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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 coiTelator. 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 UTC) 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 dissin;iiar objects or images of a class can be detected. In MTDA several

combinations of input spectra are pro~uced using each reference and input scene

separately. 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.
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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 the science that concerns the description or classification (recognition)

of measurements. It deals with the detection and 'identification of a desired pattern or

target in an unknown input scene, which mayor 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 input. The number of

features is virtually always chosen to be fewer than the total necessary to describe the

complete target of interest, and this le,ads to a loss of i!1formation. 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].
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1.2 Pattern Recognition Approaches

Generally an underlying and quantifiable statistical basis or underlying structure of a

pattern provid~s 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 though it is still undecided whether 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.

I
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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 computatio)l burden, the impl~mentation difficulty, 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

pattern recognition offers several unique advantages in machine vision applications.

Correlation is a sensor independent approach that gener,ally does not require data

specific operations (such as segmentation, feature extraction, on-line model

synthesis, or other processes). Since the throughput of a correlator generally depends

on the dimensions of the image, the algorithm complexity 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 recognition is a unique blend of concepts from the fields of

signals and systems, Fourier optics and statistical pattern recognition.

Correlation be~ween two functions in spatial domain is equivalent to conjugate

multiplication in frequency domain. Thus optical correla~ors 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 iI1put
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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 optical 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 VanderLugt type correlator (VLC) also known as the matched filter based

correlator was first introduced in 1964 and since then. it has spurred myriad of

applications [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
Domain, PI

Lens,
11

Fourier
Domain, P2

Lens,
'L2

Output
Plane, PJ

Fig. l.l VanderLugt correlator



5

A matched filter based optical signal processor is shown in Fig. 1.1 where PI, P2 and
PJ represent the input, the Fourier plane and the output plane respectively. The input

plane PI 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 Pz is given by

F(u,v)=.J[f{x,y)] (1.1)

Where, ..3 represents Fourier transform operation and u=(2JdJ,./)x and v=(2JdJ.j)y

respectively, J,.=wavelength of collimating light and f=focal length of Fourier

transforming lells.

The phase fronts of the wave emanating from plane PI and incident on plane Pz are

both curved and distorted. The phase transmittance of the matched filter H(u,v) at

plane Pz must be the conjugate match to the phase of the Fourier transform of .f(x,y)

[i.e H(u,v)=F'(u,v)]. Accordingly, the phase variations in the wave front incident on

plane Pz are canceled by the filter and the resulting distribution beyond the plane Pz

becomes a parallel beam. Lens L2 performs a Fourier transform on this wave and

produces the output at plane PJ. If the input isdifferent from .f(x,y), the phase-front

will not be exactly canceled by the filter, and the light distribution in plane PJ will

produce a spoLof poor intensity or no spot at all. The complex light distribution at

plane PJ is given by

g(x,y)= .31 [F(u,v)H(u,v)]

where, .31 represents an inverse Fourier transform operation.

(1.2)

If the input object is moved laterally in the input plane, the Fourier transform 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 arguments are also valid for multiple objects

present at different locations 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

•HemjR (u,v)=IR(u,v)lexp[-j~u, v)] (1.3)

Where, IR(u, v)1 is the amplitude and rjJ(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 wave 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 (IF) may be used. The

frequency plane expression for the IF is given by

H;ju, v)=R(u, vr' =IR(u, v)l"'exp[-j1.(u, v)] (1.4)

For this filter, the correlation peak is enhanced since the Fourier amplitude becomes

unity after filtering. However, with one or more poles, the function IR(u, v)1"'
becomes indeterminate thereby creating a serious design problem in realizing this

filter.

The optimum case with respect to light efficiency for a matched filter is realized by a

phase only filter (POF) structure [15]. This filter is obtained by omitting the

amplitude information

. .
R (u, v) .

H pof (u; v) = I I - exp[ - ;$(u, v)]
R(u, v) (1.5)

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

Hpoflu, v)R(u, v) is not necessarily 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



H oemf (u, v) = C -I C 1exp[ - j~(u, v)]
, R(u, v) R(u, v)

7

(1.6)

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

(AMP OF), is given by

D .
Hampof (u, v) = I lexP[-}~(u,v)]

A+ R(u, v) (1.7)

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 A,

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

Reference
Image

Fourier
Transform

Joint Power
Spectrum

Inverse Fourier
Transform

Correlation
Output

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 electronically 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 filter synthesis. In contrast to VLC, joint transform power spectrum in

JTC is dependent on input signal. JTC.has shown remarkable promise for real-time

pattern recognition and tracking applications [18-19]. Other advantages of JTC are

that it allows real-time update of the reference image, 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 side lobes, 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 spectrum (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 large 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 on the

reference image, has been found to yield better correlation output than both classical

and binary JTCs. For instance, Feng et al. proposed the amplitude-modulated JTC,

which yields better correlation output than the classical and binary JTCs but suffers

from practical jmplementation difficulties especially if the power spectrum of the

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

However, ,the above-mentioned JTCs still produce relatively 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 algorithm [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 corrupted input scenes, whenever

the reference power spectrum contains very low values (IR(u,vi :; 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 complex 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 correlation 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 short 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 is another popular method by

which object scale and orientation can be transformed into translation [53].
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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 energy filter (MACE) are examples of two such composite filter

fabrications [55-56]. Several researchers have used synthetic discriminant function

for distortion invariant pattern recognition [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 [671 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, i.e., 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 objects

[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-
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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 Outline

This thesis consists 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 correlation 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 technique 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.
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Chapter 2

JOINT TRANSFORM CORRELATOR

2.1 Introduction

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 th~ Fourier plane. The Fourier

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 CCO camera. Thejoint power spectrum is

inverse Fourier transformed by another Fourier transform lens to yield the correlation

output. For a match, two correlation peaks or bright spots are produced and for a

mismatch, negligible or no correlation 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 CorreIa tor

A classical JTC architecture is shown in Fig. 2. I, where the reference and the input

scene are introduced 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 passes through the first Fourier lens LI. The complex light distribution is

read by a square-law device at the back-focal plane of LI and then introduced at lens

L2 that gives the inverse Fourier transform. Thus the correlation output is obtained at

the back focal plane of the lens L2. In 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 r(x+xo" y) represents the reference image and t(x-xo, y) represents

the input image which are separated by a distance 2xo along the x-axis. Then the input

joint image may be expressed as

f(x,y) = rex + xo,y) + t(x - xo,y)

The Fourier transform of the input joint image, produced by lens Ll is given by

F(u, v) = R(u, v)exp(juxo) +T(u, v)exp(- juxo)

(2.1)

(2.2)

where R(u,v) and T(u,v) are the Fourier transforms of r(x,y) and t(x,y) respectively, u

and v are mutually independent frequency-domain variables scaled by a factor 2WAf,

where, A is the wavelength of the collimating light and f is the focal length of the

Fourier transforming lenses Ll and L2. The intensity of the complex light

distribution produced in the back focal plane of Ll, 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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G(u, v) = IF(u, v)j' = F(u, v)F' (u, v)

= IR(u, v)[' +IT(u, v)I' + R(u, v)T' (u, v)exp(j2uxo) (2.3)

+R' (u, v)T(u, v)exp( - j2uxo)

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 correlation output. The final

complex light distribution at the final output plane becomes

g(x',y') = r(x',i) 18) r' (x',i) +t(x',y') 18) t' (x',i)

. + r( -x' - 2xo'-Y') 18) t' (-x',-i) + r' (x' - 2xo,Y') 18) t(x',y')
(2.4)

Where 18) 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. '[he 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, -2xo)and (0, 2xo)',respectively.

2.2.1.2 Simulation

To analyze the performance of the classical JTC for single target in the input scene, a

binary input image 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 ,objects in the input scene t(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.

From the correlation 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



18

the input and reference image in the joint image. As in this example the reference is

placed at the center (xo=O), the cross-correlation peaks are obtained at the exact

location of the iarget with respect to reference.
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Fig. 2.3 (a) Input joint image with non-target (non-target at the left and reference at

the center), (b) <:;orrelationoutput.
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The same anaiysis 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+yo) represents the reference Image and t(x-x;,y-y;-yo) represents the input

scene containing n objects tl(X - XI, Y - YI - Yo), t2(X - X2,Y - Y2 - Yo), ... , tn(x - xn, y - Yn -

Yo) respectively, and if the input scene is also assumed to be corrupted by noise n(x,y-

Yo), the input joint image becomes

" .
f(x,y) =r(x,y+ Yo)+ Lt;(x-x"y- Yi - Yo)+ n(x,y- Yo) (2.5)

;=1

Referring to Fig. 2.1, lens Ll 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 Ll, called the JPS, is then detected by a square-law detector and

is given by Eq: (2.6), where, [R(u, v)l, IT;(u, v)1 and IN(u, v)1 are the amplitudes, and

rp,.u,v), rp,.;(u,v) and IjJn(u,v) are the phases of the Fourier transforms of r(x,y), t;{x,y),

and n(x,y) respectively, u and v are mutually independent frequency-domain variables

scaled by a factor 2,,/:if, :i is the wavelength of the collimating light and f is the

focal length of the Fourier transforming lenses Ll and L2.



IF(u,V~2=IR(u,V~2+II:z;(u,vt ~N(u, vt
i=1

+2II:z;(u,v~IR(u,v~cos~;(u,V)-IA(U,v)-UX;-vy, -2vyO]
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(2.6)

The first three terms of Eg. (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 Eg. (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.

g(x',y') = r(x',y') 0 r' (x',y') + II/x',y') 0t;' (x',y')
i=1

+ n(x',y') 0n' (x',y') + Ir( -x' - xp-y' - y; - 2yo) 0 I;'(-x',-y')
i=1

+I/(x' -xpy' - y; -2yo) o I; (x',y')
/=1

+r,(-x',-y' + 2yo) 0 n' (-x',-y') + r' (x',y' + 2yo) 0 n(x',y')

+In(-x' -x;,-y' - yJ01;~(-X',-y')
;=1

"+ In' (x' -x;,y' - yJ o I;(x',y')
i=1

n-I n

+I II,(-x' -x; +x,,-y' - y; +y,)01;(-x',-y')
;=1 k=i+l

n-:I n *
+I II;(x' -x; +x"y' - y; +y,)0I, (x',y')

i=lk=i+1

(2.7)

In a classical JTC, the JPS expressed by Eg. (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 scene. Sixth and seve,{th 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 classical joint transform correlator in case of multiple

objects (target and non-targets) present simultaneously in the input scene the same

256x256 zero-padded image matrix is taken for the input scene. Here as usual the

alphabet 'E' is 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.

1SO

200

250

(a)

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

the center).



22

.,10

6 '1 "." .. "

sl ....
i> I .....!4 ~ .

. 11 3 ~ ".-.

iJ .
8J ..

,I
250 .

250

(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 '0' 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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(a)

(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



24

location of the actual target images in tl)e input scene due to presence of considerable

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

•,10
2.5 '"1'" ,.' ..... ,"
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I ..'2.J ... ' .

fJ
. ~ I
5 1 ~ .," .

.i I
u 0'1

o
250

50 100

(a)

(b)

150 200 250

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 I 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 t(x,y) and r(x,y),

respectively, these terms can be eliminated from the recorded JPS. For example, the

power spectral distributions of IT(u,v)12 and IR(u,v)12 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); IF(u, v)I' -IR(u, v)I' -IT(u, v)I'

~ R(u, v)T' (u, v)exp(j2uxo) +R' (u, v)T(u, v)exp( - j2uxo)
(2.8)

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

distribution as

g,(x',y') = r( -x' - 2xo,-y') I8i t' (-x',-y') + r' (x' - 2xo'Y') I8i t(x',y') (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), tdx - Xl, Y - Yl-YO), 12(X- X2,Y - Y2-YO), ... , In(x - xn, y -

Yn-YO) and n(x,y-yo) 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

modified JPS for multi-object input scene as

Pm (u, v) ; IF(u, v)I' -IR(u, v)I' - IIT;(u, v)I'
j",J

;2IIT;(u, v)IIR(u, v)lcos[~" (u, v) - qVu, v) - ux, - vy, -2vyo]
;=[

+2IR(u, v)IIN(u, v)lcos[~, (u, v) -~,,(u, v) + 2vyo)]

(2.10)
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Inverse Fourier transform of Eq. (2. I0) gives the correlation output for the multi-

object input scene as expressed below

gm(x',y') = I,r(-x' -x,,-y' - y, -2yo) I8It,'(-x',-y')
;=1

. "
+L:r' (x' -xpy' - y, -2yo)181 t,(x',y')

i=l .

+ r(-x',-y' + 2yo) 181n' (-x',-y') + r' (x',y' + 2yo) 181 n(x',y')

(2.11 )

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 order 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 previously 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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Fig. 2.7 (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

after Fourier plane image subtraction.

The Fourier pl<J?eimage subtraction thus eliminates the unwanted peaks and permits

more clear identification of the objects,in the input scene. Besides, it helps efficient

utilizationof 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 CorreIa tor 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 FJTC the joint power

spectrum (JPS) is multiplied by a filter called fringe-adjusted filter (FAF) before

applying the inverse Fourier transform. The FAF used in a fringe-adjusted JTC is

defined as

H ( ) = C(u, v)
jaj' U, v 2

D(u, v) + [R(u, v)[
(2.12)

where 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(u,v)«jR(u,v)12, C(u,v)=I, Eq. (2.12) may be approximated as Hta/u,vjd,R(u,v)I'2.

The function C(u,v) can also be used to suppress noise or band limit the signal or

both. Thus, in the fringe-adjusted JTC, amplitude matching can be implemented more

effectively to yield sharper and larger cqrrelation peak intensity. When C(u,v) = 1 and

D(u, v)«IR(u, v)12, the FAF becomes a perfect real-valued inverse filter function

unlike 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 completed 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 ofEq. (2.3), by Hta/u, v) and is thus given by

(2.13)
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Assuming that-the reference is the same as the input image, Eg. (2.13) may be

rewritten as

Gr (u, v) '" IR(u, vt x IR(u, v)I'[2+ exp(j2uxo) + exp( -'-j2uxo)]

= 2[1 + cos(2uxo)]
(2.14)

An inverse Fourier transform of Eg. (2.14) yields the correlation output. The first

term of Eg. (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 2xn.

To include the Fourier plane image subtraction in case of single target input scene,

modified fringe-adjusted JPS is obtained by multiplying the JPS of Eg. (2.8) by

Hfaftu,v) and is thus given by

G,n (u, v) = Hrar(u, v) x P,(u, v) '" IR(u, vt x P,(u, v) (2.13)

For the multiple-object input scene the fringe-adjusted JPS is obtained by multiplying

the JPS ofEg. (2.6), by Hfaftu,v) and is thus given by

Gr(u, v) = Hrar(u, v) x IF(u, v)I' '" IR(u, vt x IF(u, v)I' (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 Eg. (2.10) by

Hfaftu,v) and is ihus given by

Gmn(u, v) = H jar(u, v) x P" (u, v) '" IR(u, vt x p",(u, v) (2.15)

By applying inverse Fourier transform to the modified JPS (Gsn(u,v) for single target

case) given in Eg. 2.13 and (Gmn(u,v) for multiple targets) given in Eg. 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 Hfaf' Corresponding correlation output is

shown in Fig. 2.8(b) to Fig. 2.8(e).

(a)

::~I.......
0.7 .
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(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) =10-1) with Fourier plane image subtraction.
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Fig. 2.8 (contd.) (c) Correlation output \Ising FAF filter (C(u, v) =1, D(u, v) =10-2) with

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

D(u, v) =10-3) with Fourier plane image subtraction.
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Fig. 2.8 (contd.) (e) Correlation output using FAF filter (C(u,v) =1, D(u,v) =10'6) with

Fourier plane image subtraction.

From the correlation output 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-target objects in the scene and thus improves the detection efficiency

significantly along with increasing the optical efficiency. The target peaks are almost

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 Theoreti~al 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 (lR(u,vi",O), it may accentuate the noise component of the input

scene, which may degrade the system performance. To overcome the aforementioned



33

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 (FPFJTC)

has been proposed also termed as generalized fringe-adjusted JTC (GFJTC) [35]. In

this GFJTC a generalized fringe-adjusted filter (GFAF) is defined as

H gfar(u,v) = qu, v)[D(u, v) + IR(u, v)I" j' (2.16)

L.

where m is a constant, and 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. The JPS is multiplied by the GFAF before

applying the inverse Fourier transform to obtain the correlation output. By adjusting

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

In Sec. IA.l, 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, D(u,v) = ° and C(u,v) = 1, the GFAF-based JTC corresponds to the

classical JTC; when m = 2, D(u,v)« 1'R(u,v) 1
2 and C(u,v) = 1, the GFAF-based JTC

corresponds to the fringe-adjusted JTC or inverse filter based JTC; and when m = I,

D(u,v)« IR(u, v) 1 and C(u,v) = I, the GFAF-basedJTC corresponds to the phase-

only JTC. Corresponding filter functions may be expressed as

H~faf= 1

HI. = qu,V)
waf 1 12. D(u, V) + R(u, V)

RP. _ qu,V)
• waf D(u, V) + IR(u, V)I

(2.17)

(2.18)

(2.19)
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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 complex matched filtering (m = 0),

inverse filtering (m = 2) and phase-only filtering (m = I). 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 non-target and provides the facility to adjust the gain. Fourier plane

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 tum 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

clutter 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 similar 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 + Yo), and an input scene, denoted by

s(x, y - yo), which contains n objects, p,(x - XI, Y - y,- Yo), pix - X2, y - yz-- Yo), ... ,

and Pn(x - xn, Y - Yn- yo), embedded in noise n(x, y - Yo). 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+ Yo) and the unknown input scene s(x,y - y,,)as shown in

the following equations are taken.

J; (x,y) = r(x,y +Yo) + s(x,y - Yo)
o

=r(x,y+ Yo)+ L>,(x-x"y- y, - yJ+n(x,y- y,,)
;=1

h(x,y) = r(x,y +Yo) - js(x,y - Yo)
o

=r(x,y+ Yo)- /l,Pi(X-Xi,y- Yi - y,)- jn(x,y- Yo)
i=l .

h(x,y) = r(x,y +yJ -s(x,y - Yo)
o

= r(x,y +Yo)- LPi(X-X"y- y, - yO>-n(x,y- Yo)
;",1

f,(x,y)=r(x,y+ Yo)+ js(x,y- Yo)

"= r(x,y+ Yo) + jLPi(X -xi'y - Yi - Yo) + jn(x,y- y,,)
i=l

Applying Fourier transform to Eq. (3.1), we get

(3.l.a)

(3.l.b)

(3.l.c)

(3.l.d)

F; (u, v) = IR(u, v)lexp[j~,(u, v) + jvy,.]

+ IIP;(u, v)lexp[u~p,(u, v) - jux, - jvy, - jvy,.] (3.2.a)
i=1

+IN(u, v)lexp[(No(u, v) - jvy,,]

J<;(u,v) =IR(u,v)iexp(j~,(u,v)+ jvyJ

+ IIp;(u, v)iexJ Np,(u, v)- juxi - jVYi - jvyo - /,} (3.2.b)~ 1 2

+IN(u, v)lex~N o(u,v)- jvyo - j;}

F, (u, v) = IR(u, v)lexp {j~, (u, v) + jvy,,}

- IIP,(u,v)lexpV~Pi(U,V)- juxi - jvy, - jvyJ (3.2.c)
;=1

-IN(u, v)lexp{N" (u, v) - jvy J



F, (u, v) = IR(u, v)1exp{N, (u, v)+ jvy,,}

+~]P,(u,v)lexJ Np; (u, v)- jux; - jvy; - jvy" + j rc}~ 1 2

+IN(u, v)iex~N,,(u,V)- jvy" + j;}
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(3.2.d)

where Fl, F], FJ and F4 are the Fourier transforms ofji,fi,fj and.f4 respectively. The

corresponding joint power spectra can be expressed as

"7; (u,v) = iF, (u,v)I' =IR(u,v>!, + ~]p,(u,v)I' +IN(u,v>!,
j ••\

+ 2IIIP,(u, v)llp, (u, v)1cos[lllp,(u, v) - Illp'(u, v) - ux, + ux, - vy, + vy,]
1=1 .1:=1+1

+ 2 IIP, (u, v)IIR(u,v)1cos[lllp, (u, v) - Ill'(u,v) - ux, - vy, - 2vyJ
1=1

+2IR(u, v)IIN(u, v)1cos[lll, (u, v) - Ill"(u,v) + 2vyJ

+ 2IIp,(u, v)IIN(u, v)lcos[lllp, (u, v) - Ill"(u, v) - ux, - vy,]
i=l

" ' ,
T,(u,v)=IF,(u,v)I' =IR(u,vt +~]p,(u,v)1 +IN(u,V)1

/=1

- *(u, v)IIN(u, v)1sin[lll, (u, v) - Ill"(u, v) + 2vy,j
n-l n

+2I IIp, (u, v)llp, (u,v~cosl9l" (u,v) -Illp'(u, v)-ux, +ux, -vy, +vy, 1
i=l ,\:001+1

+ 2Ilp,(u, v)IIR(u,v)lsinl9 p'(u, v) - Ill,(u,v) - ux, - vy, - 2vy"J
i=l

+ 2IIp, (u,v~IN(u, v)icosl9p,(u, v) - Ill"(u, v) - ux, -vy, J
1=1

" , ,
T,(u,v)= IF,(u,v)I' =IR(u,v)I' + IIp, (u, v) I +iN(u,v)i

1=1

- 21R(u,v)IIN(u, v)1 cos[lll, (u, v) - Ill"(u, v) + 2vy..J
n-\ n+2I IIp,(u,v)llp,(u,v~cos[lllp,(u,v)-IllI''(u,v)-ux, +ux, -vy, +vy,J
1=1 k=i+l

- 2 IIp,(u, v)IIR(u,v)lcos[1llp'(u, v) - Ill,(u,v) - ux, - vy, - 2vy"J
i=l

"
+ 2IIp, (u, v)IIN(u, v)lcos[1llp'(u, v) - Ill.cu, v) - ux, - vy, ]

j=l

(3.3.a)

(3.3.b)

(3.3.c)
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o ' I'T,(u,v)=IF,(u,v)I' =IR(u,vf + IiP,(u,v) I +IN(U,v)
/=\

+~R(u, v)[[N(u,v~ sin[~, (u, v)-~o (u, v) + 2vyJ
fI-\ "+2I IIp. (u, v~lpk (u,v~cosf9:1", (u, v) -~"k(U, V)-UX, +UXk-VY, +VYkJ
1=1 k=i+l

- 2~=iP,(u, v~IR(u,V~ sinf9:11" (U,V) - ~,(U,V) -UX, -VY, - 2vy"J
1=1

+2~=iP,(U,v~IN(u, V~ cosf9:1,,,(U,V) -~" (U,V) - UX,- VY,]
i=\

Using the four expressions ofEq. (3.3), the modified JPS may be expressed as

T(u,v)=T,(u,v)+ jT,(u, v)- T, - jT"
o

=4LJp.(u,v~IR(u, v)lexp[N",{u,v)- N,(u, v)- jux, - jvy, -,2jvy,,]
1=1

+~R(u, v)IIN(u, v~exn- j~,(u,v)+ No (u, v)-2jvy,']

(3.3.d)

(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 ofEq. (3.4), given by

"t(x',y') = 4L>, (x' -x"y' - Y, -2yJl8>r'(x',y' + 2y,,)
1=1

+ 4r(x',y' + 2y,,) 18> n' (x',y' - 2y,,).
(3.5)

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

H ()_ C(u,v)
ria! u,v I I'"D(u, v) + R(u, v)

(3.6)
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where C(u, v) and D(u, v) can be constants or fUllctiolls of uand v, and R(u, v) is the

Fourier transform of the reference image. Depending upon the choice of C(u, v),

D(u, v) and m, different types of filter namely classical JTC, fringe-adjusted JTC and

phase-only JTC are achieved. The generalized fringe-adjusted JpS in multi-target

detection algorithm is obtained by multiplying the filter I-Ig(a(with the .IPS, expressed

as

(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 eorrclation 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.I(a)

and the input scene containing the objects arc shown in Fig. 3.I(b).
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(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(e) .

•,10
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t 8 ." .

l 6
~~.
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o
250

(a)

Fig. 3.2 (a) Correlation output with classical JTC (C=l, D=O, m=O).
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(b)

18

(c)

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

i.

m=2), (c) Correlation output with fringe-adjusted filter (C=I, D=1Q-6, m=2)
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I
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Fig. 3.2 (contd.) (d) Correlation output with phase-only filter (C=l, D=lO,I, m=l), (e)

Correlation output with phase-only filter (C=l, D=lO'6, m;"l).

From the correlation output of Fig. 3.2(a) to 3.2(e) it is evident 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



43

shown in Fig. 3.2(b). But the FJTC performance becomes poor if the value of D(u,v)

is lower as shown in Fig. 3.2(c). With phase-only JTC we get also sharper correlation

peaks 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 rJ(x,y) and r2(x,y) which are used as the reference

images, and s(x,y) 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 rl(x,y) and r2(x,y). Accordingly using r,(x,y) and s(x,y) four input

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

.1;\ (x,y) = r\(x,y+ yJ+s(x,y- y,,)
n

=r\(x,y+ yo)+ :2>,<x-xPY- y; - y,,)+n(x,y- Yo)
i=l

!!I(x,y) =r\(x,y+ Yo)- js(x,y- y,,)
n

=Ij(x,y+ y,,)- /[.p;(x-xpy- y; - y,,)- jn(x,y- y,,)
;=1

hi(x,y) = r\(x,y +y,,) - s(x,y - Yo)
n

=rl(x,y+ Yo)- LP;(x-xpy-y;-yo)-n(x,y- y,,)
;=1

(3.8.a)

(3.8.b)

(3.8.c)



n

=1j(x,y+Yn)+ /i.P, (x-x"y-y, -Yo)+ jr(x,y-yo)
i=\
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(3.8.d)

Similarly by using r2(x,y) another four input spectra are generated as given in Eq.

(3.9).

J;,(x,y) = r,(x,y+ yo)+s(x,y- Yol
~ 0.9.~

=r,(x,y+ yol+ L...,p,(x-x"y- y, - yo)+n(x,y- Yo)
j=1

h,(x,y) = r,(x,y+ Yo)- js(x,y- Yo)
n

=r,(x,y+ y.)- /Ip,(x-x"y- y, - yol- jn(x,y- Yo)
;=1

(3.9.b)

/" (x,y) = r, (x,y +Yo)- s(x,y - y,,)
~ 0.9.~

=r,(x,y+ Yo)- L...,p,(x-x"y- y, - yo)-n(x,y- Yo)
i=1

J.,(x,y) = r,(x,y+ Yo)+js(x,y- yO>
n

=r,(x,y+ y,,)+ jLP,(x-x"y- y, - y,,)+ jn(x,y- y,,)
i=l

(3.9.d)

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.

"
1";,(u,v) = IF, ,(u, vll' =iR,(u,v)I' + ~]p,(u,v)I' +IN(u,v)I'

;",1

+2I IIP,(u,v)IIP,(u,v)lcos[~",(U,v)-~",(u,v)-ux, +ux, -vy, +vy,]
i=1 k=i+l

+2Ilp,(u, v)IIR,(u, v)lcos[~",(u, v) - ~" (u, v) - ux, - vy, - 2vy,,]
i=l

+ 21R,(u, v)IIN(u, v)icos[~" (u, v) - ~"(u, v) + 2vyJ

+ 2IIP,(u, v)IIN(u,v)lcos[~",(u, v) - ~"(u, v) - ux, - vy,]
;=1

(3.IO.a)



" ' ,
T,,(u,v)=IF..,(u,vf =IR,(u,vf + 2:iP,(u,v) I +iN(U,V)1

1",1

-~R, (U,V~IN(u, V~sin[~"(U,V)-~, (U,V)+2vy,,]

+2I IIp,(u, V~lp, (U,V~COS~I"(U,V)-~I"(U, V)-UX, +ux, -vy, +vy,]
1::1 k=l+1

"
+ 22::1P,(U,v~IR,(u, v)lsin~,,,(u, V)-~" (U,V)-UX, -vy, - 2vy,,]

;",1

"+2Ilp, (U,v~IN(u, V~COS~I"(U,V)-~" (U,V)-UX, -vy,]
1=1

II 2 2

T,,(u,v)=IF31(u,V)I' =IR,(u,vll' + IIp'(U,V)1 +IN(u,V)1
1==1-*,(U,V)IIN(u, V)I COS[~"(U,V) -~" (U,V)+ 2vy,,]

" II

+2I :L1P'(U,V)[lp,(U,V~COS[~I"(U,V)-~I"(U,V)-UX, +UX, -vy, +vy, 1
i=l k=i+l

- 2Ilp,(U; v)IIR, (u, v)lcos[~I" (u, v)- ~" (u, V) -UX, - vy, - 2vy,,]
i=l

"+ 2IIp, (u, v)IIN(u, v)lcos[~I"(u, V)-~" (u, v)- UX,- vy,]
j,::\

" ' 2
T41 (u, v) = IF" (u,vf =iR,(u,vll' + IIp,(u,v)I +IN(u,V)i

1=1

+~R, (U,V~IN(u, V)jsin[~" (U,V)-~" (U,V)+ 2vyJ

" "
+2L LIp, (u,v)llp, (u, v~COS~I"(u,V)-~I"(U, v) -ux, +UX, -vy, +vy, 1

1=1 k=/+I

-2:tlp,(U, v~IR,(u, v)lsin[~I"(u,V)-~" (U,V)-UX, - vy, - 2vy,,]
1=1

"
+2Ilp, (U,v~IN(u, V)iCOS[g\I"(U,V)-~" (U,V)-UX, -VY,]

;=1

"
T,,(u,v)= IF12(u,vli'=IR,(u,V)I' + IIp,(U,Vll' +IN(u,V)I'

;=1

+2:t :t1P'(U,v)IIP,(u,V)lcos[~I',(U,V)-~I"(U,V)-UX, +UX, -vy, +vy,]
1=1 k=t+l

+ 2:t Ip, (u, v)IIR,(u, v)lcos[~I" (u, v) - ~" (u, v) - ux, - vy, - 2vy,,]
i=l

+ 21R,(u, v)IIN(u, v)lcOS[~,,(u, v) - ~,,(u, v) + 2vyJ

+ 2:tlp,(u, v)IIN(u, v)lcos[~p, (u, v) - ~,,(u, v) - ux, - vy, J
1=1
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(3.la.b)

(3.la.c)

(3.1 a.d)

(3.Il.a)

t
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It 2 2

T,,(U,V)=IF,,(u, vt =1R,(u, Vi' + ~]p;(u, v)! +IN(u,v~
1=1

-~R,(u, vi IN(u, vi si~q7" (u,V)-q7"(u, v)+ 2vyJ

" "+2I IIp; (u, v~lp, (u,v~cosfPp'(U'V)-q7p,(U,v)-ux, +ux, -vy, +vy,]
1=1 *,::;+1

+2~]P;Cu, v~IR,(u, v~sinfPp' (u, V)-q7,,(U,v)-ux, -vy, -2vy,,]
1=1

"
+2Ilp, (u, v~IN(u, v~cosfPp,(u, V)-q7"(U,v)-ux, -vy,]

1=1

. n 2 2

1;,(U,V)= IF" (u, v)I' = IR,(u, v)I' + IIp; (u, v) I + iN(u; v)!
I"']

- 2jR, (u, v)IIN(u, v)1cos[~" (u, v) - ~"(u, v) + 2vy..]

+ 2I IIP; (u, v)lip, (u,v~cos[~", (u, v) - ~p' (u, v) - ux, + ux, - vy, +vy,]
1=1 k=i+1

- 2Ilp,(U, v)IIR2(U,V)lcOS[~1" (U,V)- ~,' (U,V)- UX,- vy, - 2vy"]
1=1

+ 2Iip, (U,V)IIN(u,V)lcOS[~p'(U,V)-~" (U,V)- UX,- vy, 1
1=1

" , ,
T"(u, v) = IF,,(u, v>!,= IR, (u, v>!,+ IIp;(u,v)1 +IN(u,V)1

/=1

+~R, (u, v)IIN(u, v)1sin[~" (u, v) -~" (u, v) + 2vy,,]
/I II

+2I IIp; (u, v)llp, (u, v~cos[~p,(u, V)-~p'(u, V)- ux, +ux, - vy, +vy,]
i=J k=i+l

"- 2IIp, (u, v)IIR,(u, v)1sinigjp,(u, v) -q7,,(u, v) - ux, - vy, - 2vy,,]
1=1

"
+ 2Ilp, (u, v)IIN(u,v)1cos [q7p,(u,v) - q7"(u, v) -ux, - vy, ]

1",1
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(3.1I.b)

(3.1I.c)

(3.1l.d)

Here FII, F21, F31, F41, F12, F22, F32 and F42 are the Fourier transforms of/I1,12I,13I,

f41, ji2, 122,132 andf42, respectively. Using Egs. (3.10) and (3.11), the modified joint

power spectra may be expressed as

"
=4~::IP,(u, v)liR,(u, v)[exp[Np, (u, v) - jrMu, v) - jux, - jvy, - 2jvy"] (3.12)

/:::1

+ 41R,(u, v)IIN(u, v)1exp[- N" (u, v)+N" (u, v) - 2jvy,,]
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Tb(u,v) = I;,(u,v) + jT22(u,v)-T32 - jT"
n

=4l:1p,(u,v)IIR,(u,v)iexp[jqjp, (u,v)- N,,(u,v)- jux, - jvy, -2jvy,,] (3.13)
;:::1

+ 41R,(u, v)IIN(u, v)1 exp[- N,,(u, V) +Nn (u, V) - 2jvyJ

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

T(u, v) = aT.(u, v) + fJ T, (u, v)

= a[4t,1P; (u, v)IIR, (u, v)1exp[jj?p' (u, v) - N" (u, v) - jux, - jvy, - 2jVYnJ]

+ 41R,(u, v)IIN(u, v)1exp[- N" (u, v) + Nn (u, v) - 2jvYn]

[

4flP;(u,V)IIR,(U,v)lexP[NI" (u,v)- N,,(u,v)- jux, - jvy, -2jVY"J]
+ fJ '"' .

+ 41R, (u, v)IIN(u, v)1 exp[ - jj?" (u, v) + jj?" (u, v) - 2jvy.,]

(3.14)

where a + fJ = I. The ratio of a and fJ may be varied depending upon the energy

content of the joint power spectra Ta and Tb in order to achieve equal correlation peak

for both targets. Since there are two targets to be detected, the Hgfa! 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 is

expressed as

H . (u v) '" 1 _
'pM' D(u, v) + IR, (u, v)l"' + IR, (u, v)I'"

(3.15)

where Rdu, v) and R2(U,v) are the Fourier transforms of rdx,y) and r2(x,y),

respectively and C(u, 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 D(u, v).

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

G ()-H T()- aTa(u,v)+fJT,(u,v)
cgJo!u,v - cgfalx U,v - III 11/

D(u,v)+!R,(u,v)1 +IR2(u,v)[
(3.16)

The correlation output corresponding to Gcgfa/u, v) can be obtained by applying

inverse Fourier transform to Eq. (3.16).
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3.3.1.2 Three Objects in a Class

Ifthere 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).

n

=r,(x,y+ y")+ L>,(x-xpy- y, - yo)+n(x,y- Yo)
;:=1

o

=r,(x,y+ Yo)- jLP;Cx-xpy- y, - Yu)- jn(x,y- Yo)
i=l

o

=r,(x,y+ y,,)- LP,(x-x"y- y, - y,,)-n(x,y- Yo)
1:1

o

=r,(x,y+ y,,)+ jLP,(x-x"y- y, - Yo)+ jn(x,y- y,,)
i=\

(3.l7.a)

(3.17.b)

(3.17.c)

(3.17.d)

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 T/3, T23, T33 and T43. Using these values we will

get another set of modified joint power spectra given by

(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) + !JT, (u, v)+ rT;.(u, v) (3.19)

where a+fJ+y=1. Since there are three targets to be detected, the Hcgfajfilter shown in

Eq. (3.15) may be reformulated as

I
H w;(u,v) ~ --------------

c-" D(u,v) +IR, (u,vli"' +IR,(u,v)l"' +IR,(u,v)I'"
(3.20)
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where R,(u,v), R2(U,V) and R3(U,V) are the Fourier transforms of rdx,y), r2(x,y) and

r3(x,y) respectively. Using Eqs. (3.19) and (3.20), the modified joint power spectrum

becomes

G ()-H T()- aTa(u,v) + f3Th(U,V) + yT,.
cgfo! U, v - cgjo( X U, v - m //I m

. D(u,v)+IR,(u,v)! +IR2(u,v)1 +IR)(u,v)1
(3.21 )

The correlation output corresponding to Gcgfa/u, 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 Simulation

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 these 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 a=0.5 and /3=0.5. Fringe-adjusted filter is

chosen as it performed better with multi-target detection technique shown in section

3.2.2.
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Fig. 3.3 (a) Reference image 1. (b) Reference image 2.
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Fig. 3.3 (contd.) (c) Input scene, (d) Correlation output with C= 1, D= 10,1, m=2 and

a=0. 5, jJ=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 /3=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.

1.6

1.'

1.2

~
, 1•
~ 0,8

t:
02

250

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=I, D=lO-1 and a=0.4125, /3=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).
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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-

targets, (b) Correlation output with m=2, C=I, D=10'] and a=0.4125, jJ=0.5875.

In this case the values for power spectra parameters (a and jJ) 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 Intensity Peak Intensity

Upper 'E' 1.5018 Upper 'H' 1.5254

'M' 0.3963 'z' 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 a and fJ to make the peak intensities for the targets
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much nearer. But it is insignificant and not necessary as with the present values of a

and j3 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.
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(b)

Fig. 3.6 (a) Reference image 1, (b) Reference image 2.
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Fig. 3.6 (eontd.) (e) Reference image 3. (d) Input scene with multiple targets of the

class and multiple non-targets.
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f 0.15

~t:

(e)

Fig. 3.6 (contd.) (e) Correlation output with m=2, C=I, D=IO-I and a=0.441, jJ=0.279

and y=0.280.

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(e).

Peak Peak Peak

Intensity Intensity Intensity

Upper 'E' 0.2404 Upper 'z' 0.2418 Upper'M' 0.2437

'0' 0.0205 '1' 0.0843 'T' 0.0197

Lower 'E' 0.2414 Lower 'z' 0.2434 Lower'M' 0.2396

So from Fig. 3.6(e) 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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successful for even up to six objects as one particular class members. However, the

technique becomes computation intensivc and diflicult for optical implementation as

the number of dissimilar objects in a class incrcases. The main problem is to adjust

the power spectra parameters.

Now let us verify the six-object case by taking alphabets 'E', 'M', 'T, 'T', '0' and

'1-1' as the object images or a class. So these are the rererence images. The adjusted

values for the power spectra parameters are 0.085, 0.130, 0.080, 0.3025, 0.180 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 or a class
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(b)

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 objects in a

multi-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 directly introduced in Eqs. (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 targets 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

FJTC, the reference image r(x,y) is synthesized from a set of training images. Let us

assume that the N centered training images, r I, r2, , rn, containing the desired

distortion invariant features, are used to construct the spatial SDF rsop(x,y).

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

n

rs/)/'(x,y) = La,r, (x, y)
hoi

(4.1)

where ak 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

I i

SI)F C(u, v)
H"M =

D(u, v) + IRSf)1 (u, v)['"
(4.2)
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where RSDP(U,v) is the Fourier transform of the spatial SDF rSDF(x,y). 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 rSDF(x,y) requires finding the values of coefficients

in Eq. (4.1). To evaluate the coefficients ak, k= 1,2, ,N, for the training images rk,

k=1 ,2, ,N, respectively, 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

requirement. 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 training set are changed from

first iteration to second iteration following an empirical iterative formula

(4.3)

c I,, ,

where ak is the coefficient for kth image of the training set, i is the iteration number,

pmax is the maximum correlation peak obtained from the correlation peaks of all the

training set images in a particular iteration and Pk is the correlation peak for the kth

image of the set. rf is 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
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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

(4.4)

where if is the error calculated in ith iteration, Pma/ is the maximum correlation peak

obtained in ith iteration and Pm;n; is the minimum correlation peak obtained in ith

iteration. The composite image thus obtained after final iteration is the desired spatial

SDF, rSDP(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.I(a). Fig. 4.I(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 (OFJTC). The SDF generation program is simulated in a Pentium II 300

MHz computer using MATLAB software (Appendix I) by applying the generalized

fringe-adjusted filter (OFAF) 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 SDFs 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 lTC. For the SDF generation program an error limit 4'=0.01 and maximum

iteration number i=500 have been taken. As in usual JTC techniques such as

generalized FJTC, 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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Fig. 4.1 (a) Training sct containing 9 imagcs, (b) Spatial SOlO with thc unity

cocfficicnts.
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(c)

200 250

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

set images as the targets.

4.3.2.1 SDF Generated using Classical JTC

Classical JTC is obtained by taking C=I, D=O and 111=0in 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 SOl' and

the training set images individually. A relaxation factor rFO.5 has been selected in

this case. Fig 4.2(a) shows the correlation output aner first iteration and Fig. 4.2(b)

clarifies the correlation peaks for all training sct images. It is observed that initially

the peaks are much different from each other. An iterative 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 within the desired error limit or

difference limit as is 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. Fig. 4.2(e) is the final SOl',

termed as rSIJ/ which may be used as the reference for distortion invariant JTC.

However as here the final correlation peaks for the images are not same, this rSDF"

should not perform successfully in target detection.
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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).
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Fig 4.2 (contd.) (e) Spatial SDF rSIJ/ aner 500 iterations.

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

iterations using classical JTC

Image I Image 2 lmage 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 .fTC

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

now generated by using fringe-adjusted .fTC with (,=1, D=IO.I and 111=2in the GFAF

filter. The relaxation factor rj'is now sct to 0.1. Here also after first iteration the

correlation peaks are much different for different images as shown in Fig 4.3(a) and

Fig 4.3(b). After 500 iterations taking around 8 minutes, the difference in correlation

peak intensities reduces, but still docs not reach within the desired error limit as is



68

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 .

.,.

(a)

1.4

1.'

1

O.

O.

0.'

0.2 .

00 50 100 150 250 300

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

of the correlation output of (c).
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Fig. 4.3 (contd.) (e) Spatial SDF rSDI 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 I Image 2 Image 3 Image 4 Image 5

Correlation
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, termed as rSDlobtained 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=I, D=1O-4 and m=1 in the GFAFfilter.

Fig. 4.4(a) and Fig. 4.4(b) shows the correlation output for the training set images
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after first iteration with rf 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( e) is the final

SDF, termed as rSDI, which should give satisfactory performance in distortion

invariant recognition.

o 0

(a)
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16.

"
12

10.

, .

. .

00

(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 rSDr after 12 iterations.

Table 4.3 Correlation peak intensities for the training images of Fig. 4.1 (a) after all

iterations using phase-only JTC

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

peak intensity

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.

(a)
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0.6 _ ." .. ," ," ' .
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:: 04•g 0.3

~8 0,2
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(b)

250

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.) (c) Correlation output using phase-only He.

Now instead of the original image as the reference, rsol, rsol and rsol' are taken one

by one to evaluate their performance by using both fringe-adjusted HC and phase-

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

a) Performance of rsol in fringe-adjusted JTC:

(a)

Fig. 4.6 (a) Input joint image with distorted and undistorted images along with rsol
as reference.
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Fig. 4.6 (contd.) (b) Correlation output using fringe-adjusted JTC.

b) Performance ofrsDlin fringe-adjusted JTC:

50 100

(a)

"0

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

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

c) Performance ofrsDI' in fringe-adjusted JTC:
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(a)

Fig. 4.8 (a) Input joint image with distorted and undistorted images along with rSDI'
as reference.
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Fig. 4.8 (contd.) (b) Correlation output using fringe-adjusted JTC.

d) Performance of rSD/ in phase-only JTC:
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Fig. 4.9 (a) Input joint image with distorted and undistorted images along with rSD/

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

e) Performance of rsol in phase-only JTC:
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Fig. 4.10 (a) Input joint image with distorted and undistorted images along with rsol
as reference.
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(b)

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

f) Performance of rSDI in phase-only JTC:

"

50 100

(a)

Fig. 4.11 (a) Input joint image with distorted and undistorted images along with rSDI

as reference.
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(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 (rsol) and phase-only JTC using SDF reference produced by

phase-only JTC (rsol) give acceptable performance. However correlation peaks

obtained by using rsol for the images from the training set are not equal and the

correlation output is not free from side lobes. On the other hand correlation peaks

obtained by using rsol' 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 rl(x,y) and r2(x,y) 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 rl(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 rSDFl(x,y).

Similarly rlx,y) is replaced by rSDF2(x,y). The Fourier transform of rSDFl(x,y) may be

given by RSDFl(U,v) and Fourier transform of rSDF2(x,y) may be given by RSDF2(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 rSDFl(x,y), r2(x,y) with rSDF2(x,y), Rdu,v)

with RSDFl(U,v) and R2(u, v) with RSDF2(U,v). Thus using rSDF'(x,y) and rSDF2(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-adjusted 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.

(a)

so '00

(b)

,so 200 250

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

and multiple non-targets, (b) Reference image I.
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Fig. 5.1 (contd.) (c) Reference image 2, (d) Correlation output using fringe-adjusted

filter
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Fig. 5.1 (contd.) (e) 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 there 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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Fig. 5.2 (a) Training set of image 1 ('E'), (b) Training set of image 2 ('H').

Now SDF based reference images arc created from both the training sets using both

fringe-adjusted JTC and phase only JTC. These SDF references are used to get

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 corrclation 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 fringe-adjusted HC, (b) SDF

reference image 2, generated by using fringe-adjusted HC.
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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).
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Fig. 5.5 (a) Correlation output for Fig. 5.1 (a) and Fig 5.3 using phase-only filter.
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(b)

(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 tilter or phase-only filter is chosen in the

class-associative generalized fringe-adjusted filter (CGr Ar).

Fig 5.6(a) and Fig 5.6(b) are the SOl' 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).

so '00

(a)

"0 200 250

(11)

Fig. 5.6 (a) SOl' reference image I, generated by using phase-only .lTC, (b) SOl'

reference image 2, generated by using phase-only .ITC.
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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.) (c) 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.I(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.



97

(c)

Fig. 5.8 (contd.) (c) 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 technique 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.



(a)

(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.
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Fig. 5.10 (a) Correlation output for Fig. 5.9.



=

100

45

40.

35 .... 1.

10

5

00 50 100 150

(b)

200 250 300

(c)

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 I 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 TGmaxlTGmin TGmin/NTGmax

Target Peak Target Peak Non-target

TGm•x TGmin Peak NTGmax
.

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 I 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 5A Detection performance using Table 5.2

Maximum Minimum Maximum TGmaxlTGmin TGminlNTGmax

Target Peak Target Peak Non-target
TGmax TGmin Peak NTGmax

1749 1547 1066 1.131 1.451
.

This above technique of raising the correlation intensity may be termed 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-target 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

,...



104

with such noise, the correlation output is good enough to detect the distorted and

undistorted images of the class while rejecting the non-targets.
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Fig. 5.12 (a) Input scene with noise, (b) Correlation output.
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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 .Imagcs Rotatcd up to 90 I)cg"ccs

In the previous analyses of section 5.4.1 to 5.4.4 it has been assumed that the images

are rotated to an angle of 40 degrees at a step of 5 degrees from the initial or usual

position. The SDF references were generated 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.l3(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 pal1icular image such as 'E', In the same way the SDF reference is

generated for 'H', In the input scene the images are chosen now from these training

set images of the two members of the class. Fig. 5.14(a) is the input scene and Fig.

5.l4(b) and Fig 5. I4(c) arc the reference images for this analysis. Corresponding

correlation output is shown in Fig 5. I5(a), Fig 5. I5(b) and Fig 5. I5(c) without using

correlation intensity enhancement.

(a)

Fig. 5.13 (a) Training set for imagc I ('E').
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Fig. 5.13 (contd.) (b) Training set for imagc 2 ('1-1').
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(a)

Fig 5.14 (a) Input scenc.
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Fig. 5.14 (contd.) (b) SDF reference image L (c) SDr reference image 2.
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(a)

(b)

Fig. 5.15 (a) Correlation output for input and references of Fig 5.14, (b) Correlation

output for left-side images.
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Fig. 5.15 (contd.) (c) 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 side lobes 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 recognition 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.

(a)

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

multiple non-target, (b) SDF reference image 1.
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Fig. 5.17 (contd.) (c) SDF reference image 2.
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Fig. 5.18 (a) Correlation output for Fig. 5.17.
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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.

""
"0

'"

(a)

100 120 HO 160

'" " 50 50 100 120 140 160

(b)

Fig. 5.19 (a) Training set images for 'banana', (b) Training set images for 'mango'.
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Now 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.

(a)

""
(b)

Fig. 5.20 (a) Input scene with multiple distorted and undistorted target images with

multiple non-targets, (b) SDF reference image 1.
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Fig. 5.20 (contd.) (c) SDF reference image 2.
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Fig. 5.21 (a) Correlation output for Fig 5.20.
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Fig. 5.21 (contd.) (b) Correlation output for left-side images, (c) 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

Optical correlators, especially joint transform correlators are versatile tool for pattern

recognition or pattern 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 devised
. ,

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.



122

To apply this SDF in class-associative target detection, each of the reference images

of the class is synthesized from respective training set by using 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

is a successful one though more works can be done on it for further excellence.
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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 is 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 l-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

0/0 % 0/0--- •••• ---------.- •• ----------.- ••• ------------ ••• -.-------------------- ••• % % %

%%% file name: chap4_sdf.m

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

%%% in the joint image
0/00/00/0 ••••• ••••• ••••• __• ••••• %%%

clear all;

close all;

% ••••• ._••• •••••_-.-----------------_._.-••••

%generating the image array

load aefhmotz32; %Ioading the mat file containing the images

step=5j %rotation step in angle

initial_angle=Oj

final_angle=40;

target_rota tion=fina'- angle.initial_ angle;

turn=.lj %-1 for clockwise rotation and 1 for anticlockwise rotation



if target]otation--360,

tota1_image=:round( target_rota tion/s tep);

else

total_image=round(target]otation/step+ 1);

end

image=E; %giving the input to be rotated

[sizer,sizec)=size(image);

initial_ image=im resize(image,4);

initiaUmage=imrotate(initial_ image,turn *initial_angle);

initiaUmage=im resize(initiaUmage,l);

%rotating the image and placing into array

for i=l :totaUmage,

ref( :,: ,i)=imresize«imrotate(initial_ image,(turn *(i-l )*step» ),[sizer sizec]);

end

%'ref is the image array

%ploting the image array

figure(l);

im(ref(:,:»;

~o----------------~----------------------------------------------------------------

0;0 • _

%%%finding sdfreference (ref_sdt) using gfaf%%%
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c=ones(l,totaUmage); %initialization of coefficients of sdf

ref_sdf=zeros(sizer,sizec); %initialization of sdf

%calculating the sdf (ref_sdf) with unity coefficients

for i=l:total_image,

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

end

ref_sdf=ref _sdf/max( max(reC 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

refJnput=zeros(sizer*total_image,sizec*totaIJmage); %input plane

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

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

%putting training set into input plane

126



for i=l:tota1_image,

ref _input(l :sizer,«i-l )*sizec+ 1): (sizec*i) )=ref( :,:,i);

end

%putting sdf in reference plane

indxrl =(totaUmage*sizer/2-sizer/2+ 1);

indxr2=( (total_image *sizer/2-sizer/2+ 1)+(sizer-I»;

indxc1 =(totaUmage*sizec/2-sizec/2+ 1);

indxc2=«total_ image*sizec/2-sizec/2+ 1)+(sizec-l »;

ref _ref(indxrl ~indxr2,indxc1 :indxc2)=reC sdf;

%joint input (sdf & training set)

ref joint=ref _input+reCref;

figure(3);

im(refjoint);

axis square;

title('joint ima~e (sdf & training set)');

%fourier transform

reUn put ]=fftshift( fft2( ref In pu t»;

ref ref F=fftshift(fft2(ref ret);- - -
ref join t]=fftshift( fft2( ref joint»;

%finding the intensity (power spectrum)
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psJef_input _F=(abs(reUnput_ F». "2;

pSJefJef]=(abs(ref_ reCF». "2j

psJefJoint _F=(abs( refJoint]». "2;

%fourier plane image subtraction

subJps=ps JefJoint_ F-ps]eCinpu( F-ps_ref_ref _Fj ,

%generalized fringe adjusted filter (gfaf) parameters

C=l;

D=(10"(-4»j

m=lj %phase only filter

%applying gfa,ffilter

value_ref JeC F=abs(reC reCF)j

FAF = (C).I(D + (valueJefJef]."m»j

faf_subJps= subJps.*FAFj

%correlation

corr _sdfJnput = (abs(ifftshift(ifft2(faC subjps»»."2;

%zero padding the undesired lobes for clarity

corr _sdf_input( sizer+ 1:sizer*total_image,l :sizec*total~image)=zeros( (sizer*tota

1_image-sizer ),sizec*totaI_image);

figure(4);



mesh(corr _sdf_input);

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

figure(5);

mesh( corr _sdf_input);

view(O,O);

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

%calculating the correlation peaks after first gjtc operation

for i=l:total_image,

peak_corr(i)=max(max( corr _sdUnput(l :sizer,((i-l )*sizec+1):(sizec*i))));

end
0/0 -------------

%continuing gjtc for further iterations
0/0 -------------

iteration=500;

for iter=l :iteration,

%update the coefficients by an empirical formula

for i=l:totaUmage

rf=O.l; %relaxation factor

if abs(target_ corr-peak_ corr(i»>O.Ol,

c(i)=c(i)+(target_ corr-peak _corr(i) )*rf;
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end

end

ref sdf=zeros(sizer,sizee); %reinitialization of sdf .

%ealculating sdf with new coefficients

for i=l :totaUmage,

ref _sdf=reC sdf+c(i) *ref(:,: ,i);

end

ref sdf=ref sdf/max(max(ref sdt)k- - -

%gjte between sdf with nrew coefficients & training set images

%reinitialization of reference and joint image plane

reC ref=zeros( sizer*total_ image,sizec *total_ im age);

ref J oint=zeros( sizer*total_ ima ge,sizec *total_image);

%putting reference and finding joint image

ref _ref(indxrl :indxr2,indxc1 :indxc2)=ref _sdf;

ref Joint=reCinput+reC ref;

figure(6);

im(refJoint);

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

%fourier tra,nsform

ref Jef ]=fftshift( fft2( reC ref);

ref ....ioint_F=fftshift(fft2(ref.Joint»j

%finding the intensity (power spectrum)

psJeCreC F=( abs(reC ref_F». A2j

ps_ ref.Joint ]=( abs(ref.Joint]». A2j

%fourier plane image subtraction

sub ....ips=ps_ref ....ioint_F-psJef _input _F-psJef Jef _Fj

%applying gfaf filter

value_ref _ref _F=abs(ref _ref _F)j

gfaf= (C).I(D + (valueJeCref]. Am»j

faCsub....ips= sub....ips.*FAFj

%correlation

corr _sdC input = (abs(ifftshift(ifft2(faf_sub ....ips)))).A2j

%zero padding the undesired lobes

corr _sdCinput(sizer+ 1:sizer*totaUmage,l :sizec*totaUmage )=zeros«sizer*tota

1_image-sizer ),sizec *total_ image) j



%finding new values of correlation peaks

for i=l:total_image,

peak _corr(i)=max(max( corr _sdCinput(1 :sizer ,((i-I) *sizec+ 1):(sizec*i»»;

end

max j>eak=max(peak _corr)j

min _peak=min(peak _corr)j

error=(max j>eak-min _peak)/max _peakj

target _corr=max _peakj

figure(7)j

mesh( corr _sdf_input);

title('Correlation of training set and sdf using gfanj

figure(8)j

mesh( corr _sdCinput);

view(O,O)j

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

%check for convergence and exit from the program

if error<O.OLI iter==iteration

figure(9); ,

im(ref_sdf)j

axis square;

title('Final SDF with FAF filter');
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%saving the sdf as mat file

sdf E=ref sdfj- -

save sdCE.mat sdf_Ej

for j=l:total_image

peak_corr(i) %displaying the final correlation peaks

end

for i=l:totaUmage

c(i) %displaying the final coefficients

end

iter %displaying the number of iterations required

returnj

end

end

0/0 % °/o---------~------------------------------------------------------ % 0/0°/0
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APPENDIX II

SAMPLE MATLAB PROGRAM FOR SIMULATING CLASS-

ASSOCIATIVE TARGET DETECTION

0/0% 0/0------------------------------------------------.-.-.------------------ .. --% % %

%%% file name: chapS_ca_sdf.m

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

close all;

clear all;

%-----------------------_._ _--------------------_._--------------.-
load aefhmotz32; %Ioading the mat file containing the images

%generating the image array

step=S;%rotation step in angle

initial_angle=O;

final_angle=40;

target _rotation=final_ angle. initial_angle;

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

if targetJotatioil==360,
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total_image=round(target _rotation/step);

else

total image=round(target rotation/step+1);
. - ~ -

end

%giving the input (1st object of the class) to be rotated

image=E;.

[sizer ,sizec )=size(image);

initiaUmage=imresize(image,4) ;

initial_ image=im rotate(initial_ image, tu rn *initial_ angle);

initial_ image=imresize(initial_ image, 1);

for i=l:totaUmage,

refil (:,:,i)=imresize«imrotate(initiaUmage,(turn *(i-l )*step» ),[sizer sizec));

end

step=S;%rotation step in angle

initial_angle=O;

final_ angle=40-;

target Jotation=final_ angle-initial_ angle;

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

if target _ rotation==360,

total_ image=round( target_rota tion/step);

else



total_ image=round( target_rota tion/step+ 1);

end

%giving the input (2nd object of the class) to be rotated

image=H;

(sizer,sizec)=size(image);

initiaUma ge=imresize(image,4);

initiaUmage=imrota te(initial_ image, turn *initial_angle);

initial_ image=imresize(initial_ image,l);
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for i=l:total_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 undistorted target images and non-targets

inp(9:40,33:64)=refl1( :,:,1);

inp(61 :92,33:64)=refl1( :,:,3);

inp(l13: 144,33:64)=refl1 (:,:,5);

inp(165: 196,33:64)=refl1( :,:,9);

inp(217:248,33:64)=F;



in p(9 :40, 193: 224 )=re122(:,:,I);

inp( 61 :92,193:224)=re122( :,:,3);

in p(113: 144,193: 224)=re122(:,: ,5);

in p(165: 196, 193: 224)=re122(:,: ,9);

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

%loading the mat file containing sdf reference images

load sdfoEl;

load sdfoHl;

% placing the sdf references

refi(113: 144,113: 144)=sdfoEl;

re12(113: 144,113: 144)=sdfoHl;

%c1ass detection using multi-target detection algorithm

°l'o---------------------------------------------~ -------------

fil = refi+inp;

121= refi+exp(-j*pi/2)*inp;

f31 = refi-inp;

f41 = refl-exp(-j*pi/2)*inp;

01'0 -------------

Fll = fftshift(fft2(fll»;

F21 = fftshift(fft2(f21»;

F31 = fftshift(fft2(f31»;
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F41 = fftshift(fft2(f41»;

°;'0----------------------------------------------------------------
jpsll = (abs(Fll». A2;

jps21 = (abs(F21».A2;

jps31 = (abs(F31». A2;

jps41 = (abs(F41». A2;

°;'0 ------------------

%joint power spectrum for .ref! and inp

jps1 = jpsll + (exp(j*pi/2).* jps21) - jps31 - (exp(j*pi/2).* jps41);

°;'0 ------------------

fl2 = ref2+inp;

f22= ref2+exp(-j*pi/2)*inp;

f32 = ref2-inp;

f42 = ref2-exp(-j*pi/2)*inp;

°;'0 -------------

F12 = fftshift(fft2(fl2»;

F22 = fftshift(fft2(f22»;

F32 = fftshift(fft2(f32»;

F42 = fftshift(fft2(f42»;
0/0 _

jps12 = (abs(F12».A2;

jps22 = (abs(F22». A2;

jps32 = (abs(F32». A2;

jps42 = (abs(F42». A2;

°;'0 ------------------
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%joint power spectrum for ref2 and inp

jps2 = jps12 + (exp(j*pi/2).* jps22) - jps32 - (exp(j*pi/2).* jps42)j
0/0 _

%power spectra parameters

alpha=0,436j .

beta=l-alphaj

%total jps

jps = alpha. *jpsl + beta. *jps2j

% class-associative generalized fringe adjusted filter (cgfaf) parameters

C=lj

D=(lO"(-4»j

m=lj %phase-only filter

%applying cgfaf

Rl = fftshift(fft2(refi»j

R2 = fftshift(fft2(ref2»j

value_Rl = abs(Rl)j

value_R2 = abs(R2)j

cgfaf= (C).I(D + (value_Rl."m) + (value_R2."m»j

modifiedJps = jps. *cgfafj
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n=2; %correlation output power

corr = (abs(fftshift(ifft2(modifiedJps»»). An;

figure(l)j

im(refl);

axis square;

title('sdf reference image 1');

figure(2)j

im(ref2)j

axis squarej

title('sdf reference image 2');

figure(3);

im(inp);

axis squarej

title('input scene')

figure(4);

mesh(corr)j

zlabel('Correlation Peak Intensity');

view(-32,20)j

title('correlatiqn output')j
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%calculating the correlation peaks for the input scene objects

peak _ rowl coil =max(max( corr(9:40,33:64»)

peak Jow2coll =max(max( corr(61 :92,33 :64»)

peak Jow3coll =max(max( corr(I13: 144,33:64»)

peak Jow4coll =max(max( corr(16S: 196,33:64»)

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

peak_row 1coI2=max( max( corr(9: 40, 193: 224»)

peak Jow2coI2=max(max( corr(61 :92,'193 :224»)

peak _row3coI2=max(max( corr(I13: 144,193:224»)

peak Jow4coI2=max(max( corr(16S: 196,193:224»)

peak JowScoI2=max(max( corr(217 :248,193:224»)

~o--------------------------------------------------------------------------

••
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