_image,sizec*total_image);

%putting reference and finding joint image
ref_ref(indxrl:indxr2,indxcl:indxc2)=ref_sdf;

ref_joint=ref_input+ref_ref;

figure(6);
im(ref_joint);

axis square;
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title("joint image (sdf & training set)');

Y%fourier tra,nSform
ref_ref F=fftshift(fft2(ref_ref));

ref_joint_F=fftshift(fft2(ref_joint));

%finding the intensity (power spectrum)
ps_ref_ref F=(abs(ref_ref F))."2;

ps_ref _joint_F=(abs(ref joint_F))."2;

%fourier plane image subtraction

sub_jps=ps_ref_joint_F-ps_ref_input_F-ps_ref ref F;

%applying gfaf filter
value_ref ref F=abs(ref_ref F);
gfaf = (C)./(D + (value_ref_ref F."m));

faf sub_jps=sub_jps.*FAF;

%correlation -
corr_sdf_input = (abs(ifftshift(ifft2(faf_sub_jps))))."2;
%zero padding the undesired lobes

corr_sdf_input(sizer+1:sizer*total_image,l:sizec*total_image)=zeros((sizer*tota

I _image-sizer),sizec*total_image);
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% finding new values of correlation peaks
for i=1:total_image,
peak_corr(i}=max(max(corr_sdf_input(1:sizer,((i-1)*sizec+1):(sizec*i))));

end

max_peak=max(peak_corr);
min__peﬁk=min(peak_corr);
error=(max_peak-min_peak)/max_peak;

target_corr=max_peak;

figure(7);
mesh(corr_sdf input);

title("Correlation of training set and sdf using gfaf’);

figu're(S);
mesh(corr_sdf input);
view(0,0);

title('2-D view of correlation between training set and sdf using gfaf');

%check for convergence and exit from the program
if error<0.01.j riter==iteration

figure(9); *

im(ref_sdf);

axis square;

title('Final SDF with FAF filter');



-

%saving the sdf as mat file
sdf_E=ref_sdf;

save sdf _E.mat sdf_E;

for i=1:total_image
peak_corr(i) %displaying the final correlation peaks
end
for i=1:total_image
¢(i) Yodisplaying the final coefficients
end
iter %dispiaying the number of iterations required
return;
end

end

% %% . % %%
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APPENDIX II

SAMPLE MATLAB PROGRAM FOR SIMULATING CLASS-
ASSOCIATIVE TARGET DETECTION |

7S — ' % %%
%% % file name: chap5_ca_sdf.m

%%% class associative target detection using sdf images as references

%% % % %%

close all;

clear all;

Yo

load aefhmotz32; %loading the mat file containing the images

%generat_ing the image array

step=5; %rotation step in angle
initial_angle=0;

final_angle=40;
target_rofati0n=ﬁnal_angle-initial_angle;

turni-l; %-1 for clockwise rotation and 1 for anticlockwise rotation

if target_rotati0n==360,
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total image=round(target_rotation/step);
else
total_ﬂimage=‘rbund(target_rotation/step+l);

end

%giving the input (1st object of the class) to be rotated
image=E;.

[sizer,sizéc]=size(image);
initial_image=imresize(image,4);
initial_image=imrotate(initial_image,turn*initial_angle);

initial_image=imresize(initial_image,1);

for i=1:total_image,
- refl1(:,:,i)=imresize((imrotate(initial_image,(turn*(i-1)*step))),[sizer sizec]);

end

step=5;%rotation step in angle
initial_angle=0;

final_angle=40;

target_rotatioxi=ﬁnal_a ngle-initial_angle;

turn=-1; %-1 for clockwise rotation and 1 for anticlockwise rotation

if target_rotation==360,
total_image=round(target_rotation/step);

else
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total_image=round(target_rotation/step+1);

end

%giving the input (2nd object of the class) to be rotated
image=H;

[sher,sizec]=sﬁe(image);
initial_imége=imresize(image,4);
initial_image=imrotate(initial_image,turn*initial_angle);

initial_image=imresize(initial_image,1);

for i=1: toltal_image,
ref22(:,:,i)=imresize((imrotate(initial_image,(turn*{i-1)*step))),[sizer sizec|);

end

inp=zeros(256,256); %initializing input plane 'inp’
refl=zeros(256,256); %initializing reference image 1 plane 'refl’

ref2=zeros(256,256); “%initializing reference image 2 plane 'ref2’
%placing the distorted and undisforted target images and non-targets

inp(9:40,33:64)=ref11(:,:,1);
inp(61 :92,33:64)=reﬂ1(:,:,3);
inp(113:144,33:64)=refl1(:,:,5);
inp(165:196,33:64)=ref11(:,:,9);

inp(217:248,33:64)=F;
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inp(9:40,193:224)=ref22(:,:,1);
inp(61:92,193:224)=ref22(:,:,3);
inp(l13:144,193:224)=ref22(:,:,5);
inp(165:196,193:224)=ref22(:,:,9);

inp(217:248,193:224)=T;

“loading the mat file containing sdf reference images
load sdfoEl;

load sdfoH1;

%placing the sdf references
ref1(113:144,113:144)=sdfoE1;

ref2(113:144,113:144)=sdfoH]1;

%class detection using multi-target detection algorithm

%

" f11 = refl+inp;
f21= refl+exp(-j*pi/2)*inp;
f31 = refl-inp;
f41 = refl-exp(-j*pi/2)*inp;

%

F11 = fftshift(fft2(f11));
F21 = fftshift(fft2(f21));

F31 = fftshift(fft2(f31));



F41 = fftshift(fft2(f41));

Yo

ips11 = (abs(F11)).72;
ips21 = (abs(F21))."2;
jps31 = (abs(F31)).%2;
jpsd1 = (abs(F41)).%2;

%

%joint power spectrum for refl and inp

jpsl = jpsl1l + (exp(j*pi/2) .* jps21) - jps31 - (exp(j*pi/2) .* jps4l);

Yo-

f12 = re12+inp;
f22= rei‘Z-i;exp(-j*piIZ)*inp;
f32 = ref2-inp;
f42 = reﬂ-exp(—j*pi]Z)*inp;

%o

F12 = fftshift(fft2(f12));
F22 = fitshift(fft2(f22));
F32 = fftshift(fft2(f32));

F42 = fitshift(ffe2(f42));

jps12 = (abs(F12)).2;
ips22 = (abs(F22)).”2;
jps32 = (abs(FéZ)).“Z;
jps42 = (abs(F42)).72;

%
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%joint power spectrum for ref2 and inp
ips2 = jps12 + (exp{j*pi/2) .* jps22) - jps32 - (exp(j*pi/2) .* jps42);

Yo

%power spectra parameters
alpha=0.436; -

beta=1-alpha;

%total jps

jps = alpha.*jps1 + beta.*jps2;

% class-associative generalized fringe adjusted filter (cgfaf) parameters
C=1;
D=(10"(-4));

m=1; %phase-only filter

Yoapplying cgfaf

R1 = fftshift(fft2(refl));
R2 = fftshift(fft2(ref2)),
value_R1 = abs(R1);

value_R2 = abs(R2);
cgfaf = (C)./(D + (value_R1.”m) + (value_R2.”m));

modified_jps = jps.*cgfaf;



n=2; %correlation output power

corr = (abs(fftshift(ifft2(modified_jps))))."n;

figure(1);
im(refl);
axis square;

title('sdf referénce image 1');

figure(2);
im(refl);
axis square;

title("'sdf reference image 2');

figure(3);
im(inp);
axis square;

title('input scene')

figure(4);

mesh(corr);

zlabel('Correlation Peak Intensity');
view(-32,20);

title('correlation output’);
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%calculating the correlation peaks for the input scene objects

peak_rowlcoll=max(max(corr(9:40,33:64)))
peak_row2coll=max(max(corr(61:92,33:64)))
peak_rqw3col1=max(max(corr(l13:144,33:64)))
peak _rowd4coll=max(max(corr(165:196,33:64)))

peak _rowScoll=max(max(corr(217:248,33:64)))

| peak_rowlcol2=max(ma.x(corr(9:40,193 :224)))
peak row2col2=max(max(corr(61:92,193:224)))
peak_row3col2=max(max(corr(113:144,193:224)))
peak_rowdcol2=max(max(corr(165:196,193:224)))

peak_rowScol2=max(max(corr(217:248,193:224)))

Yo
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