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ABSTRACT

NEW OPTICAL METHODS FOR SIGNAL PROCESSING

by

Yan Zhang

Advisor: Dr. Yao Li, Associate Professor of Electrical Engincering

This doctoral thesis studies the optical implementations of various new algorithms
and methods for large bandwidth signal and image processing. Among the schemes
to be studied are the long data stream convolution/correlation, the Gabor and the
wavelet transforms, and their applications to system failure prediction, dense target

signal processing and image coding.

Based on the Chinese remainder thcorem, optically implementable algorithms arc
described, which convert the convolution/correlation of long data streams to relatively

small scale linear operations such asa group of short-term vector-matrix multiplications



or short-term convolutivas/corrclations. The proposed algorithms can be realized by
using the e¢xisting optical analog data processors. Simulations were performed to prove
their validity. Technical problems and fundamental limitations of the above schemes

arec studied.

Following the consideration of thc above time domain opcrations, signal's repre-
scntations -in joint time-frequency (scale) domain are then considered. An opto-
clectronic Gabor coefficient processor is designed to perform the Gabor transform
on short one-dimensional (1-D) signals in rcal-timc. Somc ¢xperimental results arc
presented to confirm the operational principle of the system. As an application of
this processor, Gabor transform basecd transient signal detection is studied. Other
schemes for implementing Gabor transform of long 1-D signals based on the long data
stream convolver, and 2-D signals are also investigated. Following the study of the
Gabor transform, the newly suggested wavelet transform is considered for its optical
implementation. Using commercially available opto-¢clectronic components, an optical
wavelet processor is designed and built to perform the wavelet transforms on short
1-D signals in real-timc. As an cxtension, architectures for 2-D optical wavelet
transform are also described and computer simulated with the consideration of their
technical problems of optical implementation. Applications of the wavelet transforms
to system failure prediction. densc target signal processing and image coding arc
briefly explained. Schemes for optical wavelet transform of long 1-D signals are also

studied.




The goal of this thesis is to further our knowledge and understanding on how the
frec-space optical processing methods could help developing efficient signal and image
processing tools and what the potential applications and limitations of these optical

mcthods are.
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1 INTRODUCTION

1.1 Optical Signal processing

Natural signals, no matter what forms they are taking (optical, mechanical,
acoustic, electromagnetic, etc.), can be detected and converted into electrical signals
by appropriate sensors. The obtained signals can thus be used to analyze their

characteristics by available signal processing facilities.

Digital signal processing, with its wide applications almost everyvwherc, has
been enjoving an explosive growth. A large number of VLSI! processor chips and
their supporting algorithms have been developed [1-1L(1.2L013] Most of them are
designed for conventional digital eclectronic computer realization. However,
because of the sequential processing nature of a conventional computer, when the
number of data points to bc processed becomes very large, the processing speed
becomes unacceptably slow in some applications. Parallel processing schemes to

e¢nhance the speed performance must be employed to solve the problem.

An optical system with its inherently parallel processing property is a suitablc
candidate for handling such a parallel processing task. Based on coherent and
incoherent optical methods, an optical system may perform various key signal
processing operations such as the two-dimensional (2-D) Fourier transform (14] and

the vector-matrix multiplication in real-time (1.5],

1 Sce Appendix for the abbreviations.



Asan example, a coherent optical system illustrated in Fig.1.1.1, where a spherical
lens is used, can bec shown (sec Section 2.1 for details) to perform 2-D Fouricr
transform on an input image in real-time. Also, by substituting the spherical lens
in Fig.1.1.1 by a sct of anamorphic optical components (combination of cvlindrical
and spherical lenses), a one-dimensional (1-D) Fourier transform can be performed
optically. Therefore, different kinds of signal processing may be carried out by
using the system of Fig.1.1.1 as a basic function unit. Examples of available optical
information proccssing systems bascd on optical Fourier transform are an optical

matched filter, a joint transform correlator, etc (1-4][1.6]-(1.9]

Not only the Fouricr analysis, but some also algebraic operations may be
performed by an optical system [151[1.10]-[113]  In algebraic operations, the
vector-matrix multiplication is considered as a basic operation. Different schemes
using Bragg cell devices and charge coupled devices (CCD) were described. The
hybrid system shown in Fig.1.1.2, which was suggested by E. P. Mosca, et al, is a
typical example. Another example is an acousto-optic convolver for 1-D signals by

W. Rhodecs (1.10[1.11]

It seems that an optical processor is perfect for linear signal processing because
of its ultra-fast speed and inherent parallel processing. However, the processing
performed by an optical system is more qualitative than quantitative under current
technical conditions, which means that accurate calculation results should not be
expected from optical processing. Fortunately, in some applications, such as signal

detection and pattern recognition, the purpose of operation is to classify and



allocate certain targets in signal and thus the optical processing for these appli-
cations is justified. Even in the cases where accurate calculation results arc
nccessary, optical processing is still helpful to specd up part of entire process.
Bccause, in a long sequence of signal, usually only small portions of data arc useful.
optical processing may first be used to locate these parts of signal and then
conventional signal processing schemes arc carried out (sece Fig.1.1.3) to obtain the

results, which arc considered more accurate than optical processing.

1.2 Time-Frequency or Time-Scale Signal Representation?

To be analyzed or processed by any signal processing method, the signal must
be first described or represented by an appropriately selected mathematical
l.'eprescmation which is suitable for the analysis to be carried out. It is well known
that conventional signal representations for both continuous and discrete cases arc
describable under two gencral categories: the time domain and the frequency
domain representations. Many signal analysis techniques were developed based on
these two signal representations, cxamples among them are convolution, correlation,

Fourier transform, etc.

Although the above mentioned pure time or frequency signal representations
successfully solved a lot of practical problems, they show a serious weakness in

somc applications, which is the bad time and frequency separability. Consider the

2 In this doctoral dissertation, time means time for electrical signals or space for
optical signals while frequency means frequency for electrical signals or spatial-
frcquency for optical signals.



image shown in Fig.1.2.1, in which letter "A" and letter "B" are well separated in
spatial domain. However, when 2-D Fourier transform is applied to the image,
the spectra of the two lctters are mixed up in frequency domain (also sec Fig.1.2.1.
Therefore, the algorithms designed to function in frequency domain can not work
properly. Spccifically, if a filter is made to pick up the spectrum of letter "A"
for further processing, strong crosstalk between "A" and "B" exists. For another
example, an important problem in pattern recognition and signal detection theory
is the representational separability of time and frequency domains. Consider the
dctection of transient signals in an additive noise environment. Conventional
dctection schemes use cither matched filter or likelihood ratio based methods to
dectermine the presence of such signals. However, when both waveforms and
arriving times of transient signals arc unknown, it is difficult for these methods
to succeed. Methods with improved representational separability relative to pure

time and frequency will be useful in this kind of applications.

Time-frequency joint representations originated from the quantum mechanics
have been uscd to solve the problem of representational separability since 1946
(114 Typical time-frequency representations include the ambiguity function, the
Wigner distribution, the spectrogram, the difference of Gaussian, the Gabor
transform and wavelet transform [1-14-[1.17] With time-frequency representations,
signals arc transformed into a joint time and frequency domain. These joint
time-frequency representations greatly enhance the separability of targetsignatures

regardless of cenergy in thesc signatures being segregated only in the time or



frequency domain, or in the joint time and frequency domain. A better result is

thus expected when correlation is carried out using the signal's time-frequency

representation.

Using coherent optical systems, some system architectures were proposed and
implemented for the realization of the ambiguity function and Wigner distribution
1118)-(1.20] Ip this thesis. based on the developed concepts of these optical imple-
mcentations and the new understanding and appreciation of the Gabor and wavelet
transforms, optical versions of them are proposed as powerful tools to analyze and

svnthesize signals.
1.3 Convolution/Correlation of Long Data Streams

The calculation of the digital convolution

(i) = ih((—k)_\"(k) (1.3.1)

A=0

has important applications in communication, sensing and signal processing. It is
uscd to compute auto and cross corrclations, to design and implement finite impulsc
response (FIR) and infinite impulse response (IIR) digital filters, to solve dif ference
cquations, and to compute power spectrum. Since the introduction of Cooley-Turky
FFT algorithm, many algorithms for digital convolution/correlation have been

discussed in literatures(121)-(1.25] Some of them were designed based on the Number
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Theory Transform (NTT) to shuffie the 1-D sequences into multidimensional

sequences and to express the original I-D convolution as a multidimensional

convolution problem.

Although thesc algorithms based on FFT and NTT were successfully used in
electronic computers for relatively short sequences, due to the sequential processing
nature of a conventional digital processor, convolution or correlation of long data
streams at high specd is still difficult to perform. To resolve this problem, concepts
of parallel and distributed processing are neceded. Optical systems with their
inherent parallel processing capabilitics are potential candidates for processing
long data streams. Optical corrclation of two signals with large time-bandwidth
product was designed by Rhodes [126], who proposed to use a non-interlaced raster
scan scheme to convert one-dimensional (1-D) signals to their two-dimensional
(2-D) formats subject to an optical correlation suggested by Weaver and Goodman
(18] Turpin (127 suggested a system which realizes an optical discrete Fourier
transform of long sequence by first converting the original 1-D data sequence into
a 2-D data array and then performing a 2-D optical Fourier transform on the 2-D
pattern. A spccially designed phase-correcting prism was placed super accurately
in the system to cancel an extra phase term. Various other interesting schemes of
converting a 1-D sequence to its 2-D format suitable for optical processing were

suggested by Stoner (128},



1.4 Researéh Goal and Thesis Organization

The resecarch goal of this doctoral thesis is to study new methods of optical
long data stream convolution/correlation, optical Gabor and wavelet transform
implementations and their applications to system failure prediction, radar and

sonar signal processing and image coding.

The thesis has been divided into eight chapters. This introductory chapter
provides background information regarding optical signal processing. In the sccond
chapter, a brief review of the statc-o_f-thc-art optical signal processing tcchniques
is included. Beginning at the third chapter, new methods of optical implementation

of long data stream convolution/correlation, Gabor transform and wavelet

transform are presented.

In Chapter Three, an optically implementable algorithm, which separates a long
data stream into several shorter sequences based on the Chinese remainder theorem,
is described. Using this algorithm, the convolution/corrclation of long data streams
arc performed by relatively small scale vector-matrix multiplications, which can
be realized using the state-of-the-art optical algebraic processing technologies.
Computer simulation results of this algorithm are presented. A suitable optical
processing architecture is also proposed. As an alternative to the above algorithm,
the convolution/correclation of the two 1-D data sequences is converted into a

convolution/correlation of the two corresponding 2-D arrays. An opto-electronic



scheme using the algorithm to solve the problem of real-time convolution/corre-
lation of long data streams is thus described. Three video rate optical and opto-
clectronic data permutation schemes are presented. Computer simulations for the
entire three-stage algorithm and their results are discussed. Technical problems

and fundamental limitations of thc described schemes are also studicd.

In Chapter Four, an opto-electronic Gabor coefficient processor for short
onc-dimensional (1-D) signals is first designed. Using an acousto-optic modulator
as an input device, a liquid crystal SLM as a reconfigurable window and a two-
dimensional (2-D) CCD detector array as an output device. a real-time opto-
clectronic Gabor coefficient processing architecture is described. Some
experimental results are presented. As an application of this processor, a Gabor
transform based transient signal detection scheme is proposed. Schemes for
implementing an Gabor coefficient processor for long 1-D signals and two-

dimensional (2-D) signals are also investigated.

In the following chapter, a scheme for optical realization of wavelet transform
of short 1-D signals is described. Using commercially available components, the
constructed system can perform wavelet transform for short 1-D signalsin real-time.
Some experimental results arc demonstrated. As an extension of this scheme. a
2-D optical wavelet transformer is proposed and computer simulated. Technical
problems of optical implementation are studied. Applications of the wavelct

transforms to system failurc prediction, dense target signal processing and image



coding are studied. To perform wavelct transform on long 1-D signals, schemes

based on long data stream convolution/correlation described in Chapter Three arc

proposed.

In Chapter Six, a novel system architecture is designed for detection of spatial
and temporal targect in motion pictures, which is based on 1-D Gabor and wavcelet
transform. Although this system docs not perform processing in real-time, it is
expected less sensitive to noise than conventional detectors because of its utilization

of time-frequency representation.

Chapter Seven contains the thesis summary. In Appendix A, the abbreviations
uscd in the thesis arc explained. Following this, in Appendix B, Zak transform.
as one of the basic tools used in Gabor transform, is briefly described. And finally,

a list of thesis related publications and bibliography are given.
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2 A BRIEF REVIEW OF OPTICAL SIGNAL PROCESSING TECHNIQUES

2.1 Optical Fourier Transform

As one of the basic signal processing operations, N-dimensional (N-D) Fouricr

transform and inverse Fourier transform arc¢ defined by

C(/U/ZPU,LJ=:f:f-H:fg(x“x@““,xJ

gentf s farottfy
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where ¢gis a complex function of n independent variables v, , x,, ..., v, while its
Fourier transform G is a complex function of n independent variables 7, 7., ..
, /.. Besides their analog realizations, many algorithms have been developed for

clectronic computer to carry out the above defined Fourier transform in discrete



form, the so called discrete Fourier transform (DFT). Examples are the Cooley-
Turkey Fast Fourier Transform (2.1] and Winograd Fast Fourier Transform [(2:2]
Although, they were originally designed to perform 1-D Discrete Fourier Transform
(FFT). they could be used to calculate N-D DFT by transforming the N-D array
in cach dimension sequentially. A flowing chart for performing 2-D FFT by 1-D
FFT is shown in Fig.2.1.]1. Becausc of the inherent sequential processing property
of electronic computer, these algorithms become unacceptably slow in some
applications, such as in sonar and radar signal detection, especially when the data
array is very large. Parallel processing schemes have thus to be employed to solve

the problem.

The coherent optical system shown in Fig.2.1.2 is one of the candidates to solve
the processing specd problem of Fouricr transform. The kernel component in this
system is a spherical lens. The coherent light beam which can be generated by a
laser source is collimated and illuminates onto the input image which is located
at the front focal plane of the spherical lens. The output pattern at the back focal

planc of the lens is therefore the required Fourier transform of the input image.

To illustrate this principle mathematically, it is assumed that the coherent planc
wave obtained from collimation is of amplitude 1. The amplitude of optical field

at the right side of the input image mask is described by

L‘ln('\il’:/l)=‘A]-t(‘\l’:/l) (2'1'3)



where t(v,.y,) is the intensity transmittance of the input image. Based on the

Fresnel diffraction theory, the optical field directly at the left side of the spherical
lens is 3

LS 2 A
T )y my )
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(2.1 .4)

where /,is the focal length of the employed lens, A is the optical wavelength and
k= ';—" The optical field on the right side of the spherical lens is thus described by

[2.3]
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Applying the Fresnel diffraction thecory again and simplifving the resulted equation
using the Fraunhoffer’s approximation, the optical field at the back focal planc

of the lens is obtained as

I (NNt o)
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-0 -oc

*X ex 2n
!

(2.1.6)

This result apparently is in the form of the 2-D Fourier transform of the input

image.

3 Complex constants beforc the integral symbol of this and the following equations
arc omitted without sacrificing the analysis accuracy.



20

To perform 1-D Fourier transform optically, an anamorphic optics shown in
Fig.2.1.3 is used. In this system, the focal length of the cylindrical lenses L1 and
L3 is half of the focal length of cylindrical lens L2. In principle, it images the
input pattern in onc direction while performs Fourier transform in another
direction. The 1-D Fourier transform of the input pattern is thus resulted. With
the above discussed optical system available as a basic unit, varioussignal processing

systems can be built.
2.2 Optical Correlators

An N-dimensional Correlation is mathematically defined by
‘/(f,.t?_.'-'.t,,)=/"'fh(i‘,-t,.ry—tz.'~-.Tn—t,,)

AN(T T, et )drdt, o dr

(2.2.1)

where ~v(-) is the input signal, h(-) is the reference and /(- ) is the correlation
result. When the input signal is matched with the reference, a corrclation peak is
resulted which shows the existence of certain target. Based on this definition, a
coherent optical system for corrclating two 2-D signals as shown in Fig.2.2.1 was

described by Goodman (23],

In this optical setup, the coherent light from laser source is first spatially

filtered and collimated. The image to be processed (signal) is placed at the front
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focal plane of the spherical lense L2. Based on the principle of optical Fourier
transform discussed in the last section, the 2-D Fourier transform of the input
imagce is obtained at the back focal plane of lense L2, On the other hand, since
the correlation of Eq.(2.2.1) may also be described by its counterpart in frequency
domain as

Y (W, W, wn)=H (~w,. W, W )N (W, Wt v W)

(2.2.2)

a filtering mask (transparcncy) with its transmittance proportional to H'(-w,. - w,)
may be realized and placed it at the back focal plane of lens L2. A multiplication
opcration between the Fourier transform of the input image and the reversed
version of the complex conjugate of the reference image is thus resulted. A second
Fouricr transform declivers the correlation result at the back focal plane of the

lens L3 except a complex constant.

Generally, for a real image as the reference, its Fourier transform is a complex
valued function. To dircctly make a complex valued filtering mask is obviously
difficult. To bypass thisobstacle.a clever method to synthesize the frequency-planc
filtering mask was invented by Vander Lugt in 1963 (sce Fig.2.2.2) [23(24L(25] |y

was proved that, using this setup, a purc "absorbing” mask with its transmittance

g | > o j2nay, T'o o -,2nray
tos i+ H|°+—He “+—H ‘

)\2[2 )\/’ )\/

(2.2.3)
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was obtained. Once this filtering mask was obtained, it was inserted into the
coherent processing system of Fig.2.2.1. An output pattern (see Fig.2.2.3) at the
back focal plane of lens L3 contains the convolution and the correlation of the
input image and the reference image at the same time. Placing the detector array

at the location corresponding to the corrclation pattern delivers the required results,

Although the above discussed optical correlator may deliver the mathematically
dcfined corrclation operation, in some of thc applications such as pattern recog-
nition, the correlation pcaks arc not sharp ecnough. To improve the performance
of optical corrclator, a number of techniques were developed specifically for

applications such as signal detcction and pattern recognition.

2.2.1 Joint Transform Correlator

Originally suggested by Weaver and Goodman (26} in 1966, the Joint Transform
Correlator (JTC) has been used widely in applications such as pattern recog-
nition. Fig.2.2.4 schematically shows a optical joint transform corrclator. In
this sctup, the Fouricer transforms of data and reference gencrate an interference
pattern on CCD detector A which transfers the intensity of the pattern to a
sccond SLM. The pattern on the SLM is then read by a coherent light beam
and Fourier transformed. Targets can thus be located on the pattern detected
by the CCD detector B. Although JTC does not deliver the exact mathematically
defined correlation, it is very uscful when applications are for finding the

locations of certain targets rather than obtaining the mathematically accurate
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correlation results. A correlation peak resulted by JTC is much sharper than
that obtained by a conventional correlation. This makes JTC a better tool for
pattern recognition. However, it alsosuffers a drawback. Since what is detected
by the CCD are¢ interference fringes, the nonuniform intensities of signal and
refcrence images will result in a low contrast and therefore cause a low
corrclation efficiency. To overcome this problem, an intensity-invariant JTC
was suggested recently by S. Jutamulia, et al 127, In the scheme (see Fig.2.2.5),
the images of signal and reference arc illuminated by two coherent but ort-
hogonally polarized beams. The pedestal terms existing in the conventional
interference pattern arc cancelled through a hybrid operational amplificr

lcading to a high corrclation efficicncy.

2.2.2 Optical Phase-Only Filter

Another scheme which is widely used to enhance the performance of optical
correlator is the optical phase-only filter [28 In principle, the phasc only
correlator shares the same system architecture with a conventional optical
correlator (see Fig.2.2.1) except for the filtering mask located at the Fourier
plane of lens L2. While the filter of the conventional correlator is the complex

conjugate of the 2-D Fourier transform of the reference pattern as

Fi(u,v)= ACu,v)exp(=j2né(u.v)) (2.2.4)
with the amplitude and phase terms preserved, the phase only filter is defined

to be
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Fo(u,v)y=exp(-j2nd(u.v)) (2.2.5)

obtained by setting 4(u.: Yequal to unity. Because the amplitude of a phase-only
filter is one, a high optical throughput efficiency is obtainable in an optical
phasc-only filter. On the other hand, the definition of phasc-only filter may

be rewritten in another form of

. * . l N -
Folu,v)=F (u,v)~m (72.2.0)

which indicates that a phase-only filter is, in fact, a cascade of a conventional
matched filter and a followed filter of /'”—“]“I). Since the signal spectra usually
approach zero for high frequencies, the additional filter acts as a high-pass
filter which emphasizes high frequency components. Therefore, sharper and
more localized correlation peaks are ¢xpected by phasc-only filtering. The
above two propertics of phase-only filter were experimentally demonstrated

[2.8),[2.9],(2.10]  The concept of binary phase-only filter was also suggested to

decrease the large memory requirement of regular phase-only filter (2.11],[2.12]
2.3 Optical Algebraic Processor

Algebraic operations such as convolution / correlation and vector-matrix
multiplication belong to another group of basic operations employed in signal
processing, which are directly calculated without the aid of their descriptions in
the transform domain. To carry out the above operations on very long data

sequence, optical processing is also preferred for its paraliel processing capability
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and ultra-fast processing speed.
2.3.1 Optical Convolver and Correlator

To optically perform the convolution or corrclation operation, many
architectures werc proposcd (2131{214] A5 an example, the system shown in

Fig.2.3.1 originally investigated by Kecllman [(215] is briefly described here.

In the setup, the coherent source is modulated by a 1-D signal ¢ (1) while
two acousto-optic modulators are employed as the input devices for 1-D signals
t,(t)yand «,4(t). This leads to the intensity distribution at the output domain

at onc instant described by
T(N 7 ) =0, (D= N/, (t- /1) (2.3.2)
where 17 is the acoustic speed. If a 2-D Charge Coupled Device (CCD) array is

placed at the output planc, its time integration effect delivers the following

2-D intensity distribution of

Eo(x,y)= bt(zs+/ L, (I 2(1— -\—)z 3([— Z_)([{
AT [ |

(2.3.2)
The system is thus called a triple product processor. Operations like cross-
ambiguity functions and spectrum analysis with the appropriate selection of
v, (t) e,(t)yand v,(t) Slight modification to the system results in the operations

of convolution and correlation. Specifically, the convolution of «.(t)and t,(!)
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is realized by setting a constant intensity laser source, feeding ¢ ,(t)in opposite
direction and placing a horizontal 1-D CCD array at the output planc. Con-
volution may also be carried out by using intensity modulated (by ¢, (1) laser
source, onc of the two acousto-optic modulators and a horizontal or vertical

1-D CCD array (2131

2.3.2 Optical Vector-Matrix Multiplier

Schemes for optical implementation of vector-matrix multiplication werc
widely described in literatures [2:16]-[2.20] a5 alternatives to computer imple-

mentations.

The hybrid system shown in Fig.2.3.2, which was suggested by E. P. Mosca,
et al [220] is an example. In this hybrid system, the beam from a diode laser
is shaped by a spherical and cylindrical lens so that it illuminates the 1-D Bragg
ccll device along the horizontal direction (along the window). The longitudinal
power distribution of the acoustic ficld is a representation of the elements of
the input vectors. At the other side of Bragg cell device, the vector becomes
encoded in the horizontal intensity distribution of the diffracted radiation.
This diffracted radiation is then incident on the mask which carries the matrix.
The radiation transmitted through the mask is directed onto a lincar CCD
detector so that the radiation from each row of mask is summed by a corre-
sponding element of the detector array. The vector-matrix multiplication is

thus performed.
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2.4 State-of-the-Art Optical Components

Besides to conventional optical components such as lens, prism, beamsplitter
and mirror, clectro-optic components are also employed in optical signal processing
system as input / output device and incoherent-to-coherent converter. Examples

arc acousto-optic modulator, SLM and CCD detector array.

Analog optical one-dimensional and two-dimensional Bragg cell devices arc now
commercially available (221, Depending on a particular cell. their time windows
are limited in the range from milli- to mic;o-scconds. For a onc-dimensional Bragg
cell, in gencral, the time-bandwidth product, which is equal to the number of
resolvable data or signal points that the processor is able to accommodate, is in
the range of 1000 to 2000. There also exist channelized two-dimensional Bragg
cell structures. In terms of dynamic range, new device technologies are able to
accommodatec detectors with a dynamic range of 60 dB. This dynamic range is
now sufficient for Bragg cell devices used in most convolution and correlation

applications as input devices.

On the other hand, the development of two-dimensional spatial light modulators
is also in progress (222 A deformable mirror device (DMD) has already reached
the resolution of 128 x 128 pixels and has demonstrated its potential for higher
resolution and faster frame rate, say 1000 x 1000 pixels with 1KHz frame rate.

2-D SLMdevices using magnetooptic modulation mechanism are currently available
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in a 256 x 256 pixel format with line update rates of microseconds. Other com-
mercially available SLM’s are Electron Beam Addressed SLM. Liquid Crystal Light
Valve (LCLV) and Microchannel Plate SLM. As an economic SLM, Liquid Crystal

TV (LCTV) is also used in optical signal processing (2:23],

Sincc the first demonstration of Charge Coupled Device (CCD)at Bell Laboratorices
in 1970, CCD detector has cxpcrienced an unbelievable progress (224 The
advantages of a CCD device expected when it was first suggested twenty vears
ago benefit a wide range of applications. Among them are small size and weight.
very high quantum efficiency, broad spectral response, geometric stability and
fidelity, lincar response, high resolution, low noisc, low dark current, and very
large dynamic range. 1-D and 2-D high resolution CCD detector arrays are now
available. Typical high resolution for 2-D CCD array is 1024x1024. Arrays with
their pixel numbers more than this is also available, such as TK2048 of Tektronix

Inc. with resolution of 2048x2048 pixels.
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3 OPTICAL REALIZATION OF LONG DATA STREAM

CONVOLUTION/CORRELATION

3.1 Background

Because of its importance in communication, sensing and signal processing
applications, methods of convolution and corrclation of long data strcams have
been discussed in literatures. Many algorithms have been designed for electronic
computers [3-1]-(35] which are based on Fast Fourier Transform (FFT) and Number
Theory Transform (NTT). Although they were successfully used in many appli-
cations, duc to the scquential processing naturc of a conventional digital processor.
convolution or corrclation of long data strcams at high speed is still difficult to

perform.

To resolve this problem, concepts of parallel and distributed processing are
neceded. Optical systems with their inherent parallel processing capabilitics are
potential candidates for processing long data streams. Optical correlation of two
signals with large time-bandwidth product was designed by Rhodes 136, who
proposcd to use a non-interlaced raster scan scheme to convert 1-D signals to their
2-D formats subject to an optical correlation suggested by Goodman 37, Turpin
[3-8] suggested a system which realizes an optical discrete Fourier transform of long
scquence by first converting the original I-D data sequence into a 2-D data array

and then performinga 2-D optical Fouricr transform on the 2-D pattern. A specially
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designed phasc-correcting prism was placed super accurately in the system to cancel
anextra phasc term. Various other interesting schemes of convertinga 1-D sequence

to its 2-D format suitable for optical processing were suggested by Stoner (39],

3.2 Chinese Remainder Theorem

The Chinese Remainder Theorem 310 well known in ancient China, states that

it is possible to uniquely determine a non-negative integer given only its modullj

with respect to each of several integers if the integer is known to be smaller than

the product of modulli. As an c¢xample, consider the modulli
my=3
m, =11

Their product is thus 33. Given a positive integer ¢, satisfying 0<c <33, let
¢,=cmodm,. The Chinese remainder thcorem states that there is a one-to-one map
between c and the corresponding c,(1=0.1). Suppose thatcy,=1,¢,=2and c.=3.

Therefore, the set of ¢ satisfying c, = cmodmyis

{1,-+,7,10,13,16,19,22,25,28,31}

\
and the sct of c satisfying ¢, = cmodm  is

{(2,13,24)
The unique solution for ¢ is thus 13. This example suggests that the residues

uniquely determinc the original integer. Generally, it may be proved:

Theorem 3.2.1:
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Given a set of integers m,, m,, .., m, that are pairwise relatively prime

and a set of integers co.c,, .., c, with c,<m,, then the system of cquations

c mod m 1=0,1,...,k (3.2.1)

t i

c

has at most one solution for ¢ in the interval

3.3 Index Mapping from 1-D to 2-D

Bascd on the above theorem, it is possible to generate an index mapping from
1-D to 2-D in ordcr to design optically implementable algorithms. Consider a 1-D

index
t=0,1,...,N-1 (3.3.1)

where N is a composite number
N=r,r, (3.3.2)
with mutually prime factors r, and r,. From the theorem in last section, there

¢xists a one-to-onc mapping
Lo (i,,1,) (3.3.3)

where 1, and 1, are defined by the congruent relations



45

i, =1 mod 1, O0zi,<r,

(3.3.:1)

i.=1 mod -, 0, <r.

It is known from the Chinese remainder theorem that there is a unique solution

to the above congruent relations. The following theorem describes how to determine

t from the known (,and «,.

Theorem 3.3.1:

Let N =r,r, be a product of two mutually primc intecgers ,and .. Then

the congruent relations of Eq.(3.3.4) is uniquely solved by

[=1,8,+1,S, mod N (3.3.9)
O<i<N

where
s, =1 mod r,
s,=1 mod r, (3.3.6)
s,=0 mod r,

s,=0 mod r, (3.3.7)



46

From the Chinese remainder theorem, it is known that there is only one solution
to the congruent relations. So the question is to prove EQq.(3.3.4) is the solution.

Modulo r,and r, operations are performed to Eq.(3.3.5). respectively, as follows

~

{ mod r, S+ 1,8, mod 1,

~

S, +1,S, mod r,

l mod r.

Since 0<1,<r,, 0<¢,<r,, Eq.(3.3.6) and Eq.(3.3.7), the congruent relations in

Eq.(3.3.4) arc thus obtained.

To determine integers s, and s, . it is found that
sy=nmyro=m,r;+| (3.3.8)
and
S,=n,r =m,r,+1 (3.3.9)
where n, , n, , m, and m, are positive integers. These two equations have to be
solved. However, since there are four variables in two cquations, an infinite
number of solutions can be obtained. Only minimum values of », and n, are
sclected as the final results. As a special case, when 1, =r_+ L it can be shown

that the minimum »n, and n; integers satisfying these equations are

n,=r.,

n,=1\

Therefore,
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S.=r,

<

For example, when N=90, a sclection of r, ~10and .= 9results in

91, =10m , + 1

10n,=9m.+1
The minimum solution of these integer equations gives

s, =8l

s.=10

which let Eq. (3.3.5) becomc 1= (8B1li,+ 101;),,.

With this theoremavailable, algorithms which convert the convolution/corrclation
of long data streams to formats suitable for optical processing are recady to be
constructed. In the following discussions, the computation of cvclic convolution

N-
y(i)= > h(i-k)x(k) (3.3.10)

k=0
and cyclic correlation
‘\VS—J
“(0-ﬁmk(k DN (K) (3.3.11)
arc considered, where 1=0.1.2.....\V -1 and integer .\ satisfies the condition in

Eq.(3.3.2).
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3.4 Conversion of 1-D Convolution/Correlation to Vector-Matrix Multiplications

To capitalize on the advantages of inherent ultra-high speed and parallel
processing of an optical system , the convolution/correlation of Eqs.(3.3.10) and

(3.3.11) are expressed in the form of large matrix-vector products:

7= Hx (3.1.1)

z=H"'x (3.4.2)

which can be carried out by an optical matrix-vector multiplier.

3.4.1 Algorithm

In principle, for N = r,r, with mutually prirﬁe factors r,and r,, the algorithm

first shuffles and partitions the N-point data sequence into r, sub-sequences
cach with a length of r, while transforming the N-point reference sequence
into r, matrices each with a scale of r7. The convolution/correlation of
Eqgs.(3.3.10) and (3.3.11) are then converted into a group of vector-matrix

multiplications and vector additions.

Basced on the index mapping described in last section, the one-dimensional
arraysof ,/=,, h,,and xn,, where1=0.1.---. N -1, can be indexed by the new

index pair (¢,.:,) governed by Eq.(3.3.5) and conceptually mapped onto the
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convolution/correlation

respective  two-dimensional arrays. Then the
Eqs.(3.3.10) and (3.3.11) become
ry-lbra-d
. — N .
./1].1;,_ E__ O h(zl—kl)modrl_(x -k:f)modr?'\kl.k;,
A =0Ah,=0
(3.4.3)
Nh ok

and
1

Sv h(kl-t,)modrl.(k?—t?)modr?

6]
(3.9.1)

which represent two-dimensional cyclic convolution and correlation4, where the

first dimension is of a length r, and the sccond dimension of a length r,.

By combining Eq.(3.4.3) with relation (3.3.5), the convolution equation can

now be written as
rl—l
\- , . .
ya h(ll-kl)modrlxkl , (\3.*].\))

/(llslﬂz:,?)mod,\'
Ay=0

4 In the following discussions, only convolution is described in detail. The deriva-

tion for correlation is similar.



where

h/=(h(,r|-12;2)mod\ h

J=(, -k, )modr,

and

(/tl'(xpr l)x,)modh

\kl=('\A(A|s,)mod/\ '\-(klsps?)modf\'

When the -/, 1s represented by

/.= (:/(ls‘)mod.\'

where 1=0.1.---,r,~ 1, the convolution can be regarded as

rl-l

v, = Z H

~
<

where

h(xs )mod A

h

(t5.+5.)mod A

H, =

h(us ~(IA-l)s_)mod'\

/(4s,~s?)mod N

X

(1—/)modrl ]

h(xs 's:)modh

Niis. ymod a

s o5 (- 23y moan

50

h(ls,'(t; V;“I)t,)mod‘\')

(3.4.6)

. 7
'\(kls,‘(r?-l)sP)mod.\') .

(3.-4.7)

:/((sl~(r;,—l)s?)mod \'). N

(3.4.8)
(3.4.9)

h(ls “s.(r -1))meaw

h(‘s -s.(r -2))modr

h(ns.)monr\

(3.4.10)

With the help of Eq.(3.3.9), the above matrix can also be written as



h(ns Ymod N h(u -(r;‘l)s,-)mod'\

h(u cs-)medA ,l(u )mod A

hm “(r--1)s.)Imod A hm

“(r.-2)s-)mod
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h(n -s;)mcd'\

h(n <28 )mod

,l(l‘ ymod A\

(3.4.11)

Thus, a sct of standard vector-matrix multiplications is in order. Following

exactly the same way, the correlation operation defined in Eq.(3.3.11) can be

cxpressed as

[‘( = o rl(/—:)modf\"\/
=0
where
,’(:L)modh h(u ~L:)moo'\
; h. “(r - 1)e )mod A ,l(n‘,)modh
H, =

h(u ~c;)modN

h(u <28, )mod A

(3.1.12)

h(:s c(r--1)s )modA

h(nL-(r:-Q)s:)mcdh

h(u.)mod\

(3.4.13)

Suitable prime numbers 7, and r, can be selected to make the length of each

sub-sequence compatible with both the time-bandwidth product of the availablc

Bragg cell devices and the scale of the matrix (3.4.11) or (3.4.13) for 2-D spatial

light modulators.

People may wonder that, in order to represent a 1-D convolution by

vector-matrix multiplication, the standard cyclic convolution can be directly

written in the following format



7, h, he hy ., h, AUN
v - h h, h, hy \,
Y by hy, hyy hg Vo

(3.4.1:1)

This cquation may be further converted into a group of vector-matrix multi-
plications by separating the input and output scquences to a group of shorter
vectors in natural order. Although this seems more direct than the above derived
algorithm, it contains r ydifferent matrices. However, with the algorithm, therc
arc only r , different sub-matrices needed to represent the reference scquences.
Therefore a less memory rcquirement than that of using the partition in a
natural order is resulted. Since a parallei optical matrix-vector multiplier treats
cach matrix-vector multiplication as one calculation and performs it on-the-fly,
the total number of calculations here is in the order of ri which is much less
than N7, Also, it is noted that the convolution and correlation operations can
sharc one optical sctup because H', is simply the transpose of H,. The flow
chart of the basic convolution/correlation algorithm via partitioning and
matrix-vector opcration is shown in Fig.3.4.1. And a detail description of the

aigorithm for /, = 3is depicted in Fig.3.4.2.

3.4.2 Computer Simulation

To demonstrate the above described algorithm, a 70-point data sequence x

and a 20-point reference scquence h as shown in Fig.3.4.3 (a) and (b) are chosen
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for convolution/correlation simulation. Using Eqs.(3.4.7) and (3.4.11)/(3.4.13),
the sub-sequences of input data sequence xand sub-matrices H,/ H', of reference
scquences are obtained by an installed data shuffle program in an AT&T 3B2
computer. _Using these decomposed vectors and matrices in a system depicted
in Fig.3.4.1, the computer simulation results for convolution and corre¢lation
arc depicted in Fig.3.4.3 (¢) and (d). Here, it should be noted that in order for
the data to be in the form: N =r,r, wherec r,and r,are prime numbers, seven
0's arc added to data sequence to make it to the length of 77 points, i.e. 7 times
11. The computer simulation resultsare exactly the same as the results obtainable

from the conventional convolution or correlation definitions.

3.4.3 Opto-electronic Convolver/Correlator Architecture

As shown above, the convolution/correlation of long data streams can be
converted using the new algorithm into a parallel set of vector-matrix multi-
plications and vector additions. To optically implement this algorithm, the
restrictions associated with analog optical vector-matrix multiplication, i.e. its
numeric accuracy is commonly limited to 8 bits {3:11], should be considered. This
restriction can be used to determine the size of the sub-matrices to be partitioned.
To accomplish high precision optical matrix multiplication, other practical
problems including optical number encoding schemes should also be considered.

Since only positive numbers can be directly expressed in an optical system,



conventional optical vector-matrix multipliers use the so called offsct data

representation, which represents a negative number by
=+ Uy (3.4.105)

where «,, . is an appropriate of fset value which makes « “ positive 312 This
number representation causes problem for data correction in the case of multiple
results. To bypass this problem, a data representation which only employs
positive numbers or zero is used herc. With this representation, a vector N is

represcented as
N=\N" -\~ (3.-4.16)
where v "and v are its positive and negative parts, respectively, whose elements

arc cither positive or zero. For example, vector (1.-1.2.-2.0.-3.4) can be

cxpressed by
(1,0,2,0,0,0,4)-(0,1,0,2,0,3,0)
where

"=(1,0,2,0,0,0,-H)

7/
I

and

\"=(0,1,0,2,0,3,0)
Apparently, there are no negative numbers in the resulted vectors. Similarly,
the matrix H is also represented by a subtraction of its negative part from its

positive part as

H=H -H~ . (3.4.17)
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Based on this data representation and the rule of multiplication, §4-+ - pair and
H ~ pair give the positive part of Hxwhile H'x pairand H X give its negative
part. A simple clectronic subtraction of its negative from its positive part at

the end will gencrate a correct result for 7 = Hx.

Now, bascd on the algorithm described in last section, a new opto-electronic
convolver-correlator architecture is proposed, (see in Fig.3.4.4). Before the input
data sequence enters the convolver-correlator, it is first shuffled in parallel
using cquation (3.4.7) with either an optical or an electronic routing processor
and partitioned into r, shorter sub-sequences. Then, all these sub-sequences arc
separated into their positive ana negative parts. This separation can also be
performed in parallel. The thus preprocessed data are ready for matrix-vector
processing in the system to bec described. As the light source, the light beam
generated from a pulsed laser is shaped by a spherical/cylindrical lens
combination to a narrow beam bar. This light bar illuminates the apertures of
both Bragg cell devices A and B, which are driven by RF signals carrying the
positive and negative parts of input data sequence, respectively. The diffracted
beams are then cxpanded using a group of spherical and cylindrical lenses in
the direction perpendicular to the apertures. A light intensity pattern of Fig.3.4.5
is obtained at 2-D SLMs A and B, which carries reference data in the form of
matrices specified by equation (3.4.10) or (3.4.12). At the other sides of the
SLMs, a second spherical and cylindrical lens combination pairs collect the
radiation from SLMs and direct them to the CCD detector arrays a to d. As

an example, consider the branch a which performs the multiplication of H' x
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pairs. With the arrangement in Fig.3.4.4, the CCD array a is located at the
center of a special planc, which is the image plane of SLM in vertical direction
and Fourier transform plane in horizontal direction. The detected light intensity
at cach detector of the CCD array cquals the summation of light intensity at
an appropriatec row of the SLM, which derives a pixel result of a vector-matrix
multiplication. This is truc because the location of the CCD array corresponds
to a dc spatial frequency in horizontal direction. The combination of CCD
arrays a to d will gencrate the correct vector-matrix multiplication. A
reshuffling process of equation (3.4.8) will provide the final convolution or
correlation result. The differcnce between the convolution and the correlation
opcrations is simply the different feeding direction of shuffled reference

sub-scquences as noted in equations (3.4.11) and (3.4.13).

3.5 Conversion of 1-D Convolution/Correlation to 2-D Convolution/Correlation

Utilizing the inherent parallel property of optical processing, the above algorithm
can be used to optically perform convolution/correlation of long data stream at
ultra-fast specd. However, the method relies on the use of a large number of

optical vector-matrix multipliers which may not be practical in the near-future.

To overcome these problems while still enjoying parallel processing advantages
that optics can offer, another algorithm which is efficient opto-electronically is
presented in this section. The concept of this scheme was initially suggested by

Stoner 139, The algorithm first shuffles and transforms the original long data



scquences into 2-D data arrays. Then, with the aid of a 2-D Fourier transform,
it generates the convolution result in a 2-D shuffled format. The algorithm is
cspecially suitable for optical realization. Since the data permutations are based
on the Chinese remainder theorem, the only other condition to validate the scheme
is that the data point number should be separable into two mutually prime numbers.
With these conditions being satisfied, the data shuffles could easily be realized by
cither appropriate opto-electronic scanning schemes or an optical geometrical
transform. With its inherently ultra-high speed and parallel processing advantages,
it i1s possible for an optical system equipped with the discussed algorithm to handle

large scale data processing problems in real time.

Using the index mapping in Section 3.3, the 1-D cyclic convolution of Eq.(3.3.10)
may also be expressed by a 2-D cyclic convolution in the form of
ro-=lr,-

|
J( )= ) Y R =k, i =k )N (K, k)

k=0 Kk =0

(3.5.1)

where the indices of h are understood to be taken modulo r, and r, operations,
respectively. Various algorithms have been developed based on this equation for
the implementations in electronic computers [3:1]13:2),[3.41,(3.5,(3.10]  Also, this form

of convolution expression is especially suitable to optical realizations.



58

3.5.1 Algorithm

Based on the propertics of Fourier transform, it is known that the Fourier
transform Y (k)of the convolution result v(;)defined by EqQ.(3.3.10) i1s obtained
as

Y (K)= N(KYH (k) (3.5.2)
A=0.1.....N -1

where V(k), H(k)and Y (k) are the Fouricr transforms of the input v(t) the

reference h(1)and the convolution result y (1) respectively, i.c.

- .\X:’l ‘ _/;’l'.l\lk o

N(Rk)Y= > v()e (3.5.3)
1=Q
N-1 _//mk

H(k)= ) h(iye © (3.5.4)
=0
N-1 _/2nvu

Y(Kk)= ) y(De : (3.5.5)
t=0

To start the derivation of the parallel and distributed convolution algorithm,
first, the condition on N, i.c. N =r,r, where r, and r, are the two relatively
prime numbers, isstill observed. For those N's which do not satisfy this condition
initially, zeros can be padded to cither of their ends. Now, based on Theorem

3.3.1, a one-to-one mapping: O (¢,.1;)is defined, where t,and ¢,. Asan example,



consider N =90 where r, = 10and r,=9. From the index mapping described in
Scction 3.3, the original 1-D data in a rnatural sequence of

(0.1.2.3.4.5.6.7.8..... 85.86.87.88.89)

is mapped to the following 2-D index array

0O 81 72 63 G4 4b 36 27 18 9
10 1 82 73 64 5L 46 37 28 19
20 11 2 83 74 6L 56 47 38 29
30 21 12 3 8%+ 76 66 S/ 48 39
40 31 22 13 4 8L 76 67 58 49
50 41 32 23 14 L 86 77 68 59
60 51 42 33 24 1L 6 8/ 78 69
70 61 G2 43 31 26 16 7 88 79
80 71 62 L3 41 3L 26 17 8 89

by the congrucnt relation t=81¢,+ 101, mod 90 .

More generally, Fig.3.5.1 (a) and (b) show the 2-D patterns resulted by the
shuffling process of Eq.(3.3.5) fc;r (r,.r;)as (6,5) and (7,5), respectively. In
cach of the cases, it is observable that data sequence progresses sequentially
along both horizontal and vertical coordinates until they hit the last row or
column of the matrix and then hop to first row or column. For the case of
Fig.3.5.1 (a) or r,=r,+ 1, the matrix is in a format similar to a tilted non-
interlaced scanning pattern. On the other hand, a one-line interlaced pattern

is apparent in Fig.3.5.1 (b)orr,=r,+2,

Based on this 1-D to 2-D transformation, the Fourier transforms of

Eqs.(3.5.3)-(3.5.5) can be rewritten under the new index system, i.c.
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R ~f (1.0
Lpoa et ~ -
bl (3.5.6)

VS G )e

N(hk k)= >0 >
=0 14=0
r]illl;l - ‘//A],LX11J7) ; o
H(k, ko)=Y Y (i iy)e ‘ (3.5.7)
=0 1,=0
ri:lfyjf ‘ _//Ark?(u.l7) ) }
Yk ok = N i ig)e (3.5.8)

t1=01,=0

where
2N(s i, *+Szi2)(s k) +s.k2)

/A].A,(l‘l'(?)= \

Expanding /. .. (1:.12),

21 _
fa, (i) = —\,—(sfl,kl + S0t k,+5,5,(0, k,+1.k,))
i1s obtained. The above equation, after using Eqs.(3.3.8) and (3.3.9), can be

further simplificd to
21s i ik, 21ns,n,t,k
. 22?2 ?+2nn,n2(l,k9*13kl)

foa (i) == o
(3.5.9)
With the relations of
K", =s,1n,k, modr (3.5.10)
and
(3.0.11)

K, =s.n,k, modr,

a substitution of Eq.(3.5.9) into Eqgs.(3.5.6)-(3.5.8) leads to
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(3.5.13)

14

bl _/,M(‘xl‘ “.,“..)
V(KT k= YN yGap)e N

I3

—

1‘-0 1?-()

(3.5.14)
In order to prove the above V(k",.k7,), Y(k",.k";)and H(k",.k ,)contains all

points of the requircd Discrete Fourier Transform (DFT), it is shown that

First of all, Eq.(3.3.8) is rewritten in the following format

_ I ] ry e s
ne,=—r,+— (3.0.19)
I r

From this, it is said that n, is not divisible by integer r, since, otherwise, no
integer m, can be obtained when r,>1 Now, the right side of Eq.(3.3.8) is

substituted into Eq.(3.5.10) and

K™ =nk, modr, (3.5.16)
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is resulted. Assumec that two different values of &, (x! and 47 ) deliver same

value of A", . It mayv thereforc be obtained that
~1 < = .2 _ .

nk,-Lr,=nki=-1,r,

where !/, and {, are the quotients of A, and A{. It may also be expressed as
12y = _ e -

no(ki=k2)y=(l,-1.)r, (3.5.17)

Since 1, is not divisible by r,, the only way to let Eq.(3.5.17) correct is to set
. S . SN

AN -k, =qr, (3.5.18)
Becausc ki« (O.1.....r,-1)and A€ (0. 1.....7,- 1), the only correct solution to
Eq.(3.5.18) is ¢ = 0. This shows that A", ¢(0.1.....r,-1). A similar derivation
proves that A, ¢ (0. 1..... r>=1). Therefore, it 15 concluded that the Y (k.4 7,)
. Y (KT k7)) and Mk k7)) in EQs.(3.5.12)-(3.5.14) contains all points of the
required DFT, which are in the form of 2-D discrete Fourier transforms of the
size ryxr, Although the obtained matrices are in a scrambled form known as
Ruritanian format, their elements located at the same coordinates correspond

to cach other in a way idcntical to their original 1-D form. Thus, Eq.(3.5.2)

can now bc expressed in a form of multiplication of two images as
Y (R A7) =H(Kk VK )N(K L K7, (3.5.19)

which gives the Fourier transform of the convolution result but in a permuted
2-D format. To obtain the convolution result, an inverse Fourier transform
should be carried out on the above obtained matrix Y (k",.k",). Because of
Eq.(3.5.14), this inverse Fourier transform will give the required convolution

result in the original 2D data arrangement.
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From the above derivations, an N-point 1-D data convolution of EqQ.(3.3.10)
can be performcd through the following procedures:
(a) convert both data and reference sequences into 2-D matrices of the

scale r, xr, based on the congruent relationship of Eq.(3.3.5),

(b) carry out Fourier transforms on the above 2-D matrices;

(c) obtain the product of the Fourier transform matrices;

(d) perform the inverse Fourier transform on the resulted matrix; and
finally

(c) convert the above matrix back to a 1-D sequence by the congruent

relationship of Eq.(3.3.5) to obtain the final convolution result.
Although a conventional c¢lectronic computer may c¢xecute, step-by-step, the
above procedures, its inherent scquential processing nature can only promise
the required 2-D Fourier transforms and matrix multiplications at relatively
low speeds, which obviously inhibits applications where processing speed is
very important. The use of very large scale integrated circuit chips can enhance
the performance. However, the number of r,+r, individual FFT processors
have to be employed. Optical processing, on the other hand, with its parallel
processing characteristics, promises a speed-up by generating results concur-

rently in a 2-D paraliel fashion.

3.5.2 Opto-electronic Convolver/Correlator

To perform the above operations, a coherent opto-electronic system based

on the utilization of both massive optical interconnects and free-space optical
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Fourier transformation is proposed (see Fig.3.5.2). Before the 1-D data and
reference sequences are sent into the Fourier processor, they are first shuffled
and converted to their corresponding 2-D patterns based on Eq.(3.3.5) by onc
of the schemes, which will be described in detail in Section 3.5.3. In this section.
mcthods of processing the obtained permutation patterns arc considered. Two
mask like patterns shown in Fig.3.5.3 suitable for optical processing are obtained
from the optical permutation devices and are loaded into spatial light modulators
(SLM) B1 and B2, respectively. They carry the shuffled results where each
data point is represented by a rectangular pixel. On the other side, the spatially
filtcred and cxpanded laser becam is split into two branches with equal intensity.
They illuminate respectively the above spatial light modulators Bl and B2.
Therefore, the 2-D patterns of the shuffled data and reference sequences
intensity-wise modulate the output beams, which are then optically Fourier

transformed.
3.5.2.1 Optical Fourier Transform

Mathematically, the mask pattern of data or reference sequence is described

by

ne0

f(x.y)= rﬁilr%;s(ll.m)recl('\._(n;,—?—I)d)rocr(y—(N1_:;?:)C)

(3.5.20)
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wherc, parameters a, b, c and ¢ are the pixel widths and their intervals (sec
Fig.3.5.3), s(n.m) (n=0.1..... r,-1.m=0.1,....r,-1) represents the
shuffled data or reference sequence in the form of matrix, rect()is a standard
gate function defined as rect(v)=1 when —'5 <y < ";and rect(v)=0othecrwisc.
For a coherent 4f optical system with a focal length fand optical wavelength
A, it can be shown as follows that the obtained optical pattern at the back
focal plane of the corresponding transformation lens L; or L, is in the form

of

F ) bolé,((r‘-nud~<r,-l)vr> " (nub)su (nvu)
C(n.v) =a sinc| — 0
N7 \ N7

ry= -l on

. 5 —/A—,(unovm)
2 2 s(n.m)e
ned m=0

(3.5.21)

For a coherent optical system with a focal length of 7 and optical
wavelength of A, the obtained optical pattern at Fourier plane (sce Section

3.1) is proportional to the Fourier transform of input pattern, i.c.

-0 +0C

. -/?;(u.\‘~vy>
F(pu,v)= :lf f(x,7)e dxdy

(3.5.22)
By substituting the mathematical expression of input mask pattern Eq.(3.5.20)

into the above equation,
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dxdy

(3.5.23)
is obtained. Applying the thecorem that the linear transform of summation

cquals the summation of the linear transform,

rys eyt

FQuov)y= 3 2% s(n.m)
n=0

me=0

j./u('\._(”-%)d)u(y—(m—%-l)r)o li;(u‘.v”d.\'dy
Yo la b

(3.5.24)
is resulted. After letting new variables

~ Tpd
L= 3.9.25
t N7 ( )
~ I'>Vvce 3.5 o
V= 3.0.26

Y, ( )

Eq.(3.5.21) becomes
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Now, the 2-D summation term of the above equation is the desircd 2-D
discrete Fouricr transform of s(n.m)when nand vare sclected to be integers
in the range of 0 tor,-land r,- 1. The first constant term can be ignored.
The second term may also be discarded since the linear phase shift will not
affect the final results except for a position shift after the inverse Fourier
transform is performed. Unfortunately, the third term must be considered
seriously for the recason that it will distort the resulted Fourier transform
by attenuating it as 1 and/or v increase. Also, the error of convolution-
/correlation will be small when all useful data points are located inside the
main lobe of the sinc function. To ascertain this condition, it is necessary

to sct

rod
r,-1
On the other hand, the size of cach data point will spread to double the size

of its original one after convolution or correlation. This phenomenon may
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cause crosstalks between the neighbor points on the output planc. To prevent

it. the size of cach data point is restricted to

I r,c .,
(<= . (3.5.28)
27‘2“1
1 r,d .
b <—=—— (3.5.29)
2,‘1-]

When these conditions arc satisfied, theoretically, there will be no crosstalks
between neighbor points. Unfortunately, any practical system suffers from
the problems of blurring and defocusing. But with the above restriction, at
least, the crosstalk may be limited to an acceptable level. For these reasons,
it scems that « and b should be selected as small as possible. However, the
fact that smaller values of « and b will correspond to lower optical power
cfficiency must also be considered since the display resolution of any SLM
is limited. A tradeoff among the optical power efficiency, the data density
around the origin of sinc function at Fourier plane and the level of crosstalk

is thus necessary to obtain optimal ratios of b/d and u/c

To solve the above described envelope distortion problem, an alternative
method is to introduce a compensator placed at the Fourier plane with its

optical transmittance as

Cr

. (nub) . (nva)
sinc IV, sinc V;

T(u,v)= (3.5.30)
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With correct sclections of parameters . & c and ¢, the required output pattern
will remain insidc the main lobe of the sinc function. Thercfore, the worries
of appearance of zeros in the denominator of Eq.(3.5.30) become unnecessary.
A compensator can be simply realized by a fixed transparency with optical
transmittance determined by Eq.(3.5.30). However, it may lower the ¢ntire
optical intensity of the obtained image and may lcad to slower response timce

of the photo-refractive crystal for multiplication.

3.5.2.2 Optical Multiplier

After the 2-D Fouricr transform of data and reference sequences arce
obtained and compensated, they arc subject to an optical multiplication.
Such an optical multiplication can be performed in various ways. In the
scheme of Fig.3.5.4, a four wave mixing in a nonlinear crystal is used. The
beams Agaia and Apgference Carrying the Fourier transforms of data and
reference patterns interfere inside the photo-refractive crystal. The
interference pattern thus obtained excites the charge carriers of the crystal
causing them to redistribute through diffusion and drifting. This charge
redistribution results in electric field variation in the crystal, which mod-
ulates through the electro-optic effect to produce a refractive index grating.
When the readout bcam A4 interacts with the obtained grating, the output
beam Agpye Carries the required multiplication result represented by its
complex amplitude proportional t0 AguiaA eference® read- From a further

analysis of the principle of the grating formation [3:13] jt is noted that the
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resulted index modulation Ay docs not depend on the absolute intensity of
the interfercnce pattern. The effect of input optical ficld is only to
redistribute the charge carriers based on the formed interference pattern.
The maximum space charge ficld and Anare limited by the total available
charges inside the photo-refractive crystal. A higher optical intensity,
however, corresponds to a faster speed to rcach the steady state of index
grating or to a shorter grating buildup time t,,4.,. This grating build-up
time is crucial to the speed of the convolution processor because a new frame
of input data can be supplicd to the SLM input only when the grating inside
the crystal rcaches its stcady state and the corresponding information has
becn rcad by the rcadout bcam. An upper bound of processing speed based
on the grating buildup time for an input device resolution of A" x Af is thus
dctermined by N x M /1,4, . The steady state diffraction efficiency which
is important for the total efficiency of the optical system is determined by
the index modulation An (314 In order to obtain a high efficiency, a large
An is desired which can be obtained either by using crystals with high

electro-optic cocfficients or by applying an external DC electric field.

The above multiplication is then subject to an optical inverse Fourier
transform which gencrates a 2-D pattern related to the convolution result
by the congrucnt relation after it is sampled by a sampling grid of Fig.3.5.5.
For the final 1-D convolution result, the resulted 2-D pattern is either
gecometrically inversely transformed, imaged and read on a 2-D charge

coupled device (CCD) array in a conventional way, or directly imaged on a
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2-D CCD array and then recorded in the reverse sequence by the congruent
relation. The convolution result in the 1-D form is thus obtained. Notice
that the existence of a linear phase term associated with the desired Fouricr
transform at Fourier planc will causc shift of the output pattern corre-
sponding to convolution result. To correctly locate the detector array, a
displacement of (A -1)d in horizontal direction and (Af-1)c in vertical
direction from the optical axis of the setup should be observed. Another
important issuc to be considered is that the detector’'s dynamic range will
determine the levels of intensity of the readout beam A4 of photo-
refractive crystal. For a maximum allowable intensity I, by the detector

without saturation, thc intensity of A4 should not be larger than

Imn\ /”nyuulnoul/ml .

By recognizing the fact that the reference sequence is generally known
beforchand such as in the cases of radar and sonar, a simplified system
architecturc is obtained. Shown in Fig.3.5.6, this simplified system will not
use nonlinear crystal, which may causc lower processing speed in practical
implementations. The reference sequence is first shuffled to form its
corresponding 2-D pattern and then Fourier transformed to obtain the desired
2-D filtering mask described by Eq.(3.5.13). The pre-computed mask may

cither be represented using a SLM or be recorded as a fixed transparency.
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3.5.3 Data Permutation Schemes

A scrious challenge still remains, i.c. whether or not an cfficient data
permutation scheme can be obtained to support the 1-D to 2-D data conversion,
An analysis of the permutation pattern from the congruent relation of Eq.(3.3.5)
for two setsof r,and r,in Fig.3.5.1 reveals that some available techniques can
be tailored to perform the data permutation from the original 1-D sequence to
its 2-D matrix. The following is a bricf description of two of the possible and

cfficient free-space opto-electronic shuffle schemes.

3.5.3.1 Special Purpose Cathode Ray Tube Scanning Scheme

In a conventional cathode ray tube (CRT) display, regardless of interlaced
or non-interlaced model , images are formed in a raster scan fashion. The
scanning voltages which control the beam deflections in X and Y directions
arc shown in Fig.3.5.7(a). A closer view of the patterns in Fig.3.5.1 and
Fig.3.5.7(a) reveals their relation and the possibility of realizing the required
1-D to 2-D data conversion by using the scanning scheme on a conventional
CRT with a modified voltage control system. To achieve this goal, the above
scanning voltage relationship has to be changed to the one depicted in
Fig.3.5.7(b), which should not be difficult to obtain by a specifically designed
X-and Y- wavcform generator shown in Fig.3.5.8. The conversion of 1-D
into 2-D data array can thus be performed. For the convolution, the image

on the screen of this modified CRT display is then coupled onto an optically
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addressed SLM under a coherent illumination (laser beam) for further
processing. The maximum data length of convolution by this scheme is

mainly limited by the lowest resolution of CRT display and SLM employed

in the system.

To ensure the system to work properly, the following relation between
the CRT scanning rate, the resolution of the employed optical system and
the data ratec must be observed:

. fma\'l'/ .
[- =12/ 3.5.31
. . (3.5.31)

where 1, is the clectron beam's scanning rate in lines per sccond, #/, is the
resolution of the optical system, 1, is the frame rate of CRT display and
f max 1S the maximum number of data points per frame. In addition, the
fly-back time must be kept much less than the interval between the two
consecutive data points. For example, the scanning rate I ,with a resolution
of 1024 lines is approximately 977 Hz to handle | million point data. This

rate should be standardized in cases of using commercial available devices.
3.5.3.2 Optical Geometrical Transform Based Scheme

In addition to the above direct scanning scheme, an opto-electronic
interconnect scheme that uses an optical geometric transform in conjunction
with a conventional CRT can also serve the purposc. This scheme as shown

in Fig.3.5.9 (a) is built by using a conventional non-interlaced or interlaced
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CRT display combined with an optically addressed SLM with an optical
gcometrical transform sctup. This system is especially suitable for N =r 7,
where r,=r,+ L. For the rcalization by a conventional I-linc-interfaced
display, the input signal is first buffered and converted to a standard video

signal by the system of Fig.3.5.10. However, a —sccond time delay will occur

60
for NTSC standard vidco displaying system. In order to overcome this
drawback, a non-interlaced video display can be used to obtain the required

pattern without using the above buffering system.

Suggested by Lohmann et al [318) an optical system shown in Fig.3.5.9
(b) which i1s the content of the dashed box in Fig.3.5.9 (a) carries a gcometrical
transform of an image from a rectangular to a parallclogram shape. It was
proven that coordinates (v,.y,)at the input plane will be mapped to coor-
dinates (x,.7,) at the output plance by the following coordinate transfor-
mation

AN N, 4+ a(y,)

(3.5.32)
Yo s, *+ by, +a(y,))

]

where () and b()dctermine the phase shifts generated by phase filters PSI
and PS2. Inorder torealize the required geometrical transform, the following

conditions on u() and b() must be observed
a(=)=0 b(z)=-s= (3.5.33)
where sisa constant with s > 1 which is determined by the difference between

integers v, and r,. As an example, let’s consider the selection of constant



swhen -, - 1. Consider the gcometry of Fig.3.5.9 (¢). where /, and ¢/, arc
the width and height of optical pattern before the geometrical transfor-
mation. It can be shown that the rclation between the shape of pattern and

the related phase shift Ois

= -1D)=1, (3.5.34)
r;g_]
or
L. fr,-1 L
s=tan0= —| —— . (3.5.30)
[h ,‘;)_l

Thereforc, the phasc shift inserted by PS2 can be calculated as
NS || . L.
@(.\',])"’TS.{"] (3.5.36)

The above method of determining constant scan also be used when selecting
other combinations of r,and r,. Because of Eq.(3.5.33), the first phase filter
PSI in Fig.3.5.9 (b) will not be used herc. Phase filter PS2 can be realized
by a variety of techniques, e.g. a specially designed prism or a computer

generated hologram.

After the conversion, a Hughes liquid crystal light valve (LCLV)
illuminated by the uniform laser beam is used to create the cohcrent copy
of the converted pattern such as the one shown in Fig.3.5.11(a), where the
part in the dashed box is necessary for Fourier transform. Theoretically,

this scheme is not restricted to r,=r,+ L But for a pair of r, and r, with
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difference other than unity, the optical system will become more complicated
and lower power efficient. An cxample for ry=r,+ 2 is also depicted in
Fig.3.5.11(b), in which threc copics of the geometrically transformed data
image are needed to obtain the required permutation result. Similar to the
above CRT scheme, the length of sequence which can be converted by this

scheme depends on the resolution of the employed CRT.

3.5.3.3 Digital Image Processor Based Scheme

The commercial availability of high quatlity real-time pipclined image
processor generates another possibility to perform the required data con-
version in real-time. A system controldiagram ol Fig.3.5.12 isused. Buffering
system of Fig.3.5.10 is nccessary to convert the input data sequence to the
standard TV format for some of the image processing units, which only
adopts the interlaced signals. After this necessary conversion, two identical
parallel systems process the transformation, that is, at one cycle, while data
is being written from A/D converter to the FRAME A and the contents of
FRAME B is becing D/A converted to the conventional display, the pixels
in FRAME C are read horizontally and written to the correct locations in
FRAME D by a control program based on the congruent relationship. At
the next cycle, the roles of FRAME A, FRAME B and FRAME C, FRAME
D are interchanged to ensurc a constant data flow. This requires a frame
memory system which can storc four frames of images each of which can

be accessed independently. However, some changes in hardware may simplify
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the system to only two frame memories as shown in Fig.3.5.13. The data is
now being scquentially written to FRAME A by thc congruent rclation,
while the contents of FRAME B is being read and D/A converted for the
display purposc . At the next cycle, FRAME B accepts data from A/D
converter while FRAME A outputs the converted pattern. This pipelined
processing scheme with a fast clock speed may generate a real-time conversion
of 1-D data or reference sequence into its corresponding 2-D array. The
output image, which in fact is the resulted 2-D data array, is then displaved
on a conventional TV or HDTV before coupled onto a resolution-wisc

compatible optically addressed SLM.

3.5.4 Discussions

3.5.4.1 About Cyclic Correlation

In addition to the cyclic convolution discussed above, cyclic correlation
of the two very long data sequences {x,}and {h,)defined by Eq.(3.3.11) can
also be performed by thc proposed scheme. A comparison of {A,)s for
convolution and correlation shows that the 2-D array corresponding to the
reference sequence of the correlation is a transpose of that of the convolution.
Thus the above correlation can be carried out with only a minor change,
i.c. the direction of data feeding. In this case, either one of the 2-D patterns

needs to be mirror-reflected.
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3.5.4.2 About Signal Detection

When the designed corrclator is uscd to detect and locate the desired
signal as in the casc of pattern recognition, variations to the optical correlator
unit may improve the system performance. As can be seen that with the
reference pattern fed into the correlator by the above described schemes the
correlator itself is in fact in the form of the so called matched filter.
Although it gives the highest possible signal-to-noisec ratio when detecting
a known signal corrupted by additive whitc noise, the correlation peak of
this traditional form of corrclator is not sufficiently sharp for a signal
allocation. Scveral methods have been designed to solve the problem. Among
them arc a phasc-only matched filter, a binary phase-only matched filter.
a two-bit correlator and a joint transform correlator [3.7](3.16)-[3.21] Although
these schemes were designed for image processing, they can be directly used

to process shuffled pattern of the long stream 1-D signal.

As an example, a phase-only matched filter scheme is described briefly.
The filter used in the system of Fig.3.5.6, which is similar to a VanderLugt

correlator, is the 2-D Fourier transform of the shuffled reference pattern
Flu,v)y= A(u,v)exp(j2né(u,1’)) (3.5.37)
the phase-only filter is defined to be

Folu,t)y=exp(j2né(u,v)) (5.5.38)
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obtainable by setting 4(u.:) equal to unity. A deformable mirror device
SLM can be used (317 o practically realize this phasc-only filter. Detail

discussion on phase-only filters can be found from Reference 13-16],

Another scheme mostly used in pattern rccognition applications is an
optical joint transform correlator (JTC) which principle diagram was shown

in Section 2.3.2.

3.5.4.3 About Linear Convolution or Correlation

Although all the abovc discussions were made based on the cvclic
convolution and corrclation, lincar convolution or correlation can also be
carried out. Sufficient numbers of zeros have to be added to the original
sequences before processing. Details of this zero-padding has already been

fully discussed. Readers may refer to the book written by Oppenheim [3-22],

3.5.4.4 About Raster Scan Scheme

To convert data from 1-D to its 2-D form, raster scanning scheme is in
common in both above mentioned permutation schemes as a final displaying
technique. Because the time necded to establish onc frame of image on the
CRT display is much less than the grating buildup time in most available
photo-refractive crystals, the processing speed of the entire system will be

limited by T,,uq.,, However, when the simplified system of Fig.3.5.6 is used.
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the scanning speed of CRT display becomes the limiting factor. One other
issue, which is usually ignored and which is important when a scanning
CRT or SLM is used as input device in an optical processing system, is the
uniformity of the instantancous 2D pattern. To visualize a frame of imagc
on a CRT screen or a SLM generated by raster scan is not a problem becausc
of the vision persistence of human cyes. However, this is not the case in
optical system. Becausc of the fast transition time and finite life-time of
flying spot on the screen at a given instant, only a slice of pattern is well
iltluminated (sec example in Fig.3.5.14). Even with the thin-film transistor
technique (TFT), which is used in liquid crystal TV (LCTV) to extend the
addressing voltage and thus prevent the loss of contrast caused by the voltage
relaxation cffect 1323 the instant image on the screen is still not uniform
when all pixels are applied with the same voltage. A direct usage of this
image to perform a convolution will obviously cause errors. Thereforc,
schemes which can strobe a image on the screen for the time of one frame
1S necessary in order to gencrate a uniform frame of image. For the case
of using a LCTV with TFT, a compensator similar to what is discussed in
Secticn 3.5.2.1 but with transmittance only varying in one dimension may

also be used.

3.5.4.5 About Dynamic Range

To find the dynamic range of the proposed system, the electronic dvnamic

range of the input devices needs first to be considered as it obviously limits
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the acceptable range of input signals. For example, when a conventional
CRT display is selected as the input device in the second scheme, its input

dynamic range will sct an upper bound to the system dynamic rangc.

The dynamic range of the detector also needs to be considered, especially
in the case when objects in a signal scquence have large difference in
intensity. When corrclation is performed, a strong signal will give risec to a
strong corrclation peak, whilec a weak signal will deliver a weak pcak. Because
of the limitation of dynamic range, the weak signal mav not be detected
when the system is tuned to detect a strong signal. On the other hand, the
system may be saturated at strong signal when it i1s tuned to detect a weak
signal. Although the newly suggested intensity-invariant JTC mayv improve
the correlation efficiency by using diffcrently polarized coherent beams to
illuminate signal and reference images, it can not completely solve the above
mentioned problem. When there are several targets with different intensity
levels in the input image, the intensity-invariant JTC is able to cancel the
pedestal term, but the interference pattern referring to each target is stitl
proportional to the target’s original intensity, which means that the problems
of saturation of strong signals or loss of weak signals still remains. However,
in many applications, the system dynamic range may not be required to be
extremely large because of the following two reasons. First, no matter how
good the quality of receiver is, the signal to be processed is contaminated
by noise and is described by a finite signal-to-noisc ratio. When the signal

is weakened to a certain extent, the final correlation peak will be buried in
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noise and can not be picked up. Second, a threshold is usually set before
hand to determine the appearance of certain target at the output. Any
correlation peak which is less than the presct threshold is considered as
noisc. Therefore the actual dynamic range required for the CCD dectector
is to cover the difference between an upper bound which is the correlation
peak of the strongest signal and a lower bound which is the preset threshold
or the noise level. Because of the linearity of convolution and correlation
operations, the requircd dynamic range of the CCD detector should be kept
at the ratio dividing the strongest signal level by the noise level of input
signal. In other words, it should be determined by the difference between

the strongest corrclation peak and the preset threshold at output.

Other devices or components in the system may also have effects on the
system dynamic range. With appropriatc adjustments of the entire system,
their influences can be kept at minimum. It is then appropriate to say that
the system dynamic range is bounded by the smallest device dynamic range

of its components.

3.5.4.6 About Data Rate

In the proposed systems, no matter what kind of data shuffle schemes is
to be used, essential components such as a CRT display, a SLM and a CCD
detector are employed. The resolutions of these devices are obviously less

than that of other bulk optical components such as a lens, a beamsplitter,
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etc. Therefore, they form the limit to the maximum data rate s, achicvable

by the proposed system

ryr.p
o = =5
where r,xr,and pare the lowest 2-D resolution and the lowest frame ratc
the components in the system, respectively. As the input device of the
proposed convolver, a conventional CRT with a resolution of 512x512 pixels
delivers a input data rate of 250,000 points per frame. A ncar-future
introduction of high dcfinition TV (HDTYV) with a resolution of over
1024x1024 5 will improve the above input data rate to morc than onc
million-point per frame. Also, as an output componcent, a 2-D CCD detector
with a resolution of 1024x1024 are commercially available now. However,
the resolution of 2-D SLM is still relatively low. Obviously, when a
photo-refractive crystal is employed to perform the required multiplication
operation, the lowest frame rate pin Eq.(3.5.38) is determined by the long
response time of nonlinear crystal. Based on this analysis and Eq.(3.5.38),
a group of maximum achievable data rates for different system configu-
rations arc listed in Table 3.1 for the purpose of comparison. Here, It is
assumed that the CRT display and 2-D CCD detector with a resolution of
512x512 are operated at the video rate. Following conclusions may be
obtained from the table. First of all, most existing SLM'’s are the source of

limits to both the system resolution and frame rate. However, in the casc

S Fujitsu is seeking to develop a 2240x2240 HDTV.
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of using megneto-optic SLM, because its frame rate is much higher (hundreds
of microscconds per frame) than the video rate, the maximum data rate is
determined by the resolution of the SLM together with the frame rate of
CRT and CCD detector. When a magneto-optic SLM with a higher resolution,
c.g. 512x512 as predicted, becomes available, the achievable data rate will
be completely governed by the employed CRT display and CCD dctector.
Secondly, it is obvious that the maximum data rate drops drastically when
a nonlinear crystal is included in the system for multiplication. For the
casc that a nonlinear crystal must be employed, BSO is preferred for its fast
response time in order to keep the data rate sufficiently high. Although
the shown scheme obtainable under current technology can not deliver the
long data stream convolution / corrclation operation in real-time or at video
rate, they, at least, show the potential or near-future capabilities for this
application. With the development of high resolution SLM [3:24)  And also.
the discovery of high speed nonlinear wave-mixing crystals will result in

real-time or vidco rate convolution of long 1D data sequences.

3.5.5 Computer Simulation Results

In order to verify the proposed processing scheme, computer simulations
were carried out. A 1406-point convolution was selected as an example with
its data and reference sequences shown in Fig.3.5.15 (a) and (b). The simulation
program first solved integer cquations of Eq. (3.3.8)and (3.3.9). With the selection

of r,=38and r, =37 minimum solutions for n, and n. were obtained. which
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lead to the corresponding congruent relationship ic. 1= (1369, + 381,),,,, for
the 1406-point convolution as shown in section 3.2. Shuffling process was
carried out by thc data conversion subroutine which was written based on the
above congruent rclation. The corresponding matrix was thus obtained. The
2-D patterns of data and reference sequences for optical processing were then
gencrated which are shown in Fig.3.5.15 (¢) and (d). Herc cach transparent box
represents onc datum and its transmittance is proportional to the corresponding
data valuc. The 2-D Fouricr transforms of the above 2-D patterns werce
performed by an FFT subroutine. Multiplication of the obtained images in the
computer was followed to simulate what should happen in the nonlincar crystal.
Inverse Fourier transform of the above obtained pattern produced the simulated
output optical pattern. After data sampling on this pattern, which was written
again based on the congruent relation, the simulated convolution result was
obtained and is shown in Fig.3.5.16 (b). Comparison of this simulation result
with cyclic convolution result generated by a conventional convolution sub-
routine as shown in Fig.5.5.16 (a) reveals the validity of the above proposed
scheme. Errors shown in Fig.3.5.16 (c) are due to calculation accuracy and

misalignment of compensator.

To compare the results generated by the proposed scheme but with the use
of either a conventional or a phase-only matched filter, another simulation was
performed. For the same reference sequence, only the phase term of 2-D Fourier
transform of its shuffled pattern was preserved to form a phase-only filter.

The result is shown in Fig.3.5.17, which is similar to standard correlation results
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in Fig.3.5.16 except that apparently sharper correlation peaks appear in the
resulted sequence to demonstrate the occurrence of signal and their accurate
positions. An additional advantage of using this phase-only matched filter is
its high optical ¢fficiency. The simulations for data scquences contaminated
by white noise with diffcrent levels were also performed. The results arc shown

in Fig.3.5.18 to Fig.3.5.20.

3.6 Summary

In summary, this chapter described two optically implementable algorithms
based on the Chinesc remaindcer theorem for the calculation of long data strcam
convolution / corrclation. In the first algorithm, the convolution / correlation is
converted into a group of vector-matrix multiplication. By using optical vector-
matrix multiplier, the convolution / corrclation is thus performed optically.
However, because of technical problem, this algorithm is not very much practical
under current technical condition. Therefore, an alternative algorithm was
dcsigned. In thisalgorithm, the input data and reference sequences are first shuffled
to convert the original 1-D convolution to 2-D convolution. A subsequent optical
2-D convolver or correlator is then used to perform the operation. As the kernel
unit for the realization of the system, three video rate data permutation schemes
were discussed. Computer simulation results for both algorithms were also presented
in this chapter. The schemes described in this chapter can not only be used to

solve the long data stream convolution / corrclation problems but also be used to
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perform other long data stream operations where convolution / correlation is the
basic function, e.g. the wavelet transform of long 1-D signal described in Chapter

Five.
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Fig.3.4.1. Principlc diagram of the algorithm which converts long data stream convolution
corrclation to a group of rclatively small scale vector-matrix multiplications.
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Fig.34.2 Flowing chart for computer simulation of the algorithm depicted in Fig 341



Fig.3.4.3. Results of computer simulation of the algorithm in Fig. 341, (a)Input data scquence,
(b} reference data scquence, (¢) correlation result, and (d) convolution result.
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Fig.3.4.5 Tight intensity pattern projected in S1 Ms,
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Fig.3.5.1. Shufflle results for sequences with diffcrent sclections of , and ;s .. where 10 ()
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of long data scquencces.



Fig.3.53. A mask like input pattern for r, = \ and 7>=\in which the shaded areas indicate
intensity modulated data.
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Fig.3.5.4. A principle diagram for multiplication of two optical patterns by a nonlincar four
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Fig.3.5.7. Scanning voltage relationships, (a) using a conventional CRT display and (b) using
a special purpose CRT scanning system. S, synchronization signal; D, data; H. horizontal
dctlection voltage; V, vertical deflection voltage.
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F1g.3.5.16. Simulation rcsults for the scquences in Fig.3.5.15. (a) The conventional convolution
result; (D) the simulation result of the algorithm which converts long data strecam convolution
corrclation to 2-D convolution correlation; and (¢) the crrors between (a) and (D).
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f1g.3.5.17. Simulation result for the scquences in Fig.3.5.15. when phasc-only Filtering scheme
i1s ecmploved.
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IFig.3.5.18. Simulation results for noisc contaminated data scquence. The ratio of maximum

signallcvel to maximum noisc level is 5:1. (a) The inputsignal; (b) the conventional convolution
result; (¢) the simulated result of our scheme without phasc-only lilter emploved: (d) the
crrors between (¢) and (b); and (¢) the simulated result by our scheme with phasc-only filter

cmploved.



(d) (e)
Fig.3.5.19. Simulation rcsults for noisc contaminated data sequence. The ratio of maximum

signallevel to maximum noisc levelis 5:2. (a) The inputsignal: (b) the conventional convolution
result: (¢) the simulated result of our scheme without phasc-only filter cmploved: (d) the
crrors between (¢) and (b} and (c) the simulated result by our scheme with phasc-only filter

cmploved.
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FF1g.3.5.20. Simulation rcsults for noise contaminated data sequence. The ratio of maximum
signal icvel to maximum noisc level is 5:3. (a) The input signal; (b) the conventional convolution
result; (¢) the simulated result of our scheme without phasc-only filter emploved: (d) the
crrors between (¢) and (b); and (¢) the simulated result by our scheme with phasc-only filter
cmploved.
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4 GABOR TRANSFORM

Since it was first described by Gabor in 1946 41, Gabor representation as a
timec-frequency signal representation has been used in various applications such as

signal detection (42, image representation [431-4.5] etc.
4.1 What is Gabor Transform?

In signal analysis, the short-time Fourier transform defined by
- /.oc hd . - Juat
)('1',w)=j y(OHw (t-1)e clt (4.1.1)

delivers the frequency content in a ncighborhood of t, where wis a compactly
supported window function. Closely related to this, the Gabor expansion of a 1-D
signal y(t) is expressed as [4-1].[4.3]

()= ) ) Cp.w(t-nt)e/2 /o (4.1.2)

M e=-ope-cx

where C ,,denotes the Gabor coefficients, fand t are frequency and time resolutions
with ft <1 in order to guarantee the above representation. On the other hand, the
Heisenberg uncertainty also governs the determination of time and frequency

resolutions (48, The following incquality has to be satisfied

'rf>—]—- (+.1.3)

22
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To determine the Gabor coefficient, Zak transform needs to be defined [47).(4.8],

As a joint time-frequency representation of signal h(t) the Zak transform is given

by ©

H(zow)= > h(sz=-k)e *™e . (1.1.D)

how—oc

Without loss of generality, it is assumed v~ 7 =1 in Eq.(4.1.2), since otherwisc the

time and frequency scale can be changed. Applying the Zak transform to Eq.(4.1.2),

Y(iw)= Y ( Z Z_ Cmnu(::—k—n)0’2"'"“"”>o"’?”“'

]
t
[/'uz
)

N\ N J2nme = 2nk (e
m,(‘,_ w(:-k-nje g

is obtained. By substituting & " =4 +n to the above equation,

Z Cmnf’lzmz( Z w(:s - k’)o"z"“"”(w’m))

[

Y(zow)

[~

j2n(mz+nw)

I
1
[

)
3
=

V(s ow)e

me-mope-o

i1s in scquence, where L' (=, w) is the Zak transform of the window function u (1)

After dividing both sides of the above equation by L' (=, w),

= ;

. mn
. L
(o, w) 55w,

)'(":’w) c = 2n(mr-nw)
- }_‘ Y C ()/

6 Scc Appendix B for more information about Zak transform.



119

I s

L)

is resulted. Multiplying this equation by o /2+tm ::» w>and performing integration
to both variables - and «w result in

-/?n(m'

e d Wy
- >

> C
m

r—

|
nl,f]jf 0/2!1(('71 m Yo+ {(n-n’ )(A))(IH(I(A)
1
= —o0C I} ® — OC 1 0

It is known that

rl

1
} f 0)?n((n1-m Yrs(n=-n Yw) ]
v O [¢]

m=m’ n=n’
= ()

n#n’
1 ) o
(‘ mn f f ( w)

neo#Em’
Thercfore, the Gabor cocfficients C,,, of signal v (t) is determined by

—/2n(m:°nw)d '(1(A)
N w)

(4.1.5)
Although this procedure of calculating C,,, is realizable using an electronic com-

puter, it is inconvenient for its optical implementation

To find a solution which is better for an optical realization, the biorthogonal
way

function u (1) of window function w«(t)is used, which is defined in the following

f w(t=n)a " (t-0e’*" " "™ dt=b(n-1b(m - k)

(4.1.6)



Multiplying both sides of Eq.(4.1.2) by the product of the time-shifted version of

function ¢ (-)and ¢ '**" ' and performing the integral operation to variable t in

interval (-o . @),

j (O (t=n")e " dt

= Z 1\_ (J,,mf w(t-n)a (t-n")e' ™™ " Nt

me=-opne-w

is obtained. Basecd on the dcefinition of the biorthorgonal function,

mn

C =f (=) (e (-1.1.7)

o

is thus achieved. Because of its close relationship with the Fourier transform, it

is said that this is the more suitable formula for an optical implementation.

To determine the biorthogonal function from a given Gabor window function,
the following derivation is described. The Zak transform of the signal () is first

substitute in EQq.(4.1.5), which results in

T, .. . ~/2nkw
A -\:- J(==k)e
_ hm-oc —)e2n(mz+nw) .
Cm”_'/ f — o dzdw
o Jo hi(n,w)

g 1 ]()-/'z_‘nln‘k)u) - )
2_ / 7= k) f ——dw e MM
k=T 0 Jo W(z,w)



Using Property 2 (see Appendix B for detail) of the Zak transform, the above

cquation is further simplified as

bR ol | ] ]
= \ '/ N :,_k ({ 1 O-/an.t 1:',
Cme i medo 7 (s ) Jo l.'(::—k—n.w)(wf ‘

Because of the periodicity of an exponential function with a complex index, it
can be shown that

0-/2“!71:', = 0-/2nm(::—k)

for A being any integer. If a new variable =" = = -4k is assigned, the combination
of summation about A and integration about = is now an integration about this
ncw variable = from negative infinity to positive infinity. The following cquation

is thus obtained

- | l ) .
C =f (e f _ dw "™ d:
mn e /(¢ )[ o (=" =n,w) J

By comparing this with Eq.(4.1.7), the biorthogonal function of the window function

is determined by

., /‘ dw
u,(A:)= ] m (*]18)

0

where ' (=.w)is the Zak transform of the elementary window function u (1). This

equation was also given by Friedlander and by Bastiaans in their papers 42),[4.9]

An further inspection of Eq.(4.1.7) reveals that the Gabor coefficients arc. in
fact, samples of a cross ambiguity function of y(t)and u (t)[42].[4.10],{4.11],4.12],[4.13]

And therefore, the optical setups for the implementation of the cross ambiguity



function could be used to perform the optical Gabor transform.

4.2 Window Selection

Analyzing the definition of Gabor representation shows that cach Gabor
coefficient describes the amplitude of the corresponding time-shifted and
frequency-modulated version of the chosen Gabor window. These cocfficients
occupy rectangular cells in the joint time-frecquency domain. Each cell provides
a discrete quantum of information about thc signal that is independent of the
cocfficients in any other cell. To reach a high representation resolution, a window
which is highly concentrated jointly in both time and frequency domains is
expected. It was shown by Weyl in 1932 that a Gaussian function reaches the
cquality in Heisenberg uncertainty inequality (434, This is the reason that Gaussian
function is widely used in image representation. On the other hand, Eq.(4.1.2) may
also be used in applications related to pattern recognition. If the time-shifted
and/or frequency-modulated version of certain known waveform is going to be
allocated in a received signal, the window function is better to be chosen as the
desired waveform. By doing this, whenever a waveform exists in the received the
signal, the corresponding Gabor coefficient will be the corresponding strength of
the target and its position will delivers the information of time delay and the
carrier frequency. Anexample of thisisin theapplication of radar signal processing

(detailed in section 4.5). For the applications of transient signal detection, a
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onec-sided exponential function is preferred since it is considered morc matched
with the non-symmetricand abrupt transition propertics of natural transicnt signals

[42] than a symmetric two-sided Gaussian function.
4.3 Example of Gabor Window

As a traditional Gabor window, the Gaussian function was discussed by Bastiaans
(4.14].(415] 1t was him who gave the expressions of the biorthogonal function of
the Gabor window function the first timec. As he described for a Gaussian function

of

w (1) = % o_"(f) (1.3.1)

the corresponding biorthogonal function was determined as

1 (K A 2) ., -n net

lz/g(:)= = (__O o (7) Y‘ (_]) 10 ( 2)
V2T T

(1.3.2)

where K, is a constant which equals 1.85407468. The Gaussian Gabor window and

its biorthogonal function are also graphically shown in Fig.4.3.1.

To demonstrate the derivation of the biorthogonal function of a given Gabor

window, here the onc-sided exponential function is considered since it is going to



be used in the following proof-of-concept experiments. Mathematically, a one-sided

exponential function is expressed as
w(t)=\v2rnexp(=A)u(t) (1.3.3)

where A is a decay parameter and u(=)is a unit step function. To calculate its

biorthorgonal function, the Zak transform is first performed on it.

Z \50'“”_”“(:: ~ k)e 7MY

ltb(i\: ,(A)) =
A =-oo
Z s
__~\'?"_)\o-x: T O—A(,znw-x)
A:-oo
_ \‘/‘2)\ j2nw-N(r-2) -
—']—_-;mo (131)

where Zis the largest integer which is smaller or equal to =z From this result and

Eq.(4.1.8), the biorthorgonal function is derived as

NN ! dw
i) foh"(:,w)

QM:-Z) ] 5 5 N | . \
—_—_—</ e " dw-e” f e /7MCED w
J2n o 0 /

Az _ .- 2nZ o oaT2n(Z-1)
e { azl-e az-nl-e \

2N

jonz j2n(zZ+1) /

(4.3.5)

It can be proved that
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-y2nd

‘”L:] 7=0
jen’z
=0 7 %0 (1.3.6)

Therefore. the biorthogonal function of one-sided exponential function is

d ()= SRR e 1) 2u( )~ u (- 1),

(1.3.7)
which is graphically shown in Fig.4.3.2 together with the original window function.
Using this function with Eq.(4.1.7). the Gabor cocfficients of transient signals mav
be determined. Here, it is mentioned that thec above obtained ¢ (:)is a real function.
And therefore, the operation to generate the complex conjugate of the biorthogonal

function is not necessary in this case.
4.4 Optical Gabor Coefficient Processor for Short 1-D Signals
4.4.1 System Architecture
To evaluate the Gabor coefficients in real time, an opto-electronic Gabor
cocfficient processor for short 1-D signal depicted in Fig.4.4.1 was proposed

and experimentally tested 416419 The length of the 1-D signals is limited

to the aperture time of the input acousto-optic modulator, ¢.g. Bragg ccll device.
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In the setup, an input pulsed laser beam is first spatially filtered and
onc-dimensionally focused to form a narrow bar onto the window of an
acousto-optic modulator. Since no negative values can be directly expressed by
the inherently positive optical intensity, a DC term has to be emploved to lift
all negative values to the positive side. However, this will cause a strong DC
component to inhibit the detection of signal components around DC. Therefore.
in the system, the input signal s(t)is first mixed with an internal carrier
cos(2nf t)before sent to the A-O modulator by an RF driver. The Bragg cell’s
output is then amplitude modulated by this composite signal and is horizontally
imaged and vertically expanded by a group of spherical and cylindrical lenscs

to form a pattern described as

ax f.ax
p(x,y)=s| — |cos| 211 —— (Hdon)
l A l/ A
where t, is the acoustic wave velocity and « is an optical imaging constant,
respectively. This pattern is then projected onto a SLM carrying a intensity

mask which is related to the biorthogonal function of the selected Gabor window

function by

a(x-- .ax
Tou(N,y)=u (_z_/_) cos 211-f—— +b
A t

(+.1.2)
where b, guarantees 75,4 (x.7)2 0. Thelight amplitude of the pattern generated

from the SLM is now in the form of



O e by (R )

ax Lax
+o,s('—>cos(2n/ ) (4.4.3)

14 Uy

A seccond astigmatic optical system located at side b of beamsplitter is used to
perform a onc-dimensional Fouricr transform in x-direction and an imaging
opcration in y-direction, which results in an optical pattern at the plane where

a 2-D detector array is located as

) ] " fa(x-=y,) ax LAY
F('\'/'Y/)=§/ “<_I_’>g<i)oxp(—/£n)\I”jdx

4

| a(N -7 aN 2f.ax AN
+—‘) zi(-—(——/’—))'sk—)cos(Zu—L—)exp(—121(—1)({\’
2~_ U4 Uy t, ALy

fb (a.\') - f.ax = Ay,
-+ — 1" X —_ — AY
— .S T cos e exp! —J "Al, d

(+.4.4)

where Aand /,arc the optical wave length and focal length of optical transform
system, respectively. It can be seen that the first term in the above equation
generates the Gabor cocfficients and this term can be separated from other

terms than a dc bias provided that a condition
[.22B, (-+.-1.5)

where B, is signal bandwidth, be satisfied. When
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[Ty (1.1.6)
Ly

is assumed and a low-pass spatial filter is placed to pick up only the first term,

then, the filtered signal F (x,.y,), where

IFo(x, vy, )=rect(N,,- )—140\') oL
ARNAN AR 2(1'I /< AL

oo

- ayyy o . .
w(t)s| t+ exp(-=j2nxN’ t)dt
2

A

%
- oc

(-h4.7)
is thus obtaincd on the output planc, where

A, (+.4.8)
S NGa o

F¢.(x,.y,) is 1identical to Eq.(4.1.7) except for a complex cocfficient

x

exp(—)?.'n :I,,) and a constant amplitude, which is only rclated to system
parameters and can be corrected using a look-up table in case that the valucs

of the Gabor cocefficicnts are necessary.

To detect the resulted coefficients, a 2-D detector has to be appropriately
mounted and electronically controlled in order to preserve all information.

Comparison of Eq.(4.4.8) with Eq.(4.1.7) shows that at the output plane the
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sampling grid should be governed by the following physical requirements. The

sampling intervals along the v, and ,directions are determined by

ANl a
3.\-,=-f——’— (1.1.9)
U4
and
TU 4
Ay, =—= (+.4.10)
(@}

for a given frequency resolution 7 and a time resolution v, where ft<1. The
sampling grid is schematically shown in Fig.4.4.2. Although a custom made 2-D
detector array built by, for example, photodiodes based on the above interval
specifications can be used for the case of relatively low resolution, a 2-D CCD
array is suggested for the general case where the sampling periods arc recon-
figurable. By an appropriate designed optical imaging system, the intervals in
Eqs.(4.4.9) and 4.4.10 may be rescaled to match the physical size of a CCD

detector.

To assure that the system works properly, a time matching of the modulations
of the pulsed laser and of the Bragg cell must be established. First of all, only
the shaded part of the 2-D pattern of Eq.(4.4.8) as shown in Fig.4.4.3 (a) is
detected and sampled by the 2-D detector array. Then, for an A-O modulator
with an aperture time of T, , the pulsed laser firing interval is kept at v, - 1.
With the aid of the synchronization diagram shown in Fig.4.4.3 (b), it is obvious

that the detector can always correctly determine the signals’ arrival times no
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matter when they arrive and how long they last. Consider the case that a
transient signal arrives at the exact end of one sampling window, because of
the window overlap in time diagram, it may be missed by the current window,
however it will be caught by the following window. In the case where a signal
lasts morc than one window time, because only the shaded area of the output
pattern will be detected, those false arrival peaks caused by the edges of cach
window will be ignored by the system. Finally, to frecze the traveling of the
acoustic wavce in Bragg cell during a laser strobe, the duration of the laser pulsc

must also be substantially short.

For the final determination of the appearance of certain target, a conventional
threshold based decision can be made. If the amplitudes of the coefficicnts
arc required, a lookup table may be cstablished before hand to get rid of those
undesired complex constants. However, as for the reason that optical processing
is more qualitative than quantitative, it is suggested to use the system to allocate
the interested targets rather than to mathematically determine its Gabor

coefficients under current technical conditions.

4.4.2 Preliminary Experimental Results

A proof-of-concept hybrid system was built in our laboratory and some
preliminary cxperiments were performed to confirm the principle of the pro-
posed optical Gabor cocfficient processor. The Fig.4.4.1's architecture was

slightly modified. The input A-O modulator was replaced by a fixed
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transparency and a spherical lens was thus used to substitute the lens group
L,-C;. Also. an Art lon laser was used as the input light source instead of the
pulsed laser. The window pattern was projected by a Hughes liquid crystal
SLM through a FG-100-AT image processor installed in an IBM PC-AT com-
patible computer. A SONY CCD Video Camera was located at the output planc
to pick up the resulting pattern and to transfer it to the computer for sampling
and further processing. The input and Gabor window masks are shown in

Figd.4.4

Two transient signals were used to test the svstem. The first signal contains
a single pulse as shown in Fig.4.4.5 (a), using the above described sctup, an
optical pattern at the output planc was picked up by the CCD, which is shown
in Fig.4.4.5 (b). In the photo, vertical direction corresponds to the frequency
axis in a downward direction while the time axis is in horizontal direction
from right to left. The apparent bright spot pointed by the arrow indicates
the existence of a carrier modulated pulse. The distance from the right side
of photo to the spot is proportional to the arrival time of the pulse while the
distance from the DC to the spot is proportional to the carrier frequency. To
sample the output pattern, the image is post-processed by a image processing
software called IMAGEPRO II. The sampling result is given in Fig.4.4.5 (c).
By measuritig the light intensities at each sampled point, the Gabor coefficients
of this transient signal was obtained. A 3-D graph gencrated by GRAPHTOOL
is shown in Fig.4.4.5 (d). A sharp peak corresponding to the signal is seen.

Errors because of the imperfect optical system arc also noticed without big
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cffects. In a sccond example, an input signal containing two pulses with
different carrier frequencies and different arriving times (sce Fig.4.4.6 (a)) was
also tested. The resulted optical pattern and the 3-D graphic show of Gabor

cocfficients clearly display their different arrival times and carrier frequencics

(scc Fig.4.4.6 (b)-(d)).
4.5 Optical Gabor Coefficient Processor for Long 1-D Signals

In the above described Gabor coefficient processor architecture, the length of
the signal is limited by the space-bandwidth product of the input 1-D acousto-optic
modulator. However, in many applications such as radar signal processing and
seismic signal analysis, the processing of long 1-D signals in the rangc 104 to 106
data points is desired. To accommodate this, methods which fully utilize the

available space-bandwidth product of 2-D optical processor are required.

Bastiaans suggested a scheme (Fig.4.5.1) to perform Gabor transform on a long
1-D signal. In the proposed system, the input 1-D signal y(¢) is first converted

into a 2-D raster-scan format, which is described by

ATRR S
f.(xv,, N\, ,)=rect —'—' S—'/(.\',ﬁn.\')b(.\', -nal)
2 \ R bod

n=0

(14.5.1)

where rect(t)is the gate function which equals one when —g <ts %and zero otherwise.

In the above equation Vis the width of each raster line and a.\'is the space between
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the raster lines. With Eq.(4.5.1) modulating the light field just behind the input

device and a transparency with its transmittance of

T(x,,., t2)= recl(;\\—:)rect(%).\'

T L. .
Loy, +m\)e

Mme-=

Sr2amx 0\

(4.5.2)

. R /kl, .
located at the middle plane, where ¥ = 7=, it was proved that at the output planc,
the required Gabor coefficients may be obtained by sampling the optical pattern

in the following way

(;m-f:'f_;')'(v\“. Vo)

ml, A
b(.\'al - —\-’— Ngo - na.\')d.\'o,dx'”

(4.5.3)
The sampling interval is thus determined by
LA _
L\.\'Ol=—,— (45-})
A
Axg,=a\ (4.5.5)

in horizontal and vertical directions, respectively. Apparently, the interval in
horizontal direction is small gencrally. For example, when f=0.5 (m) A =6328 a4
and Y =50 (mm) the corresponding sampling interval in horizontal direction is
AN, =6.33(pm) , which may cause some troubles in optical implementation.

Although lenses may be chosen with long focal length and a laser may be selected



with long wavelength, the sampling space is still at the level of microns. It may
probably be tried to decreasc the size of input image, however, this effort will

sacrifice the input space-bandwidth product.

To overcome the inherent implementation difficulty in Bastiaans's architecture,
a modified scheme for long signals is now proposed. Unlike the Bastiaans's
architccture which can generate all the required Gabor coefficients by just onc
shot. the proposed scheme needs to feed the time-shifted versions of the biorthogonal
function to the processor in scquence. Therefore, the processing speed is fast but

not rcal-time. Now the principle of the processor is described briefly.

In the system dcpicted in Fi1g.4.5.2, the biorthogonal function of the selected
Gabor window is first gencrated off-line. When processing starts, the input signal
is converted to 2-D pattern by raster scan and inserted into optical path by SLM
A. The following spherical lens images the input pattern on SLM B which carries
onc of the time-shifted versions of the biorthogonal function in the raster scan
format. Multiplication operation is thus resulted. It was proved by Turpin [4-23]
that, by performing a 2-D Fouricr transform on this pattern and with the aid of
a prism, the 1-D Fourier transform of the multiplication of the input signal and
the time-shifted version of the biorthogonal function is thus obtained at the output
plane also in a raster scan format but rotated ninety degrec. Therefore, by applying
a sequence of time-shifted versions of the biorthogonal function to the processor,
the required Gabor cocfficients arc obtained. Asshown by Turpin, all the resulted

data points can be easily detected.
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However, in some applications where long 1-D signal is to be processed. if only
the input signal is too long to fit in one window time while the length of the
reference is within the window time, it is not necessary to usc the above described
schemes. From the analysis in Scction 4.4.1, it is known that the Gabor coefficient
processor for short 1-D signal may also be used in these applications without any
loss of cocfficicnts or false coefficients, as long as the timing diagram and the

detected area depicted in Fig.4.4.3 arc observed.
4.6 Optical Gabor Coefficient Processor for 2-D Signals

Similar to the casc of considering 1-D signals, a 2-D signal, ¢.g. an image, may
also be described by Gabor cxpansion. Mathematically, 2-D Gabor expiation is
given by

~Zr- i-c,“,“,‘.,.u,(\ L DR S e A
(4.6.1)

where f,and /,arc the frequency resolutions in the two dimensions while v, and

1, arc the time resolutions. Apparently, under this casc. the Gabor coefficients

arcina four dimensional (4-D) space. A similar derivation as in section 4.1 delivers

that the Gabor cocefficients of 2-D signal are determined by




[T T 2 A Sg2m(m oa cmox ) . 3
Conma =, <, <t (V=0 xn-n)7(V . 1)e dx,dx,

(1.6.2)

where

e dw,dw
[ L (1.6.3)

(), )=

| A
v 0O VO ll (:,l,(A)l,::").wz)

is the biorthogonal function of the sclected window function?.

Bccausc of its application in image processing, an optical Gabor coefficient
processor for 2-D signals is interested. However, the dimensionality of the Gabor

cocfficients for 2-D signal really causes a scrious problem of result representation.

One of the existing techniques to display a 4-D signal on a 2-D planc is based
on the principle that the 4-D signal is represented by a time scquence of 2-D images
where two out of the four dimensions are sampled in time. Therefore, 2 system
shown in Fig.4.6.1 could be uscd to perform 2-D Gabor transform. It should be
pointcd out that this system can only perform the required 2-D Gabor transform
at a fast spced rather than a recal-time processing. How fast the processing speed

is depends on the number of samples required in the two time dimensions and the

7 In EQ.(3.5.3), b'(=,.w,.:,.w;) is the 2-D Zak transform of the window function,
which is defind as

=< o«

. . N =J2n(A kL w g
(o, i w,)= NN W, -k, ..—ky)e e
A\--ank = -
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rate of SLM. In principle, the 2-D biorthogonal function of the selected Gabor
window is first gencrated based on Eq.(4.6.3) of f-line. The image to be processed
is carried into the processor by SLM A. The input image is then imaged on SLM;
B. which carries onc of the time-shifted versions of the Gabor window function.
A multiplication result is thus obtained right behind SLM B. This pattern is then
subjcct to 2-D Fourier transform by spherical lens L3. The Gabor cocefficients
corresponding to current time-shifting parameters is obtained. To get the Gabor
cocfficients of other time-shifting parameters, the pattern on SLM B is updated

by the timec-shifted versions of the biorthogonal function in sequence.

Number of other methods have also been developed to solve the problem. Theyv
arc bascd on the utilization of an optical 2-D to 4-D interconnect (421 and a phasc
grating with an optical lenslet array [4-18]. Compared with the scheme based on
sequential display, the processing performed by these schemes is in real-time.
However, the available space-bandwidth product of an optical processing svstem

limits their resolution [418] to be less than that of sequential display based schemc.

4.7 Applications

As a time-frequency signal representation, there are various applications of

using the Gabor signal representation. As an example, the applications to signal

detection are discussed here. By means of signal detection, certain targets are
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going to be detected and located in the received signal. The problem falls into
two categories, i.c. detection of signal with known waveform and the detection of

signal with unknown waveform.

For the first class of problem. the determination of the time-shift and
frequency-shift version of a known waveform arec considered, such as in radar
signal processing. Consider a pulsed radar system shown in Fig.4.7.1. In principle,
a known signal pulse is first modulated by a carrier gencrated by a local oscillator
and then sent out by radar transmitter from the antenna. The returned echo from
the remote target is then detected and displayed in certain format by the radar
receiver. The target modifics the reflected signal (ccho) in the following ways.
The time delay of the received ccho is proportional to the distance between the
radar station and the detected target. The Doppler shift of echo referring to the
original radar pulse contains the information of target speed. Since it is known
that in the Gabor representation the coefficients correspond to the intensities of
time-shifted and frequency-modulated (shifted) version of the original Gabor
window, their indices arc uscd to determine the time shift and frequency modu-
lation. The desired parameters are thus obtained by the Gabor representation with
an appropriately chosen Gabor window function. The waveform of signal pulse
originally sent out by radar transmitter is chosen as the Gabor window function.
This is reasonable since the purposc is just to determine the time-shifted and
frequency-modulated version of this signal. By analvzing the resulted Gabor
cocfficients pattern, the existence of non-zero Gabor coefficients indicate the

appearance of echo. The position of a non-zero cocfficient in time direction



delivers the delay time which is proportional to the distance of target form the
radar station. Its position in frequency direction can bc uscd to calculate the

Doppler shift, which is determined by the target speed.

For the sccond class of signal detection problem, the detection of transicnt
signals with unknown waveform by Gabor transform is considered. The transient
signals arc thosec with unknown waveform, unknown arrival time and overlapped
wavcforms. Many techniques exist for the detection of transient signals such as
matched filter and maximum likelihood detection. Although they are theoretically
possible to solve the problem, it is dif ficult for them to be practically implemented.
The above discussed Gabor expansion is a possible candidate to solve the problem.
It was shown that. with a proper sclection of an clementary window function,
Gabor representation may represent the signal in a better time and frequency
scparability 146 Since the envelopes of the transient signals are more or less the
onc-sided exponential functions, a relevant way of representing a transient signal
by its Gabor expansion series is to cxpand it by a sct of one-sided exponential
window functions 42 A Gabor cocfficient processor for 1-D signals described
in sections 4.4 and 4.5 is used to determine the Gabor coefficients of the received
signal. With the obtaincd Gabor cocfficients, the presence of signals can be detected
by the observation of non-zero Gabor cocfficients. For the detection of a single
pulse, an appropriate thresholding similar to the conventional binary detector will
vicld the location of non-zero Gabor cocfficients on the output time-frequency
planc. which provides information leading to the arrival time and carrier frequency

of the received signul. To detect the received signal with waveforms other than
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a pulsc, the signal synthesis 420 based on the obtained Gabor coefficients is
necessary. In this case, the location of the Gabor coefficients provide the arrival
time of the target while a Gabor expansion using these coefficients and the window
function gives risc to the signal's waveform. On the other hand, if the arrival
time of a signal, e.g. as in the casc of radar signal detection, is to be determined
for the signal with certain known waveform, the Gabor coefficients of the known
waveform are first used to gencrate 2 2-D pattern. The thresholding result of the
corrclation of this pattern with the output pattern of the received signal will locate
the position of corrclation pecak on the output plane. The position corresponding
to the time axis will give the information of distance while the position corre-
sponding to frequency axis will deliver the Doppler shifter which can be used to

dctermine the speed of target.

Technically, it is possible to reach the casc that the signal arrives between two
consecutive sampling points. It can be mathematically proved that the width of
Gabor cocfficient pulse is 27 in time direction and 2 f in frequency direction in
analog sense (sec Fig.4.7.2). To determine the arrival time of signal appropriatc
interpolation has to bc employcd to allocate the pulse pcak. Similar scheme may
solve the problem that the carrier frequency does not match with one of the samplec

points.

Before this chapter is closed, the time and frequency resolutions of Gabor
transform for signal detection need to be re-cvaluated because of the practical

casc described in last paragraph. Thc puzzles are:



141

(1) When two consecutive non-zero Gabor coefficients in time
direction are obtained, is there one pulse arriving bctween the
two consccutive sampling times or are there two pulses arriving
scquentially?
(2) When two consecutive non-zero Gabor coefficients in the
frequency direction are obtained, is there only onc frequency
between the two consecutive sampling frequencies or are there
two frequency components?
To solve the puzzle, it is said that the actual time and frequency resolutions for
the application to signal detection are 2t and 2/ respectively, rather than v and

f as described in scction 4.1,

4.8 Summary

In summary, this chapter studicd optical implementation of Gabor transform
on both 1-D and 2-D signals. A Gabor cocfficient processor for short 1-D signal
was described. Preliminary experimental results were also shown to demonstrate
the feasibility of the system. Possible system architectures for processing long 1-D
signals and 2-D signals were also briefly described. Application of Gabor transform

to signal detection was also discussed.
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5 WAVELET TRANSFORM

The above mentioned Gabor transform has been found wide range of applications
in signal detection, image representation and pattern recognition. However, from the
propertics of the Gabor transform, it is known that, once the Gabor window function
is sclected, the time and frequency resolutions are fixed, which are determined by
the standard deviations of window function in time (space) and frequency domains
(5182 Also, the minimum resolutions arc governed by the Heisenberg uncertainty
incquality. Consider the analysis of the two pulses shown in Fig.5.0.1 with diffcrent
timc width. To represent the pulse in Fig.5.0.1(a) of a very narrow time width with
high fidelity and less Gabor cocfficicnts, the appropriatc Gabor window function
should be close to the cnvelope of the pitch signal. Therefore, if the same Gabor
window is used to describe the pulse in Fig.5.0.1(b) of rclatively long time width, an
cxtremely large number of Gabor cocfficients has to be emploved. On the other hand.
if a Gabor window is choscn to represent the pulse with large time width, it is not
appropriate to establish the Gabor representation for the pulse with short time width
sincc the representation scries will either be too long to be useful or be divergent
itsclf. Because of this, the Gabor representation may not be an optimal solution to

the applications where the signals cover a wide frequency range.

Suggested by Grossmann and Morlet (53] in 1984, the wavelet representation offers
a mecthod to solve the problem !5:21154)-15.9] It was shown [54] that the resolution of
the wavelet transform is not constant but varics with the scale paramcter, which

makces the wavelet transform an appropriate tool to process signals with features of
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different scales. Also, while it is difficult, if not impossible, for other time(space)-
frequency representations to form an orthogonal base, such a base can be obtained
with an appropriately selected wavelet function easily {527 Furthermore. wavelet
mcthod, with its successive lavers only including the additional details which arc not

available at the preceding layer, represents a signal efficiently.
5.1 What is wavelet transform?

Wavelet representation is a multiresolution signal decomposition which describes
signals in a hierarchical structurc. As defined by Grossmann and Morlct 53], the
signal’s wavelcet representation is the signal's decomposition into a family of
functions which are the translation and dilation of a single unique function w( ),
which is called the basic wavelet. The wavelet transform of a function f(v)is

formulated as

l;'/(a,b)=fm/(.\')w“(.\‘—b)d.\' (5.1.1)

where uand bare a dilation and a shift parameters, v,(x)is a real dilated wavelet

function & and expressed by

v, (x)=vau(ax) . (5.1.2)

8 For some applications, the wavelet transform is defined for complex functions as
I»"/(u.b)=/ FODYL(v-b)dy

For the simplicity, only real functions arc considered in the following analysis.
Extension of the results to complex functions is not difficult.
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In the dilated version of the wavelet function, a factor gis included right before
the functions w(u v) to ensure energy conservation [5:10L(5.11]  On the other hand.
based on the property of the Fourier transform, the frequency domain represen-
tation of the dilated wavelet is given by

ug(w)=i=w(9).

e a

(5.1.3)

To visualize the waveforms of the dilated wavelets corresponding to different
dilation parameters, a Gaussian basic wavelet is used in Fig.5.1.1 for demonstration.
In the figure. only the frequency domain representation of the wavelets arc shown.
Some important points of the wavclet transform are exposcd by the figure. Bascd
on the spectra of the dilated wavelets with different dilation parameters and the
definition of wavelets transform (Eq.(5.1.1)), the set of wavelets may be explained
as a bank of bandpass filters with different central frequency and bandwidth.
Further more, it is not difficult to find out that the bandwidth of the bandpass
filter generated by a dilated wavelet is determined by the product of the dilation
parameter and the bandwidth of the bandpass filter given by the basic wavelet.
As the dilation parameter is applied to the basic wavelct, both the central frequency
and the bandwidth of the resulted dilated wavelet are increased by a factor of
the dilation paramcter referring to the basic wavelet. Therefore, the Quality (Q)

Factors 9 of these bandpass filters are a constant value regardless of the dilation

9 In electronics 1412 the Quality (Q) Factor of a frequency selective circuit is
defined to be the ratio of the resonant frequency (central frequency for a band-
pass filter) to the bandwidth, which physically mecans the sharpness of the circuit
sclc::.tivity. This sharpness of the selectivity is, in fact, a mecasure of the circuit
quality.



paramecters. Apparently, a larger dilation parameter corresponds to a narrower
and sharper pulse in time domain. and a bandpass filter of higher central frequency
and wider bandwidth. Using wavelet transform to analyze the two pulscs in
Fig.5.0.1, an exciting result arrives. A single basic wavelet can be chosen for the
two pulses. A larger dilation parameter applied to the basic wavelet generates the
represcntation for the more narrow pulse while a smaller dilation paramecter gives
out the expression for the wider pulse. Tncrefore, the "constant Q" property
indicates that wavelet transform is fair to all the frequency components of a signal

covering a broad frequency range.

To reconstruct a signal from its wavelet transform I f(«. b), an inverse wavelet

transform was also derived (5-215:3. and is mathematically formulated as
] - o - 0 i .
/(.\‘)=—C— hWf(a,b)y (v-b)dadb(G.1.4)
yvy - Y

where the constant

. \],/ 2
Cv=f IAC R (5.1.5)
0 w

A restriction to the selection of the basic wavelet function has thus to be observed
for the validity of the inverse wavelet transform, which states that the Fouricr
transform ¥ (w) of the basic wavelet () must satisfy

CU<+oo

since an infinity C, will never deliver a reconstructed function. This restriction

implies that ¥(0) =0 and that ¥(w) is small enough in the neighborhood of w = 0.
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Although the above direct and inverse wavelet transform are formulated
somewhat different from those given by Grossmann and Morlet 183 | they arc
linked by the following one-to-one mapping a =e*“ and b-.'—~ between the spacc

{a>0.-o<b<c+o)and the space {(-®<u<+w, ~ow<p<+w) where uand t arc the

dilation and shift parameters in their original paper.

The above continuous forms of forward and inverse wavelet transforms uniquely
describe all the functions belonging to L?(R). However, they are redundant because
of the uscd continuous variables. To decrease the redundancy of the signal
representation, variable "a" is discretized. Together with the selection of a =2
(J=-.....-1.0.1..... +o), the discretization happenced to generate an orthonormal
basis [5-218.41[5.13]  which allows a signal to be uniquecly expressed as a linear
combination of the orthogonal wavelets. Mathematically, Eq.(5.1.4) now bccomes

- 0o

F(x)= > fIv'f(2’,b)u)2,(.\'—b)db. (5.1.6)

This equation is interpreted as a decomposition of function f(x) into a set of
discrete frequency channels centered at 2’w,, where w, is the central frequency
of the bandpass filter generated by the basic wavelet. The signal component in
each channel may further be sampled at a rate proportional to 2. And the final
version of the discrete wavelet representation of signal f(x)is thus given by

cx w0

F(x)= ) ) L f(2.n27)y (xv-n27').(5.1.7)

J=—®n=-x
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It is this equation the base of the so called multiresolution analysis suggested by
Mallat. However, for the ease of optical implementation, the translation variable

b will be kept continuous as in Eq.(5.1.6) in the following analysis.

A trouble caused by the above described discrete wavelet representation for
practical applications is that infinity terms arc required to describe the signal
faithfully. Fortunately, a lowpass filtering effect exists in natural world. And
also for many applications, the signal’s information to ccrtain resolution level is
cnough because of the resolution of optical components. Thercefore, a lowpass
filter may be sclected to pre-filter the signal without loss of useful information.
If this c¢ffect corresponds to the filtering of signal f(v) by the low-pass filter with
an impulse responsc ¢(x), which is sometimes called scaling function, it can bec

shown by induction that this signal can now be expanded 15:8] as 10

f(-\ﬂ) = f Afz-w.l)(b)d)z_m.l,(.\'- b)db

-

8] ~

N S | L/ (27 6)w,,(x-b)db

J= =N v

- oc

(5.1.8)

10 Here, the non-discretized form of variable b is preserved for the later optical
implementation.
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To explain the above expansion, it is found that, in the first term,

«4/2-m.1)(b)=ff(,\-)¢>2-(~..)(.\~—b)d.\- (5.1.9)

is the coarse information of signal /() where the employed lowpass filter is

dctermined by

N - (N-1) ~(N=1) .
O (V) =v2 (2 N) . (5.1.10)
Those terms of I f(2/.b) where;j=-N..... 0, ar¢ the wavelet transforms of the

signal defined by Eq.(5.1.1), where variable « is discretized. They contain all the

dctails of the signal.

To determine the basic wavelet function based on the impulse response of the
lowpass pre-filter, it was proved by Mallat {55) that the sclected wavelet w(x) and
the impulse response ¢(x)of the original lowpass filter are linked together in

frequency domain by
_ W
V(w)=r ’(“’/Z)fl(g-*—u)(b((é)-) (S5.1.11)

where
H(w)= :Z:{fd);'(bm(b—n)db e " (5.1.12)

which is called the quadrature filter.

Onc remark is made before the next section that the integral limits in Eq.(5.1.8)
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can only range from -w/2 to +w/2 because of the limitation optical window size.
Therefore, exact forward and backward wavelet transforms should not be expected.
Even if it is like this, the optical generated results arc still accurate enough for

most applications.

5.2 A Wavelet Example

Rccommended by Mallat 155, a wavelet function which has a good localization

in both time (space) and Fouricr domains is described in frequency domain by

- W/ 200 ¥+][
W(w)=() A . ?A(‘. )w ([)?])
w \ }.g,y(w)l?fv(?)
where
) il 1 >
Ye(w)= ) o)

L . N
ke—e (W + 2K1)
This wavelet is called analytic wavelet or Mallat’s wavelet. Its corresponding

scaling function is given by

]
P(W) = ————== (5.2.3)
A’ \/ZZ)/\(W)

in frequency domain. Their waveforms and spectra are plotted in Fig.5.2.1.

This wavelet function was selected as the basic wavelet to test the optical

wavelet processor described in section 5.4.
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5.3 Comparison with Gabor Transform

To qualitatively compare the Gabor and wavelct transforms, the waveforms of
the corresponding Gabor window and wavelet functions are considered first. They
arc first compared in time domain (see Fig.5.3.1). Apparently, all the Gabor kernels
arc cqual height and have cxactly same envelope, which is the original Gabor
window function, except that they are modulated by carriers with different fre-
quencies. Unlike this, all the dilated wavelet functions have same shape but
shrinked or ¢xpanded on time axis by the dilation parameters. Their heights arc
proportional to the dilation parameters. In the frequency domain (sec Fig.5.3.2),
the filters generated by the Gabor kernels are equal bandwidth. The central
frequencies of the filters are equal spaced. This indicates that the sct of filters
gencerated by Gabor kernels is not a "constant Q" system, which further mcans that
a Gabor representation can never be expected to have a good performance to
describe an object covering a wide frequency range. However, as described in
scction 5.1, the set of filters delivered by the dilated wavelets forms a "constant
Q" system. Therefore, good performance may be found uniformly across a broad
band of frequency. In the wavelet sct, the bandwidth and central frequency of
the resulted bank of bandpass filters are proportional to the dilation parameters.
Overlaps between channels also usually exist, which is considered as a reason to

guarantee the recovery of signal from its wavelet transform 11,

11 For the Haar wavelet shown in Fig.5.3.3, there is no overlaps bctween each
channel. The Haar wavelct is easy to be optically implemented. However, its
tocality in time and frequency domain is not good.



Regarding the sampling lattice for Gabor and discrete wavelet transforms (sec
Fig.5.3.4), it is noticed that the lattice is uniformly spaced in Gabor transform
because of fixed time and frequency resolutions. Differently, the sampling lattice
of a discrete wavelet (consulting Eq.(5.1.5)) isonly uniformly spaced in the logarithm
scale. More samples are picked up in time domain for high frequency components
and in frequency domain for low frequency components. This is close to our daily
applications. For those high frequency components, what we actually interested
in are their variations in time domain. A selected large dilation parameter will
generate a shrinked wavelet in time domain to mect the requirement. To truthfully
represent all the information of signal, a smaller sampling space is necessary in
tim¢ domain. For the low frequency components, the variation in frequency domain
is morc important than that in time domain. And therefore a smaller dilation
paramecter is chosen to generate a narrow bandwidth filter to analyze the signal

in frequency domain.

5.4 Optical Wavelet Processor for Short 1-D Signals

Similar to the case of Gabor cocfficient processor, the processing of short 1-D
signals is first considered, which can be fit in the window time of 1-D input device,

say a Bragg ccll device.

From the definition of wavelet transform, it is obvious that the wavelet transform
can be realized by filtering the signal f(x) by a filter with an impulse response

v.(-x). After the discretizing of the dilation parameter. the wavelet transform
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can actually be explained as the filtering operation performed on the signal by a
bank of bandpass filters. In this sense, the wavelet theory is, in fact, a tool to
guide pecople to design appropriate filters for signal processing. The inverse wavelet
transform can also bc physically implemented by a convolution of the dilated
wavelets with the signal's wavelet transform on variable "b" followed by an

intcgration on variable "a".

Various algorithms have be developed for their realization in electronic computer
[5.5].05.10]  An optical system, which performs both forward and inverse wavelet
transform on short 1-D signals which lengths are limited by the aperture time of
the input device, was recently proposed [5:14115.15] and cxperimentally tested. Thev

arc described as follows.

5.4.1 System Architecture

Based on Eq.(5.1.8), an opto-clectronic system architecture to perform both
the wavelet transform and inverse wavelet transform is principally depicted

in Fig.54.1.

For the part performing wavelet transform on 1D signal (shown in Fig.5.4.1
), the laser beam from a pulsed laser is first spatially filtered and expanded.
After that, it is one-dimensionally focused by a cylindrical lens CL! to form
a horizontal narrow bar onto the window of an acousto-optic modulator. The

input signal, which is going to be wavelet transformed. is first modulated by
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a RF driver of the A-O modulator and then sent into the above A-O modulator.
Thercfore, the output beam of the A-O modulator carrics one framc of input
signal with the frame width of thc aperture time of the used A-O modulator.
Spherical lens SL2 behind the A-O cell causes the modulated light beam to be
cxpanded along the vertical direction and Fouricr transformed along the
horizontal direction. An optical pattern, which is uniform in vertical direction
and carries the Fourier transform of the input signal in horizontal direction.
is thus obtained at the back focal planc of the lens SL2. An intensity modulated
mask 12, which is schematically shown in Fig.5.4.2 and technically realized
cither by a fixed transparcncy or by a spatial light modulator (SLM) to represent
a bank of lowpass and bandpass filters corresponding to the Fourier transforms
of functions ¢, .. (-v)and v, (-v)is located at the above plane. The filtered
pattern is then imaged in vertical dircction and Fourier transformed in hori-
zontal direction onto the back focal plane of the cylindrical lens CL3 by the
cylindrical lens combination CL2-CL3-CL4, where the focal lengths of CL2 and
CL4 arc half of the focal length of CL4. Thesignal's wavelet transform together
with signal’s coarsc information is thus obtained at the back focal planc of

CL3.

In order to further process the obtained wavelet transform, a beam splitter
BS is inserted. In onc branch, the output pattern is detected by a 2D CCD

detector for clectronic processing and/or displaving purposes. In another branch,

12 The Mallat’s wavelet is used in the experiment. The lincar phase term in
Eq.(4.3.1) is omitted. The effect of this is the space shift of the output pattern in
cach channcl.
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the optical pattern at the back focal plane of CL3 is used as the input pattern
of the consecutive optical processing system, such as an optical matched filter.

an optical correlator, ctc.

To perform the inverse wavelet transform described by EQ.(5.1.8), the system
architecture shown in Fig.5.4.3 is used. Its input planc matches with the output
planc of the procecding optical processing system, which performs certain
processing operations on the output of the above explained system of Fig.5.4.1,
Cylindrical lens combination CL5-CL6-CL7, which is same as cylindrical lens
combination CL2-CL3-CL4, is used to image the input pattern in vertical
direction and Fouricr transform it in horizontal dircction onto the back focal
planc of CL6 wherc the same intensity modulated mask as above is located. At
the other side of this mask, spherical lens SL3 performs Fourier transform in
horizontal direction and focuses the pattern in vertical direction. The operations
in Eq.(5.4.8), i.c. a convolution along the "b" and an integration along the "a"
directions, are thus realized. The summations and integrals are realized by the
time integrating cffect of a 1D CCD detector. Apparently, to guaranteec a
successful recovery operation, the working environment of the system should

be mechanically stable.

To assure that the system works properly, a matching of the modulations of
the pulsed laser and of the used A-O modulator must be established. For an

A-O modulator with an aperturc time of v, ., the pulsed laser firing interval
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should be the same t,. And in order to freeze the traveling of the acoustic
wave in the A-O modulator during a laser strobe, the duration of the laser pulse

must also be substantially short. The synchronization diagram is give in Fig.5.4.3

5.4.2 Preliminary Experimental Results

To test the above proposed wavelet processor for 1-D signal, two different
1-D signals, i.e. a step function and a linearly chirpped step function, werc
uscd. Slight modifications werc made to the proposced system similar to the
optical Gabor cocfficient processor. The pulsed laser was replaced by a HeNce
lascr and the signal is coupled into the processor by a pre-made transmittance

mask rather than an acousto-optic device.

The basic wavelet chosen in the following experiment is the Mallat's wavelet
given by EQgs.(5.2.1) and (5.2.2). The number of N was chosen to bec 4 in the

experiment, so that the function Zy(w) in Eq.(5.2.2) is now [5.5]

. - e PP - e W P . -
5+30.cos= <30 sin=. icos- <+2:'sin-, cos=- <70 cos~- =+: sin-

Pa(w)= -
105 sin =

(5.4.1)
A bank of six filter representing ¢ .. (w)and ¥, (w) ()=-4,...,-1,0) together with
a full pass filter was gencrated by computer and photographed to make the
mask. However, by this method, only the intensity of Eq.(5.2.1) was preserved
on the film. Without the phase term, the resulted patterns at the wavelet

transform plane arc shifted to different positions referring to resolution levels,
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but the corresponding intensity distributions of the results are maintained.
When the inversc transform is performed, the phaseterm in Eq.(5.2.1) is cancelled.

The result thus obtained will be identical to that of using the phase term.

A transmittance mask for the step function was first made and inserted into
the experimental sctup at the input planc. The wavelet transform of this input
signal was detected by the SONY CCD camera with its detector array located
at the output plane with is the back focal plane of CL6. It is shown in Fig.5.4.5.
In the output pattern, the first row is the original step function signal pattern
for the purpose of comparison. The second row is the tow-pass filtering result
corresponding to Eq.(5.1.9). which is the blurred signal containing the coarsc
information. All the other rows are the wavelet transforms at different res-
olution levels, which contain the detail information of the signal. The forward

wavelet transform results for the chirped sctup function are given in Fig.5.4.6.

The inverse wavelet transform was also tried on the chirped step function.
Based the inverse wavelet transform of Eq.(5.1.8), the reconstructed signal of
the lincarly chirpped periodic gate function is also shown in Fig.5.4.7. Becausc
of the quality of the optical setup, some distortions appear on the recsulted
wavcform. However, it docs show the capability of synthesizing the signal's

wavelct representation optically.
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5.5 Optical Wavelet Processor for Long 1-D Signals

For the applications wherc the input signal is too long to fit in the apcrture
time of the input device, new schemes need to be developed to adopt the long input
signals. As it is alrcady known that the wavelet transform on a signal is, in fact,
the corrclation of the signal with the dilated wavelct. Thereforc, it is passible to
usc the schemes for performing convolution / correlation of long data stream

described in Chapter 3.

Specifically, consider the system schematically shown in Fig.5.5.1. In this system.
a basic wavelct and the dilated wavelcts are first generated. To perform the
wavelet transform, the long input signal and a dilated wavelet are shuffled by
onec of the data permutation schemes described in Section 3.5. A followed optical
2-D correlator then delivers the wavelet transform of the input signal for current
dilation parameter in its 2-D shuffled format. Shuffling the 2-D pattern back to
1-D by the similar permutation method as for input shuffling gives the wavelet
transform of current dilation parameter in natural sequence. To proceed to next
dilation paramcter, it is only nccessary to download the dilated wavelet of the
dilation paramecter to the optical processor. A series of wavelet transform of
differentdilation parametersis finally resulted. This operation delivers the wavelet
transform sequentially rather than a single shot. In some applications, only limited
numbers of dilation paramecters arc desired. Therefore, only those dilated wavelets
corresponding to the requircd dilation parameters are prepared and used to calculate

the wavelet transform of the input signals. Processing timc becomes shorter.
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The other scheme discussed in Section 3.4 could also be used. There, the input
long signal and the dilated wavelet are shuffled to a group of matrices and vectors,
respectively. The followed optical vector-matrix multiplier then delivers the
required wavelet transform for different dilation parameters when the reference

is updated cach time by a dilated wavelet of new dilation parameter.

5.6 Optical Wavelet Processor for 2-D Signals

To extend the above discussed 1-D wavelet transform to 2-D, there arc two
possibilities. First, the dilations and transiations are used independently to the
two dimensions. This causes the transform domain a Four-Dimensional (4-D) space.
In the sccond casc, the translation is used for the two dimensions while a single
dilation is shared. A 3-D transform domain is thus resulted, which may be
considered as a degencrated wavelet representation. In the following discussions,

only the second case is considered.

5.6.1 Proposed System Architecture

To optically implement the degenerated wavelet transform of a 2-D image,
the system shown in Fig.5.6.1 is suggested. In the system, the input image is
fed into optical path through SLM A, the light beam which carries the image

is then separated into certain number 13 of branches. In each branch, the image

13 This number depends on the number of dilated wavelets sclected to describe the
image.
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is subject to a corresponding frequency filtering that is determined by the
corresponding dilation parameter. A parallel reading of the output patterns in
cach channcl delivers the degenerated wavelet transform of image. The system
shares the same architecture of DOG or Lapacian pyramid but with an entirely
different filter design. However, because of the limitation of the space-
bandwidth product [5-26] of optical processing system, the number of dilation
parameters is limited and also the spatial resolutions in two dimensions. To
get more dilation parameters and higher spatial resolutions, a simplified but
not real-time system could be used (see Fig.5.6.2). This system in the sense of
architecture is nothing mor¢ than a conventional optical matched filter. An
SLM which carries the spectra of the dilated wavelets (degenerated) is located
at the Fourier plane of the image to be processed. A wavelet transform of
current dilation parameter is then detected by a 2-D CCD at the back focal

plane of lens L2.

5.6.2 Computer Simulation Results

A 256x256 image of an oscilloscope is selected to perform the simulation of
degenerate 2-D wavelet transform. With one lowpass {ilter selected as the scale
function, five bandpass filters were thus generated as the spectra of dilated
wavelets in the simulation. These filters are all symmetric to the origin and

chosen to be idcal lowpass or bandpass filters. As discussed before, although
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the selected wavelet does not have good localization because of its slow decay
in time domain, it is simple to be optically implemented. Their specifications

are given in Table 5.1.

The forward wavelcet transform were simulated on the image (Fig.5.6.3(a))
through each of the frequency band. The resulted wavelet transforms of
different dilation paramcters are presented in Fig.5.6.3. To recover the image.
the coherent process in the optical system was also simulated. The recovered
image is very closec to its original (see Fig.5.6.4). The error of the rccovered
image, to our knowledge, is duc to the computation accuracy of the calculation

process.

5.7 Technical Problems

Serious error source in implementing an optical signal processing system is the
component misalignment. To predict its effect on optical wavelet transform,

computer simulations are carricd out on 2-D wavelet transform.

In the first experiment, the lowpass filter was shifted away from its correct
position for different values varyving from 1 to 5. The results in Fig.5.7.1 indicates
that the recovery results are scnsitive to the misalignment. However, they are
tolecrable up to 3 pixel misalignment. When the shift values was changed from 3
to 4, a dramatic deterioration of the reconstructed image occurred, which was

caused by the lost of DC componcent at the moment. This result indicates that the
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minimum bandwidth of lowpass filter is also limited by the resolution of the
positioners. For example, when a positioner with resolution of 20 microns is
employed to adjust the position of the filter, the minimum bandwidth of the

lowpass filter can not be less than 40 microns.

In the second experiment, cach of the bandpass filters is shifted by 4 pixels.
As shown in Fig.5.7.2, the shift of the bandpass filter of low central frequencics
docs cause poor image quality, however it is still much better than the casc in
Fig.5.7.1(d). As the frequency band goes higher and higher, the quality of the
recovered image becomes less sensitive to the misalignment. For the bandpass
filter corresponding to the highest center frequency, four pixel misalignment scems
havenoeffecton the recovered image. And thisshows that. more carcful adjustment

should be made to those filters corresponding to low frequencies.

5.8 Applications

In the following sub-sections, applications of optical wavelet transform to system

failure prediction, signal processing in dense target environment, image coding

and nonlinear system analysis arc briefly described.

5.8.1 System Failure Prediction

Failure prediction is an important topic for high performance maintenance

of complex mechanical systems. Appropriately mounted sensors may provide



signals which contain informations of abnormal system behaviors which act as
precursors to failure. Mcthods of signal processing arc thus necessary to extract
the information from the available signals and to trigger the alarm when a
failure precursors is detected. The specd of such processing is crucial for

various applications.

Becausc of the above mentioned propertics, a wavelet transform can be used
in the signal processing part of a failure predictor. A system diagram of failurc
predictor using wavelet processor as its kernel unit is proposed and shown
schematically in Fig.5.8.1. Sensors mounted on appropriate parts of a complex
mcchanical system gencrate signals related to the system operation conditions.
Any substantial variation of thesc signals from their normal patterns may
indicate precursors to failurc. Processing of thesc signals is performed by the
wavelet processor, which can deliver the wavelet transform corresponding to
a carefully selected basic wavelct in real-time. Obviously, any pattern change
of the detected signals will cause pattern to change in their wavelet transforms.
Observation of these changes and a comparison of the obtained wavelct pattern
with patterns under normal operation conditions may indicate abnormal changes
of system operation conditions. Furthermore, to predict the type of failure to
occur, the pattern corrclator correlates the obtained wavelet patterns with the

pre-fabricated wavelcet patterns corresponding to certain system failures .

Now, the principles of two kernel units of the proposed failure detector, a

wavelet processor and a pattern correlator, are described in detail.
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i) Wavelet Processor

The function of this unit is to perform the above defined wavelct transform
in real-time for their further usage. To construct this processor, the scicction
of basic wavelet function is very important. A best selected wavelet may
maximize the failure detectability and minimize falsc alarm. Two factors must
be considered in the sclection of a basic wavelet. One is the time and frequency
resolution. Although wavelet transform, in general, has better time and fre-
quency resolution than other conventional time-frequency representations, a
well selected basic wavelet may further improve its time and frequency
resolution. Mallat’s wavelcet described in section 5.3 is a good candidate. Other
functions with good localization in both time and frequency domains can also
be used. Another factor is based on the fact that the wavelet transform can
also be interpreted as the correlation of a signal with a group of dilated wavelets.
The basic wavelet selected in terms of the characteristics of the detected signal
corresponding to abnormal svstem bechavior, which might be a precursor of
system failure, will supply benefits to both manual failure determination and
the subscquent pattern correlation. It is thus necessary to perform a thorough
study of signal waveforms and the corresponding wavelet patterns when some

system failures are to occur.

ii) Pattern Correlator

This unit, in fact, performs a corrclation operation between the above
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obtained wavelet pattern and the pattern corresponding to certain system
failures. Many available schemes to realize such a correlation electronically
or optically are available. Bascd on the same principles as for the use of an
optical wavelet processor, it is suggested to use an optical corrclator. Since the
introduction of the optical correlator by VanderLugt, matched spatial filters
have become more and more popular in optical pattern recognition. Although
it gives the highest possible signal to noisc ratio when detecting a known signal
or image corrupted by additive white noise, the correlation peak of this tra-
ditional form of optical corrclator is not sharp enough for a better observation.
Scveral methods have been suggested to solve the problem. Among them arc a
phasc-only matched filter, a binary phase-only matched filter, 2 two-bit cor-
rclator and a joint transform correlator [4-161-[4.22] Since a phase only matched
filter might achieve a much higher optical efficiency than a classical matched
filter, it is proposed to the build the pattern correlator based on a phase only

matched filter.

To practically design the phase only filter used in the proposed failure
predictor, the wavelet patterns corresponding to certain system failures need
to be investigated. And the filters should be calculated based on them. After
a rcal time wavelet pattern from the proceeding wavelet processor enters the
phase only correlator, any appearance of correlation peak at the output may

indicate the appearance of a possible system failure.
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Not only has the advantages of high optical efficiency and very sharp
correlation peak. the phasc only filter is also proved to be robust (4181 which
is very important in thc usage of the filter under practical noisy condition. To
construct this unit of the proposed failure predictor, other pattern rccognition

mcthods can also bc used.
5.8.2 Dense Target Signal Processing

Signal processing in a densc target environment has been found useful in
applications such as medical diagnosis and weather forecast. It was proved

that the echo from the assemblage of targets is described by
o= [ [ DOynTsr= v dvdy (17.1)
O -

where D(x.y) is the target density, s(¢)is the radar signal, v and v are the
distance and velocity, respectively. A closer look at this equation reveals that
D(x.y)is in fact related to the wavelet transform of the echo function e(t).
Anoptical sctup to obtain the above target information is therefore, in principle,
no more than an optical wavelet processor for 1-D signal described in section
4.5. Instead of a discrete bank of filters, on the filtering mask, the pattern is
continuous in both dilation and translation dircctions. Specifically, the

transmittance is determined by the 2-D function of
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where S(-)is the Fouricr transform of signal s(-)

In the system, the echo signal from the radar receiver is first fed intoa 1-D
inputdevice such as a Bragg cell and then optically wavelet transformed through
the optical wavelet processor. The resulted wavelet pattern at the output planc
is then detected by a 2-D CCD array and delivers to cither an electronic post
processing systcm or a monitor for manual determination. Similar to the failure
prediction system, the selection of the wavelet should based on both the
requirement of radar system and high resolutions in both time and frequency

domain.

5.8.3 Image Coding

To efficiently encode an image various techniques such as predictive coding
and transform coding were developed to decorrelate the image pixels [4:23],4.24]
A method based on pyramidal multiresolution decomposition of image was
suggested by Burt and Adelson (4251 However, as analyzed by Mallat, in a
Laplacian pyramid, the detail signals of resolution levels are partially correlated
with each other. To extract and represent only the difference of signal in
different resolution levels, wavelet transform is proposed as a new tool to encodc

an image.

Generally speaking. both pyramid encoding and wavelet encoding are subject

to a samc processing system except the methods of choosing the corresponding
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bandpass filters. Howevcr, because of the orthogonality of wavelet set, there
is no redundant information encoded by wavelet schemc. Higher compression
ratio is thus promised. Now, the sampling and quantization process in wavclet
encoding method is considered. Since the bandwidth of the bandpass filters
becomes smaller and smaller as they approach low frequencics, it is said that
the sampling rate is proportional to the dilation paramcter. At the same time,
it is known that human cyes arc sensitive to the intensity variation in low
frequency band while insensitive in high frequency range. Therefore, variable
quantization lcvels arc assigned to different resolution levels, which are
inversely proportional to the dilation parameters. A constant sampling rate

and quantization level product is thus resulted.

5.8.4 Other Applications

Other applications of wavelet transform can be found widely in ficlds like
speech signal processing, seismic signal analysis, speech synthesizing, turbulence

analysis and nonlinear system analysis.

5.9 Summary

In summary, this chapter described the study of the wavelet transform. Optical
implementation of the wavelet transform for short 1-D signal was described in
detail. Using the designed system, real-time (at least video rate) processing of

wavelet transform is expected. Test results for step function and chirped signal



184

were shown. The recovered signal demonstrate the recovery capability of the
proposed system. Long |-D wavelet transform and 2-D wavelet transform werce
also discussed in the chapter. Computer simsulation results were presented. Problem
of component misalignment was considercd and simulated. The conclusion is that
the recovery quality highly depends on the alignment accuracy in lower frequency
band whilc it is insensitive to the higher frequency band. Applications to system
failure prediction, signal processing in dense targct environment, image coding

and nonlinear system analysis were also briefly discussed.
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Fig.5.0.1. Two pulscs lor analyzing Gabor and wavclet transforms,
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Fig 51,1 Gaussian wavelet in frequency domain.
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(a) (b)

Fig.5.2.1. Analytic wavelet suggested by Mallat. (a) Its waveform in time domain and (b) its
spectrum.
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Fig.5.3.1. Comparison of Gabor window and wavelet function in time domain. (a) Time-shifted
and frequency-modulated Gabor windows. (b) Translated and dilated wavelets.
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Comparison of Gabor window and wavclet function in frequency domain. (a) Gabor
windows and (b) wavelcets.



Fig.5.3.3. (a) Gabor filters and (b) wavelet filters gencrated by ideal towpass and bandpass

filters.
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Fig.5.3.4. Sampling grids of Gabor and wavelet transforms, (a) Equally spaccd sampling grid

(b) Uncqually spaced sampling grid of wavclet transform which is
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Fig.5.4.2. Mask pattern for optical 1-D wavelet transform, which contains aonc low pass {ilter
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Fig.5.4.4. Firing pulses for pulsed laser, where

v, is the aperture time of A-O modulator.
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1. Parallel 2-D wavelet proccssor based on lenslet array or hologram.
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6 IMAGE PROCESSING BASED ON THE CONCEPT OF

GABOR AND WAVELET TRANSFORMS

The above discussed Gabor and wavelet transforms can be found various applications
in image processing. However, for those schemes discussed in the last two chapter,
their processing capability is scriously limited by the spatial-bandwidth product of
optical system (61l In the following, an opto-electronic system architecturec which
can be used to process motion pictures based on either Gabor transform or wavclct

transform is described.

6.1 System Architecture

Principally, this system consists of two 1-D Gabor coefficient or wavelet
transform processors described above and performs 1-D Gabor transforms or
wavelet transforms on horizontal and vertical lines, respectively, at one instant.
It is schematically shown in Fig.6.1.1. The condition for the system to deliver
correct results is that the selected Gabor window function or basic wavelct should

be separable, which means
wx ,N)=uw, (NvDw, () (6.1.1)

For most of the applications, this condition is reasonable.

In the system, each frame of the motion pictures is duplicately fed into to two

similar optical branches A and B by SLM'’s, such as liquid crystal TV’s (LCTV),



Two acousto-optic (A-O) modulators are employed to generate scanning bars in
horizontal and vertical directions on the images in the two branches, respectively.
And thercfore, only two 1-D signals corresponding to two mutually orthogonal
lines of onc frame of image are obtaincd at one instant. They are subject to the
following 1-D Gabor transforms or |1-D wavelet transforms, respectively. From
the obtained Gabor cocfficients or wavelet transform of the 1-D signals, important
informations of certain spatial or temporal targets 14 and their textures may be

detected.

Specifically, consider Branch A of the system. The coherent light from the
laser source is first spatially filtered and shaped to a narrow horizontal bar. A
following A-O dcflector discretely deflects the light bar in vertical direction.
Therefore the frame of motion picturcs currently disptaved on the SLM is illu-
minated and discretized to numbers of lines. Only one horizontal lincs of image
is fed into the cascaded 1-D Gabor coefficient or wavelet transform processor at
onc instant. At the output plane, the Gabor coefficients or the wavelet transform
of this lines of signal is obtained. As the scanning lines go from the top of the
frame to the bottom of the framec, the Gabor cocfficients or the wavelet transform
of cach scanning line¢ are obtained sequentially. Each of these obtained 2-D Gabor
cocfficient or the wavelet transform pattern is called a field of Gabor coefficient
or wavelet transform. Thercefore, N fields of Gabor coefficients or wavelet

transform are generated if the image is discretized to N lines. For the Branch B,

14 By name of spatial target, an intcrested object in once frame of motion picturcs
is described. The name of temporal targets regards the time variation of an inter-
csted object between frames.
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the A-O deflector is placed vertically and it scans the image in horizontal direction
by a vertical bar. The following Gabor coefficient or wavelet transform processor
for 1-D signals then delivers the Gabor coefficients or the wavelet transform of

each vertical scanning lincs sequentially as the scanning line runs from left to

right.

6.2 Application to Target Detection

From the preliminary experiment in Section 4.4, it is known that Gabor transform
with a one-sided exponential function can be used to allocate the position of jump
in 1-D signal. Also, as analvzed by Friedlander and Porat 6:2] the detection based
on Gabor cocfficients has good performance even under strong noise environment.
Therefore, the here proposed 2-D target detector based on 1-D Gabor coefficient
processor is also insensitive to noise. To analyze it, consider the motion pictures
shown in Fig.6.2.]. Because of the similarity between Branches A and B, only

Branch A is described in detail.

First of all, the information given by the system for one frame of the motion
pictures is discussed. For the scanning line H1 in Frame 2, since there is no object
covered by this line, the Gabor coefficient at the output plane should be zeros
except the fluctuations generated by noise. For line H4 in Frame 2, however, there
arc six intensity jumps caused by the edges of three object. Because of there
different textures, the Gabor coefficients of this line of image referring to cach

edge are located at different positions (secc Fig.6.2.2), wherc some small-valued
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Gabo: coefficients arc omitted for simplicity. The coefficients clearly demonstrate
the locations of the each edge and the spatial frequency contents of the object
with certain texturc on this linc of image. The obtained information in this branch
describes all the vertical cdges. the vertical components of tilted edges and the
spatial frcquencies of textures in horizontal direction. Similarly, the information
dclivercd by branch B contains all the horizontal edges, the horizontal components

of tilted edges and the spatial frequencies textures in vertical direction.

Secondly, as the scanning linc runs from the top to the bottom of Frame 2, all
the Gabor cocfficients corresponding to line H2, which is the linc just at the top
of objects. arc zeros. When line H3 is illuminatcd, because of the presence of the
objccts, non-zero Gabor cocfficients start to appear. They maintain their
appcarance until line H5 except an intensity variation caused by the non-uniform
intensity of objects in vertical direction. Fig.6.2.3 principally shows the changing

of Gabor coefficient corresponding to the left edge of the shaded rectangular.

Finally, consider the casc that an object shows at one instance and disappear
atanother instance. The triangle object with lower texture frequency isan examplc.
This appears first time in Frame 2, stays in Frame 3 and then disappears in Frame
3. Thercfore, for the Gabor cocfficient (at point a) corresponding to the left edge
of the object on line 4. It is zero in Frame 1, jumps to certain value in Frame 2,
stay at this value in Frame 3 and jumps back to zero in Frame 4 (sec Fig.6.2.4).

The arrival time of the object is given by this diagram. On the other hand, by
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determining the gate width in Fig.6.2.4, the staying time of this object can also be
obtained. The variation of the intensity of the interested object will cause the

intensity fluctuation of the diagram in Fig.6.2.4 proportionally.

6.3 Summary

A novel clectro-optic system architecture for image processing based on Gabor
and wavelet transform was proposed, which can be used to detect the existence of
both spatial and temporal targets. Because of its using of time-frequency repre-
scntation of 2-D signal, better performance than conventional schemes is expected

when the signal is contaminated by noisc.
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Fig.6.2.3. Variation of Gabor cocfficient corresponding to the left cdge of the shaded
rectangular in Frame 2 of Fig6.2.1.
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7 SUMMARY

To summarize this doctoral disscrtation, new mcthods of optical long data strcam
convolution/corrclation, optical Gabor and wavelet transform implementations and
thcir applications to image coding, system failure prediction, signal processing in

densc target cnvironment and nonlincar dyvnamic system analysis were studied.

Some background materials about optical signal processing was briefly discussed
in the first chapter. In the second chapter, the state-of -the-art optical signal processing
tcchniques were reviewed. Beginning at the third chapter. new methods of optical
implementation of the long data stream convolution/correlation, the Gabor transform

and thc wavelet transform were presented.

In Chapter Three, an optically implementable algorithm, which separates a long
data stream into several shorter sequences based on the Chinese remainder theorem,
was first described. Using this algorithm, the convolution/correlation of long data
strcams arc performed by small scale vector-matrix multiplications, which can be
rcalized using the state-of-the-art optical algebraic processing technologics. Computer
simulation results of this algorithm were presented. A suitable optical processing
architecture was also proposed. As an alternative to the above algorithm, the con-
volution/correlation of the two I-D data sequences was converted into a convolu-
tion/correlation of the two corresponding 2-D arrays. An opto-clectronic scheme using

the algorithm to solve the problem of real-time convolution/correlation of long data



streams was thus described. Three video rate optical and opto-electronic data per-
mutation schemes were presented and compared. Computer simulations for the entirc
three-stage algorithm and their results werc presented. Technical problems,

fundamental limitations of the described schemes were studied.

An opto-clectronic Gabor cocfficient processor for onc-dimensional (1-D) signals
was presented in Chapter Four. Using an acousto-optic modulator as an input device,
a liquid crystal SLM as a reconfigurable window and a two-dimensional (2-D) CCD
dctector array as an output device, a real-time opto-electronic Gabor coefficient
processing architecture for short 1-D signals was established and experimentally tested.
Technical considerations and some preliminary experimental results were also shown
there. As an application of that processor, a Gabor transform based transient signal
detection scheme was proposed. Schemes for implementing Gabor cocfficient pro-

cessors for long 1-D signals and 2-D signals were also discussed.

In the tollowing chapter, wavelet transform was discussed in detail. A scheme
for optical realization of wavelet transform {or short 1-D signal was thus designed.
Using commercially available components, the constructed system can perform wavelct
transform for 1-D signals in real-time. Some experimental results were demonstrated.
As an cxtension of this scheme, 2-D optical wavelet transformer with different
translation parameters and a single dilation parameter for the two dimensions was
proposed and computcr simulated. Technical problems of optical implementation were
studied. Applications of the wavelet transforms to system failure prediction, signal

processing in densc target environment, image coding and nonlinear system analysis




werc briefly described. Optical implementations of long data strecam wavelet transform
were also proposed in the chapter by using the long data stream convolution/correlation

schemes given in Chapter Threec.

Finally, as an application of Gabor and wavelet transform, a novel system
architccture was designed for detection of spatial and temporal target in motion
pictures, which was based on 1-D Gabor and wavelet transform. Although this system
docs not perform processing in real-time, it is expected less sensitive to spatial noise

than conventional detectors because of its utilization of time-frequency representation.



APPENDIX A

A List of Abbreviations

CRT

DFT

FFT

FIR

HDTV

IR

JTC

LCLV

LCTV

N-D

NTT

SLM

TFT

VLSI

One-dimensional
Two-dimensional

Charge Coupled Device
Cathode Ray Tube
Discrete Fouricer Transform
Fast Fourier Transform
Finite Impulsc Response
High Definition Television
Infinite Impulse Response
Joint Transform Corrclator
Liquid Crystal Light Valve
Liquid Crystal Television
N-dimensional

Number Theory Transform
Spatial Light Modulator
Thin Film Transistor

Very Large Scale Integrated Circuit
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APPENDIX B

Zak Transform

Related to the practical situations where time-continuous signals arc sampled
at a cecrtain uniform rate and at an unknown or uncontrolled sampling phasc, the
Zak transform of a complex-valued and time-continuous signal f(t)is defined by

[B.1]
l"(::’w)___ \ /(::+/\_)0'/ffnku) (R.l)

where ~w <z, w<+o,

Now, the basic propertics of the Zak transform without mathematical derivations
are listcd. In the following descriptions, symbol Zak {-)represents Zak transform.

symbol D, f is defined by vf/(yt) (v >0)as dilation operation, symbols 7, f and

-2n bt

R, fmecans f(t+a)and e f(1), respectively.

I'r perty I:
ZAR{FY (L, )= 02" Zak{FY(w, - ) (B.2)

where # represents the Fourier transform of the input function

Property 2:

Zak{fy(=+ " w)=e' """ Zak {f}(=,w) (B.3)
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and
Zak{fYy(z,w+w)=Zak{f(=z,w) (B.4)

where =7 and w' are integers.

Property 3:
Zak{T Y (z.w)=Zak{f}(=+u,w) (B.5)
and

ZUk{R, fY(=z,w)=e """ Zak{f)}(=,w+b)(B.6)

Property 4:

Zak(Dyf>(:,w>=(Zak(/))v(v:,%) (B.7)

Property S:

Zak{f Y(z,w)=Zak{f}(-z,-w) (B.8)
and

Zak{f }(z,w)=(Zak{f}) (=,~w) (B.9)
Property 6:

f(:)=/; Zak{fy(=z,w)dw (B.10)



For details of Zak transform, please consult reference [B.1].
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