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ABSTRACT 

This thesis describes a highly efficient recursive method of image compression 

based on a pyramid of reduced-bandwidth and reduced-resolution versions of the image. 

This method employs the Gaussian-Laplacian kemels to convolve with the image. First, 

pixel-to-pixel correlations are removed by subtracting a low-pass filtered version of the 

image from the image itself. The result should be a net data compression since the error 

image has low variance and entropy, and low-pass filtered image represented at reduced 

sample density. Iteration of the process at appropriately expanded scales generates a 

pyramid data structure. Further data compression can be achieved by quantizing the 

error function. Fast algorithm for Gaussian-Laplacian pyramid technique has been 

implemented in a microcomputer-based system for coding and decoding. 

The main advantages of this algorithm are: 

1. It requires a comparatively small amount of computer memory; 

this makes it easy to implement in microcomputers. 

2. It has less computational steps and fast processing speed. 

3. It closely resembles the Gaussian probabiUty distribution. Hence, 

it performs near-ideal low-pass filtering as well as data compression. 

A further advantage of the Gaussian-Laplacian pyramid is that it is well suited for many 

image processing and analysis tasks as well as for image compression. 
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CHAPTER I 

INTRODUCTION 

Nowadays, the advent of the digital computer has revolutionized almost every 

technological discipline. One of the most radical changes that has taken place in 

communication, in which the accent is now heavily placed upon representation of input 

information in discrete (sampled and quantized) form, leading to a much greater 

flexibiUty in the scope and nature of the operations which can subsequentiy be carried 

out on the data. In more general terms, the information "revolution" appears to have 

created a demand for a wide range of new services, and it is just such a diversity of 

requirements that can be catered to by the now rapidly evolving networks of digital 

communication channels. Many of the new services envisaged require the transmission 

and/or storage of image detail. The digital representation of an image requires a very 

large number of bits. This is always a problem where image transmission costs and 

memory space are concerned. On the other hand, digital communication Unks, although 

offering several advantages when compared with their analog counterparts, do require a 

much higher equivalent bandwidth, and this is a problem where image data is concerned, 

since such source data require a large bandwidth in any case. Therefore, it is not 

surprising that interest in bandwidth compression/image coding techniques, originally 

analog but now digital, has a long history, particularly as appUed to image 

communication or storage. Efficient coding procedures for images provide the 

opportunity for significantiy decreasing transmission costs and allows the reproduction 

of images of reasonable quality at an average of 0.08 to 1.0 bit / element. 
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The goal of image coding is to reduce (to compress), as much as possible, the 

number of bits necessary to represent and reconstruct a faithful duplicate of the original 

image. In fact, any data originating from an image are not random. Adjacent samples 

have similar grey level values, exhibiting thus an important spatial correlation. If this 

correlation is exploited in an appropriate way, there is no doubt that the number of bits, 

which represent an image, can be reduced. The classical, so called "first generation," 

techniques based on this view of the image coding problem are solely guided by 

information theory. This class of techniques led to a plethora of methods, but its 

compression ratio reached a saturation level around 10:1 a couple of years ago[l]. This 

certainly does not mean that the upper bound given by the entropy of the source has also 

been reached. There are some reasons for this as follows. First, the assumptions of 

ergodicity and stationarity are not satisfied for image data and the information theory 

does not take into account what the human eye sees and how it sees. Second, the 

entropy of the image data source is not known and depends heavily on the model used. 

Recent progress in the study of the brain mechanism of human vision has opened 

new vistas in image coding. Our visual system is by far the best image processing 

system one can think of. If the coding scheme is matched to the human visual system 

and attempts to imitate its functions, at least for known part of it, high compressions can 

be expected. Therefore, it does not seem unreasonable to preprocess the canonical form 

in this way before applying the classical coding theory to achieve high compression. 

Directional sensitivity of the neurons in the visual pathway combined with the separate 

processing of contours and textures has led to a new class of coding methods capable of 

achieving compression ratios as high as 70:1. Image quality, of course, remains as an 

important problem to be investigated. Two groups can be formed in this class: methods 

using local operators and combining their outputs in a suitable way and methods using 



contour-texture descriptions. If more effort is devoted to this subject, a compression 

ratio of 100:1 is within reach[l]. 

The objective of this research is to develop a highly compressive image coding 

algorithm for a microcomputer-based image transmission system. The image 

transmission system tested consists of an image frame grabber and two TI-PC 

microcomputers, which communicate through an existing RS-232/modems system over 

standard telephone line. This system is shown in Figure 1.1. The image frame grabber 

and one of the TI-PCs constitute a transmitter which performs the functions image 

capture, image coding, and transmission. Other capabiUties of this system are image 

display, image storage by using harddisk, and image preprocessing, including image 

enhancement and filtering. A black/white video camera is employed as an image gray 

level scanner. The video signal is then digitized into 256 gray levels by the ft-ame grabber 

and stored in a Winchester harddisk. A TV monitor and a TTL color monitor are used to 

display the digitized image.At the other end of the system, a TI-PC is employed as 

receiver and decoder. It performs recovery of an image and image enhancement 

Since the late 1970s, computer-based digital image processing has grown up 

rapidly because of the following reasons: 

1. Hardware advances: The continued development of solid-state 

integrated-circuit technology and cost reduction. 

2. Software advances: The discovery of fast convolutional 

algorithms and use of newly developed faster computer languages. 

3. RexibiUty: The possession of much greater flexibiUty by 

digital systems to carry out nonlinear processing algorithms, 

iterative processes, and processes requiring tests and decision 

making, when compared to optical processors. 



Color 
and 

Black i& White 
Display Unit 

Color 
and 

Black & white 
Display Unit 

n 
Professional 

Computer 

Harddisk 
Storage 

TI 
Professional 

Computer 

Harddisk 
Storage 

Figure 1.1. Image-processing and transmission system. 



The main advantages of a microcomputer-based system over super- or 

mini-computer-based systems are its portability and low-cost With rapid advancement 

of hardware technology, now microcomputers can perform most of the jobs which used 

to be excuted by mainframe or mini-computers. Digital image processing has been 

appUed in recent years to problems occurring in a variety of disciplines from atmospheric 

science to medicine. But the expensive prices and requirement of large space and air 

conditioning of mainframe or mini-computer systems restrict uses of digital image 

processing. Due to the personal computer availabiUty and the resultant cost reduction, 

more and more PC-based digital image processing systems are being developed and used 

in various areas. Although newly-developed microprocessors have high speed numeric 

processing capabilities and memory map addressing large enough to hold and manipulate 

images, there are stiU some problems associated with the highly compressive coding 

techniques for the microcomputer-based system. 

Most of the high compression ratio coding techniques may reduce a large amount 

of transmission time but are not suitable for microcomputer systems, because they 

require much larger memory space and faster processing speed than a microcomputer has 

at this time. For example, the directional composition coding requires least 2.5 

Megabyte RAM memory. This requirement is far beyond the memory of most 

microcomputers which are currentiy used, although such large RAM memory will be 

available at the PC level in the near future. There is, therefore, a compromise to be 

made. If the compression ratio is chosen too high, the currentiy available microcomputer 

wiU either run out of memory or take a tremendous mount of time. In contrast, if the 

compression ratio is chosen too low, the transmission of the compressed image does not 

have considerable benefits over transmission of the original image. A solution to this 

compromise is found by using Gaussian-Laplacian pyramid coding. The compression 



ratio of Gaussian-Laplacian pyramid coding can be as high as 32:1. Note that die 

compression ratios given in this thesis are the ratio of the number of bits which represent 

the original image to the number of bits required for the coded image. The 

Gaussian-Laplacian pyramid coding functions as a low-pass fUter. It reduces the 

resolution of an image as weU as its sample density. Therefore, it requires less memory 

space and reduces computational cost. As wiU discuss later, the Gaussian-Laplacian 

pyramid coding is weU suitable for a microcomputer-based image transmission system. 

The main part of this thesis is concerned with the theoretical and practical aspects 

of Gaussian-Laplacian pyramid coding, intended to process still images, for a 

microcomputer-based system. 

In Chapter 11, a brief overview of first-generation coding techniques, including 

predictive and transform coding methods, is given. Its purpose is to summarize those 

methods used since two decades ago. Then the mechanism of human vision is briefly 

explained. Properties of the human visual system, which can be appUed in image 

processing and coding, are described. The last part of Chapter n examines two 

techniques which can be considered as second generation. The first one is based on 

local operators whereas the other one uses contour-texture. These methods use 

properties of the human eye. Therefore, they reconstruct a good pictiu^ at a very high 

compression ratio. 

Chapter IE is devoted to the algorithm of the Gaussian-Laplacian pyramid coding 

method. First, a theory of hierarchical discrete correlation (HDC) is introduced. It is 

then shown that a fast algorithm of Gaussian-Laplacian pyramid coding can be obtained 

by using HDC. Finally the computational cost of HDC is compared with those of 

standard correlation and FFT methods. 



In Chapter IV, the fast algorithm of Gaussian-Laplacian pyramid coding metiiod is 

implemented in a microcomputer-based system and appUed to the processing of image 

coding. The different parameters wiU be tested and the results are compared and 

discussed. FinaUy, Chapter V concludes with a discussion of the algorithm of 

Gaussian-Laplacian pyramid coding and suggestions for future work in this area. 



CHAPTER n 

TECHNICAL REVIEW 

In the present chapter, several coding methods for image compression are 

reviewed. The first topic dealt with is the classical coding methods, so called first 

generation coding techniques. Thereafter, the mechanism of human vision and 

appUcations of properties of the human visual system to image processing and image 

coding are described. As we know, the very end of every image processing system is 

the human eye. Therefore, it is useful to know how and what eye sees and to apply 

these properties of the eye to the image processing systems. In foUowing sections, the 

new generation of image coding methods, which either are based on a human visual 

model or use some properties of the human visual system, are discussed. These 

methods produce good quality results at high compression ratios. 

Brief Review of Classical Coding Techniques 

In this section, a brief review of classical coding methods is given. Its purpose is 

to summarize the tremendous amount of effort devoted to this particular problem over the 

last two decades to give the background of image coding. As far as techniques are 

concemed, there are two basic approaches for classical coding techniques: predictive 

coding, carried out in the spatial (data) domain; and transform coding, which is, loosely 

speaking, a frequency domain process. It is also possible to combine the two 

approaches in a technique called hybrid coding, which may be said to combine the more 

attractive features of both. Before describing the above main techniques of image 
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coding, it is probably worthwhile to say a few words about the pulse-code-modulation 

(PCM) coding technique, 

PCM Coding 

PCM coding is the simplest, most basic, form of image coding. In this system the 

image signal is sampled, and each sample is quantized and binary coded for 

transmission. For binary facsimile transmission, the image signal is quantized to only 

two levels, black or white, and coded with 1 bit per sample, zero or one, PCM coding 

may be considered as a baseline coding system. Transmission-rate reductions are usuaUy 

calculated with respect to PCM coding. Because of reduction in the number of 

quantization levels from monochrome or color image, PCM coding leads to an effect 

called contouring, in which discrete jumps between quantization levels are observed in 

image regions that are slowly changing in luminance or tristimulus value. This 

contouring effect can be reduced substantiaUy by adding a small amount of 

pseudorandom noise or deterministic dither to the image signal before quantization. With 

such coders, at least 3 bits per sample are required, and there is noticeable residual error 

in the form of a snowlike appearance or a stmctured quantization error pattern. 

Predictive Coding 

The principle of predictive coding is simply described as foUow. Since the image 

data source is assumed to be highly correlated, on average the picture elements lying in 

the same neighborhood will tend to have similar ampUtudes. We may, therefore, use the 

values of one or more earUer elements (which have been previously coded) in the same 

Une, or in a previous Une or Unes, or frame(s) to form a prediction of the present 

element. Given the nature of the image in a statistical context, we expect, again on 



10 

average, that tiie prediction wiU be quite good, and that the magnitude of the difference 

signal formed by subtracting the predicted from the actual value of the present element 

wiU be quite smaU. This signal is then coded and transmitted or stored. In order to 

reconstmct the element value, the same prediction is carried out in the decoder, and the 

difference signal added to it This method is simple, easy to implement. Predictive 

coding methods can be made adaptive if the predictive parameters are adapted to the data 

in an appropriate way. In this way, compression ratio may be increased by about 10 to 

20 percent. An adaptive system gives good quaUty images in the 1-2 bit/element range. 

It is, however, quite sensitive to variations in input data statistics and also to channel 

errors. 

Figure 2.1 contains a general block diagram of a predictive image coding system. 

In such a system, the amplitude of each pixel is predicted on the basis of the history of 

previously pixels. Then, the predicted estimate FQXX) is subtracted from the actual 

pixel ampUtude F(j,k,t), and the diffrence signal D(j Jc,t) is quantized, coded, and 

transmitted. At the receiver, the quantized difference singal Z>(j,k,t) is used to form a 

reconstmction F(j,k,t) of the ideal image by summing the receiver prediction F(j,k,t) 

with the quantized difference signal, A transmission rate reducion is achieved by 

coarsely quantizing the difference signal. 

The simplest form of a predictive image coder is the delta modulation system in 

which the prediction is formed from the previous prediction value quantized to only two 

levels. Differential pulse-code-modulation (DPCM) systems utiUze previous pixel 

prediction difference signal. Tapering of the quantization scale to provide a narrow 

spacing of quantization levels for smaU prediction differences and a wider spacing for 

large differences results in minimum-mean-square coding error and nearly best 
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subjective performance. The coding error can further be reduced by utilizing previous 

prediction differences in an image frame or from previously scanned frames. 

Transform Coding 

In any transforai coding scheme the central operation is, naturally, the application 

of the transform to the one-, two-, or three dimensional data array. For an image with 

high inter-element correlation, many of the higher-order spectral components wiU be 

smaU and may either be coded with very few bits or deleted completely. As an 

alternative interpretation, the operation of the transform may be seen as producing 

spectral coefficient sequences which are approximately uncorrelated before coding; in 

other words, most of the redundancy in the input signal has been removed. Therefore, 

this step effects a reduction in the correlation which exists between the individual data 

samples (pixels) and results in a set of coefficients the members of which may be 

separately quantized according to their statistical properties. Both theory of transforms 

and experiments reveal an important property of transform coding that transformation of 

a set of image gray values, not too dissimilar from each other, results, in the transform 

domain, in groups of coefficients of widely differing values, and which therefore need 

not all be retained to the same accuracy in order to aUow acceptable reconstruction of the 

original data via inverse transform, 

A transform coding system is illustrated in Fig, 2.2, In such a system, a 

two-dimensional unitary transform is taken over an entire image, or repeatedly over 

subsections called blocks. Fourier, sine, cosine, Hadamard, Harr, Slant, and 

Karhunen-Loeve transforms have been extensively utiUzed for image coding. The 

transformation produces an array of relatively uncorrelated, energy-compacted transform 
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coefficients that can be efficientiy quantized and coded for transmission. Compared with 

the mechanism of operation of predictive coding, that of transform coding is relatively 

complex. But, its implementation has benefited greatiy fiom the recent advances in 

high-speed digital hardware and the development of fast algorithms. An adaptive system 

wiU give good image quaUty (provided that the input data does not have large amounts of 

intricate spatial detail) at rates between 0.5 and 1,0 bit/element So, coding efficiency 

can be increased by about 25 to 30 percent compared to the nonadaptive case. It is 

somehow less sensitive to errors than predictive coding. 

Hvbrid Coding 

The difficulties of carrying out fast two-dimensional transforms, in order to take 

advantage of correlation existing in both horizontal and vertical directions in the image, 

prompted the use of hybrid coding techniques. In hybrid coding, the correlation of the 

data in one spatial direction is exploited by taking a one-dimensional transform of each 

line (or column) of the picture, then using a DPCM system to utiUze the correlation of the 

transformed data in the other spatial direction. This approach has resulted in a 

bandwidth compression technique with unique characteristics, since it combines the 

attractive features of transform coding with those of DPCM. Also, since it involves a 

one dimensional transformation of the individual Une of the pictorial data, the equipment 

complexity and the number of computational operations are considerably less than that 

involved in a two-dimensional transformation. The minimum coding rates, however, are 

not as low as those of pure transform coding. Generally, the use of adaptive techniques 

is necessary to achieve rates around 1 bit/element with adequate reconstructed image 

quality. Generally speaking, hybrid coding methods have the advantages of hardware 

simpUcity (DPCM) and robust performances (transform coding)[7]. 
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The concept of hybrid transform/predictive coding has been extended to interfi-ame 

coding. A two-dimensional transform is performed within a fi-ame, and predictive 

coding is applied between frames. Good quality results have been obtained at rates as 

low as 0.25 bit/pixel. 

General Description of Human Visual Svstem 

The human visual system is a part of the central nervous system. The latter is 

doubtiessly the most compUcated communication network. It is managed by the most 

powerful computer: the brain. The communication in this network is carried out through 

nerve ceUs caUed neurons. The brain contains about 10̂ ^ neurons, roughly the same 

number as that of stars in our galaxy, 

A neuron has a body of size varying between 5 and 1(X) um. A main fiber caUed 

the axon and a number of fiber branches called dendrites are attached to this body. 

Figure 2.3 depicts some typical neurons. 

The information transfer from one neuron to another is made electrochemicaUy. 

The junction between two neurons is caUed synapse. The transmitting and the receiving 

neurons are called presynaptic and postsynaptic, respectively. The information 

generated in a presynaptic neuron travels its axon like an electrical signal in a cable. 

Terminal branches of the axon transmit this signal to the dendrities of the postsynaptic 

neuron. During this transmission, the electrical signal generates chemicals at the end of 

the axon which are deposited on the postsynaptic neuron. A neuron can receive signals 

from thousands of presynaptic neurons and can transmit to thousands of postsynatic 

neurons. A given neuron can handle up to 200,000 synapses. This shows the vast 

interconnectivity of a neuron as compared to an integrated circuit whose fanouts exceed 

only a few dozen. The action of a neuron can be of two types: excitatory or inhibitory. 
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The first one generates pulses in the postsynatic neuron whereas the second inhibits tiie 

existing pulses. This basic behavior is at the origin of a variety of phenomena such as 

Mach bands, band-pass characteristic of the visual frequency response, and the edge and 

line detection mechanism of the eye. Moreover, it provides the justification for the 

existing so-caUed local operators for edge detection. 

To have an idea of the complexity of the nervous system, just imagine a network of 

10^^ neurons connected in cascade, in parallel, and with feedback. A schematic view of 

this organization is shown in Figure 2,4, A successful application of this structure is the 

architecture used in the WISARD system developed by Aleksander and his team[22] to 

recognize faces. The analysis of such a complex network of neurons seems, a priori, 

quite difficult if not impossible. There are however a number of features which simplify 

the study. These features make it possible, nowadays, to analyze the nervous system on 

a ceU-by-ceU basis. The first characteristic is that there are only two types signals in the 

nervous system: one for long distances and the other for short distances. The second 

characteristic is that these signals are almost identical in aU neurons regardless of the type 

of information they carry: visual, tactile, auditory, etc. Moreover, their shape doesn't 

vary drasticaUy from species to species. A signal recorded from a cat is similar to that 

recorded from a human being. The signals received and processed by the brain are thus 

symbols representing external events. The nervous system is analyzed with three basic 

tools of the neurobiologist: the microscope, the selective stain, and the microelectrode. 

The signal recorded at a given neuron is a pulse train. Each pulse has a magnitude of 

about 100 mV and duration of about 1 ms. The fi^uency of these pulses is proportional 

to the intensity of the stimulus. The nervous system communicates through frequency 

modulation. What aUows the brain to distinguish between two identical signals is the 

pathway used by each of the signals, in other words-the wiring. 
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There is thus a specific ensemble of neurons corresponding to each type of excitation. 

From a mathematical point of view, there is a one-to-one mapping between different 

parts of the body and the brain. 

Any useful model of the operation of the human visual system must take into 

account as many of the phenomena which are revealed by the everyday working of the 

eye as possible, and there is a long history of work in this area, carried out under 

controUed laboratory conditions, with the object of defining and explaining various 

perceptual effects. Basically there are four dimensions to the operation of the eye which 

are of relevance in the present context, i.e,, how it behaves as a function of the 

independent variables (a) intensity, (b) variation in spatial detail, (c) variation in .temporal 

detail and (d) color. Knowledge of these responses would then enable a complete model 

of the system to be constructed. Unfortunately, while the methods of operation of 

certain mechanisms within the human visual system are firmly established, others are 

more random. There is thus a specific ensemble of neurons corresponding to each type 

of excitation. There is still debate over the appropriate forms of explanation and 

modeUing. Again, the various responses are not separable, spatial and temporal 

responses being Unked, for example, and this inevitably adds to the complexity of the 

model. As far as the response to stiU monochromatic images is concemed, the matter is 

simplified to a consideration of the eye's response characteristics with regard to intensity 

and variation in spatial detail, and these allow us to generate a basic human visual model, 

which may subsequentiy be modified to attempt to account for motion and color 

responses. 

The main features of the human visual system to be modeUed are low-pass spatial 

response due to the physical properties of the system, a high-pass spatial response due to 

the interconnection of the various receptor regions, and an ampUtude nonlinearity due to 
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tiie adaptation mechanism that aUows the system to operate over a wide range of 

background intensity. There is also the question of a detection mechanism to be 

connected to the output of the preceding stages in order to determine whether or not the 

stimulus has been perceived. Figure 2,5 shows a basic model of the human visual 

system, described by HaU and HaU(1977). The model accounts for the gross 

characteristics of the system. In general, it presents a band-pass filter whose bandwidth 

is a function of image contrast, decreasing as the contrast level increases. 

The properties described in this section can be summarized in a block diagram, 

shown in Fig, 2,6, where parts related to the lens, the retina, and cortex are indicated. 

Bars in the boxes indicate the directional filters followed by another filter bank for 

detecting the intensity of the stimulus. The first block is a spatial, isotropic, low-pass 

filter. It represents the spherical aberration of the lens, the effect of the pupil, and the 

frequency Umitation by the finite number of photoreceptors. It is foUowed by the 

nonlinear characteristic of the photoreceptors. Here, a logarithm curve for simpUcity or a 

law of the type L^ for more accuracy, can be used. At the level of the retina, this 

nonUnear transformation is followed by an isotropic high-pass filter corresponding to the 

lateral inhibition phenomenon of the ganglion ceUs. The processing done by the ceUs in 

tiie lateral geniculate nucleus can be included in tiiis high-pass ftiter. Finally, tiiereis a 

directional filter bank that represents the processing performed by the cortical ceUs. It 

should be noted that the whole system is shift-variant because of the decrease in 

resolution away from the fovea. This block diagram is the basis of the human visual 

system,whose properties will be applied in next section. 
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Coding Methods based on a Human Visual Model 

A local operator based technigue-pvramidal coding 

Because it combines features of predictive and transform coding methods and 

because the compressions obtained are not too high (about 10:1 to 32:1), this pyramidal 

coding technique could have been described as a hybrid metiiod of the first generation. 

It is included in the second generation techniques, however, since its hierarchical 

structure is similar to that of the nervous system, and it uses functions close to those of 

the human visual system. It has also elegant capabiUties for progressive transmission or 

reconstmction. 

Starting from the original picture x(i j) to be coded, a low-pass version X2(i,j) of it 

is computed using local averaging with a unimodal Gaussian-like two-dimensional 

impulse response. The low-pass image, with a cutoff frequency of fj, can be viewed as 

a prediction of x(i j). The prediction error is then 

ei(i,j) = x(i,j)-x,(i,j) . (2-1) 

Clearly, coding ciiij) and xj(ij) is equivalent to directiy coding the picture itself. 

The compression that can be expected is due to two facts; a) ej(ij) by its nature is a 

high-pass image. Because of low sensitivity of the eye at these frequencies, fewer bits 

per sample than those used for the original picture could be sufficient, b) xj(i j) is a 

low-pass image. It can be represented by fewer samples than those necessary to present 

the original image, because of the two-dimensional sampUng theorem. 
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At this level, besides particular interpretations and specific functions used, this 

metiiod is conceptuaUy identical to the syntiietic high system[20]. The refinement is tiiat 

the basic operations described above are iterated. 

More specificaUy, xi(i j)is again low-pass filtered, say at a cutoff frequency f2, and 

the result, X2(i j) is used as a prediction of Xj(i,j). The error for this prediction is then 

©2(10) = Xi(i,j) - X2(ij) . (2-2) 

Note that this second error image is smaUer than ej(ij) by a factor which is a ratio 

of the two cutoff fi^equencies fi/f2. After n iterations, a series of prediction error images 

ei(i,j), e2(i,j), ••*, ejj(i,j) are obtained. At each iteration, the dimensions of these images 

are reduced by a factor f/f^+i). For a simple implementation, a factor of two can be 

used at each iteration. If these images are viewed as stacked one above another, the 

result is a pyramidal data structure. Figure 2,7 shows different levels of Gaussian 

pyramid for an image. The difference of two Gaussian-like two-dimensional functions 

is a good approximation of the impulse response representing the lateral inhibition 

phenomenon of the human visual system. These functions are extensively used to detect 

intensity changes. 

A 5 by 5 separable Gaussian kemel is used to determine equivalent 

two-dimensional impulse responses hj(i,j) for each level i of the pyramid. Convolving 

the original image with these impulse responses leads directiy to the error images. These 

images are then quantized and coded. The encoding process is equivalent to sampling 

the image with Laplacian operators of many scales. The size of the kemel is, however, a 

Umiting factor to the size of a scales that can be used. This coding tends to enhance 

salient image features. A further advantage of the present code is that it is weU suited for 

many image analysis tasks as well as for image compression. 
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Figure 2,7. The different levels of the Gaussian pyramid. 
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To reconstmct the decoded image, inteipolation filters are designed and used to 

compensate for the decimation performed at each level. When aU the error images are 

decoded and interpolated to reach the original resolution, their pixel-by-pixel sum gives 

the decoded image. Figure 2.8 shows a block diagram of the system. A nice feature of 

this system is that the quaUty of the decoded picture can be improved as desired at the 

expense of a lower compression ratio. 

It should also be mentioned that the Laplacian pyramid code is particularly well 

suited for progressive image transmission. In this type of transmission a coarse 

rendition of the image is sent first to give the receiver an early impression of image 

content, then subsequent transmission provides image detail of progressively finer 

resolution. The receiver may terminate transmission of an image as soon as its contents 

are recognized, or as soon as it becomes evident that the image wiU not be of interest. 

A contour-texture oriented technique 
—directional decomposition based coding 

In contrast with local operator based methods, contour-texture oriented techniques 

attempt to segment the image into textured regions surrounded by contours such that the 

contours correspond, as much as possible, to those of the objects in the image. Contour 

and texture information are then coded separately. Contours may be extracted by now 

well-known contour extraction—or edge detection-techniques. In this method, heavy 

emphasis is placed on edge detection to preserve edge information in the best possible 

way. According to the properties of the human visual system with reference to coding, 

features required for an edge detector are precision of the edge position, economy in the 

sense that the smaUest possible set of representative edge points are detected, and the 

abUity to reconstruct the original edge. It is not obvious that most of these edge detection 

operators are simultaneously optimal witii respect to aU these features. The commonly 
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Figure 2.8. Block diagram of the pyramid coding method. 
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used point-based definition of edge elements leads to the detection of redimdant 

information. The weakness of this kind of operator is visible in the enormous amount of 

work that has been done (edge thinning, edge tracking, etc.) to improve these results. 

That is why it is preferable to define an edge element(EE) to be a two-dimensional step 

function of a given width and given direction. For notational ease it wiU be represented 

by a vector e with: 

UI = / and ai < arg(e) < a2 . (2-3) 

The goal is to obtain a representation of the edges of an image by means of such 

edge elements. The set of edge elements that provides this representation constitutes the 

edge element set (ES). An edge detection scheme which uses this representation and 

produces the necessary information for reconstmcting the edges satisfies aU the 

requirements mentioned previously. An edge element subset (EES) is defined to be a 

subset of the edge element set containing edge elements confined to limited directions, 

bounded by two angles â  and a2 

Sk={ekl lkkll=A arg(ek)G(ai,a2)} . (2-4) 

Witii each EES we associate a principal direction corresponding to bisector of the angle 

(ai ,a2) and an orthogonal direction which is perpendicular to the principal direction. 

Using these definitions, a directional image is defined to be an image containing 

edge elements belonging to only one edge element subset. Directional filtering is based 

on the relationship between the presence of an edge in an image and its contribution to 

the image spectrum. It is largely motivated by the human vision system. The discrete 

Fourier Transform of image x(k,l) is given by 



29 

N-lN-l 

X(m,n) = Y^. x(k,l)-exp[-j27i(nik-i-nl)/N] . (2-5) 
k=01=0 

Accordingly, a directional filter is a high-pass filter along its principal direction and 

a low-pass filter along the orthogonal direction. Because of the Gibbs phenomenon, the 

ideal frequency response of the directional filters should be modified by an appropriate 

window function. The purpose is to avoid osciUation around zero crossings 

corresponding to real edges. One of the most appropriate window functions for this 

purpose is the Gaussian window given by 

w(k,l) = exp(-(k2+l2)/s2] . (2-6) 

After windowing the filters and filtering, the superposition of aU the directional images 

and the low-pass image leads to the original image. Thus the directional filtering, as 

defined, is an information preserving transformation. There is, however, a compromise 

to be made. If the variance ŝ  of the window function is too large, directional filters are 

more selective in their sector but quite poor as low-pass filters along the orthogonal 

direction. This introduces undesirable osciUations. In contrast, if this parameter is too 

small, these osciUations are considerably attenuated to the detriment to the directional 

selectivity. The same edge may appear in several directional images. A solution to this 

compromise may be found by using the following nonlinear transformation. It consists 

of first computing the sum of the values of the image points lying on the same position in 

all the directional images and retaining the point of the maximum value. Then, all tiie 

other points are set to 0 except the point of the maximum value, which now takes the 
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value of tiie sum. This transform considerably improves tiie directional selectivity and 

keeps the undesirable osciUations at an acceptable level. 

The messages to be coded are tiie directional images and tiie low-pass image. Note 

tiiat tiie coding scheme is not information lossless and tiiat a certain quaUty of 

degradation is assumed when coding. The main objective is to achieve the highest 

compression for a given degradation. The low-frequency component is, by its nature, 

adapted to transform coding. Criticism of transform coding was based on its weakness 

in coding edges. Since there are no edges in the low-frequency component, transform 

coding is tiie preeminentiy adequate metiiod. As it wiU be shown, there is no 

degradation resulting from low-frequency component coding. 

High-frequency images wiU be used for detecting and coding edges, A loss of 

information and hence a quality degradation is associated with this coding procedure. 

The loss of information comes from the inevitable choice between weak and strong 

edges. If the compression ratio is set to high rates, very weak edges must be eUminated. 

On the other hand, the indirect approximation of the edges by line segments, as assumed 

by the definition of the edge elements, introduces some degradations at the locations of 

high curvature. Edge detection in the directional images is based on the high-pass 

character of the directional filters along the principal direction. FUtering a signal with a 

high-pass filter gives zero crossings at the locations of abrupt changes(edges). 

Accordingly, edge detection in the directional images is performed by searching the zero 

crossings along the principal direction of each image. For ease of implementation, a 

normaUzation of aU the principal directions on the horizontal directions is introduced. It 

is based on interpolation, rotation, and resampling. The detaUs of this algorithm can be 

found in [15]. 
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Each directional image is represented by tiie positions and tiie magnimdes of zero 

crossings. The positions are coded with mn-length coding using the Huffman code, 

requiring an average of 4,5 bits per position. The magnitudes of zero crossings are 

coded by trying different numbers of quantization levels. Exploiting the low sensitivity 

to contrast at high frequencies, a 3-bit code word was finaUy retained for coding the 

magnitudes of the zero crossings. The improvements obtained by using large code 

words are not enough to justify the price payed. Smaller code words lead to 

objectionable distortions. 

The compression ratio and the quaUty of an image coded with this scheme depend 

on the following parameters: the cutoff frequency of the fUters, the subsampUng rate, the 

zero crossing detection threshold, and the quantization of the low-frequency 

components. The value of the cutoff frequency determines the amoimt of detaU preserved 

in the low-frequency component: the larger the cutoff frequency, the richer in detail the 

low frequency component, the better the quaUty of the decoded image, but lower the 

compression ratio. The subsampUng rate is directiy related to the number of directional 

filters and to the length of the assumed edge elements. For a large number of directional 

filters, the directional selectivity is improved at the level of zero crossing profUe 

synthesis but the short edge elements are eUminated causing objectional distortions. 

The zero crossing detection threshold controls the importance of edges to be detected and 

reconstructed. Figure 2.9 is a plot of the number of zero crossings as a function of the 

threshold. The compression ratio for a given set of parameters is indicated for each point 

of the curve. For a threshold value larger than 30, important contours are eUminated 

causing visible distortions 

The quality of the low-frequency component depends on the quantization of tiie 

magnitude and the phase of the coefficients to be coded. In Figure 2.10, the root 
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mean-square error between a low-pass image and its coded version is plotted as a 

fimction of the number of bits to code the magnitude. As tius plot indicates, in contrast 

with regular images, tiie subjective differences between tiie corresponding images are not 

as important The low-pass image coded witii 10 bits has no visible distortion and the 

one coded with 8 bits is acceptable. If the number of bits for tiie magnitude is kept 

constant (10 bits), and that for the phase is varied, a similar result is obtained, as 

depicted in Figure 2.11. Using 5 bits for the phase, a perfect low-pass image is 

obtained. The result obtained witii 4 bits is acceptable. A lower number of bits 

introduces important distortions. 

Discussion 

Given the properties of the human visual system, it strongly suggests the use of a 

general contour-texture model for image processing and coding. The techniques 

attempting to use this model are classified as second-generation techniques. These 

techniques put heavy emphasis on the selection of the messages to be coded. Compared 

with first generation methods, they produce good quality results at higher compression 

ratios. 

The Gaussian-Laplacian pyramid coding, as based on local operators, is designed 

in agreement with processing done in the human visual system. By using this method, 

pixel-to-pixel correlations are removed by subtracting a low-pass filtered form of the 

image from the image itself. The result should be a net data compression since the 

difference (error) image has low variance and entropy, and the low-pass filtered image 

may be represented at reduced sample density. Further data compression can be 

achieved by quantizing the error image. These steps are repeated to compress the 

low-pass filtered image. Iteration of the process generates a pyramid data structure. As 
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one proceeds fix)m the bottom level of the pyramid toward the top, local operations 

become capable of detecting global features in the input image. This property, as weU as 

the smaU overhead in memory space relative to the input, makes the image pyramid an 

efficient tool in image processing and transmission. One of the advantages of this 

technique is less computational cost than other second-generation techniques, since it 

reduces image data size and no transform is involved. A fast algorithm for 

Gaussian-Laplacian pyramid coding, which will be discussed in Chapter HI, has been 

developed. The Gaussian-Laplacian pyramid coding can reconstmct a good quaUty 

image at the compression ratio of 16 to 32:1[1]. A furtiier advantage of this method is 

that it is weU suited for many image analysis tasks as well as for image compression, 

because the encoding process is equivalent to sampUng image with Laplacian operators 

of many scales. The Gaussian convolution method has proved to be a useful operation 

in image processing, data compression, and computer vision. 

The directional decomposition based coding can produce a good quality image with 

very high compression ratio. Kunt and Ikonomopoulos have shown that this method 

can reach compression ratios as high as 70:1 [1]. They also predict tiiat the compression 

ratio of directional decompression may reach 100:1 in the very near future. However, it 

needs several improvements to produce better quality images at the same compression 

ratio or to reach higher compression ratios for the same quality. For instance, powerful 

representations should be designed to describe the gray level evolution within each 

region. Although the directional decomposition can reach higher compression ratios, it 

does require a large amoimt of memory, at least 2,5 Megabytes, and considerable 

computational time. The presentiy available microcomputers can not fulfiU these 

requirements. So, the directional decomposition based coding is beyond the scope of 

this research. 



CHAPTER m 

A FAST ALGORITHM FOR PYRAMID CODESTG 

Introduction 

A common characteristic of images is that neighboring pixels are highly correlated. 

A fundamental and frequent task in digital image analysis and coding is therefore the 

computation of image correlations. Unfortunately, image correlations are 

computationaUy expensive: a large number of elementary computational steps are 

required for each location in the image at which the correlation is computed. In this 

chapter, a new technique for computing correlations and a highly efficient recursive 

algorithm wiU be described. 

The technique, caUed Gaussian-Laplacian pyramid coding, combines features of 

both predictive and transform coding methods. It is also considered as a second 

generation coding technique, due to its hierarchical structure and the functions it uses 

close to those of human vision system. This method is noncausal, yet computations are 

relatively simple and local. The pyramid coding technique uses a method called 

hierarchical discrete correlation, or HDC, HDC is computationally efficient, typicaUy 

requiring one or two orders of magnitude fewer computation steps than direct correlation 

or correlation computed in the frequency domain using the FFT (Fast Fourier 

Transform). In addition, the method simultaneously generates correlations for operators 

(kemels) of many sizes. Therefore, this method has applications to a wide variety of 

37 
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image processing tasks, especially to image compression for transmission and image 

analysis. 

The principle of the HDC is that the correlation of a function with certain large 

kemels is computed as a weighted sum of correlations with small kemels, and these in 

turn can be computed as weighted sums of correlations with smaUer kemels. The 

kemels at each iteration of the HDC computation differ in size by a factor r, which we 

call the order of the hierarchical correlation, but not in physical size. 

In this chapter, the properties of the HDC and a fast algorithm for 

Gaussian-Laplacian coding are to be introduced. Definitions and analysis are initially 

given for HDC in one dimension, and then it is shown that these can be directly 

generalized to two dimensions. Next it wUl be shown that the Laplacian band-pass fUter 

can be obtained from the HDC. FinaUy the computational cost of the HDC is to be 

compared with standard correlation and FFT methods. 

Gaussian Pyramid Coding 

HDC in one dimension 

Let f(x) be a function defined only at integer values of x. Also let w(x) be a 

discrete weighting function defined at integer x and nonzero only for -m < x < m. Then 

tiie HDC is defined as a set of correlation functions g (̂x) which can be obtained from f 

and w as follows: 

go(x) = f(x) 
m 

g/(x) = X ^(i)'g/-i (̂ •̂ '̂'̂ '̂ ) ^""^ ^^^ ^̂ "̂ ^ 
i=-m 

where /, m, and r are positive integers. 



39 

The function ĝ  is obtained from f tiirough / recursion of a correlation-Uke 

operation using tiie weighting function w(x). Thus / is tiie level of ĝ  (x) in tiie HDC and 

w(x) is tiie generating kemel. g;(x) is defined as a sum of k = 2M +̂1 values of g/.i(x) 

which are separated by multiples of tiie distance r̂ -̂ - The sampUng distance grows 

geometricaUy by tiie factor r fiiom level to level, so r is tiie order of tiie HDC; k is called 

tiie widtii of tiie generating kemel. The one dimensional HDC is given graphicaUy in 

Figure 3,1. 

The function ĝ  may also be defined as a standard correlation of f witii an 

equivalent kemel ĥ  of widtii k̂  = 2M +̂1 

^ 

&(x) = hKx)*f(x) = X h (̂i>f(x+i) . (3-2) 

The equivalent kemel h may be defined recursively, and is independent of f: 

h(j(x)=l forx=0 

= 0 otherwise 
m 

h x̂) = X w(i)-h^i (x-ir'" )̂ . for />1 (3-3) 
i=-m 

It is convenient to describe the coirelations in terms of equivalent kemels, and to 

compute them with the recursive formulation, Eq. (3-1). 

Let M̂  be the largest value of x for which ĥ (x) is nonzero. From Eq.(3-3) we see 

tiiat 

M̂  = mr'" ̂  + M/. j for />0 
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and Mo = 0 . 

The width k̂  of the equivalent kemel ĥ  is k̂  = 2M^ + 1, 

In order to ensure that the equivalent kemels are unimodal, symmetric, and 

centered at x = 0, four constraints in the spatial domain on the generating kemel are 

adopted here: 

m 

Normalization : 

Symmetry : 

Unimodality 

Equal Contribution 

i=-m 

w(x) = w(-x) , 

w(xi)>w(x2)>0 , 
m 

: y w(j+ir) = - . 

foraUx 

for 0<Xi<X2 

foraUj, 0<j<r 

(CI) 

(C2) 

(C3) 

(C4) 
p - m 

The fourth constraint ensures that every sample point of f(x) contributes with 

equal weight to every level of the HDC when a reduced form of correlation is adopted 

for image processing and also ensures convergence. The properties imposed by the 

constraints on the generating kemel are u-ansferred through it to the equivalent kemels as 

weU. Thus for each /, ĥ (x) is normalized, symmetric, unimodal and has equal 

contribution. 

The properties of the HDC wUl be iUustrated with an example which is weU suited 

for image processing. The width of the generating kemel is chosen as 5 (m=2) and the 

order, r, is 2. Let w(0) = a, w(l) = b, and w(2) = c. Then the constraints become 

w(-l) = w(l) = b , (symmetry) 

w(-2) = w(2) = c , 
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a + 2b + 2c = 1 , (normalization) 

a > b > c > 0 , (unimodaUty) 

a + 2c = 2b . (equal contribution) 

From these constraints, we get 

- J . 
1 a 

One free parameter a remains. Thus, for each value of a within the designated range, a 

different generating kemel and from it, in tum, a set of equivalent kemels can be 

obtained. For example, when a = 0,4, b = 0.25, and c = 0.05, the kemels hj, h2, and 

hj are shown in Figure 3.2. Note that although h^x) was originally defined only for 

integer x, in Figure 3.2 it has a value at fractional x nearest to the next integer value. 

The scales have been adjusted in these graphs to aid comparison: in each case the 

ampUtude of ĥ  has been increased by 2' whUe the x scale has been reduced by the same 

factor. Thus the areas under the curves have been preserved (area =1). 

From Figure 3,2, we note that hj(x) = w(x), and tiiat h2(x) and h3(x) are 

symmetric and unimodal. In addition these three equivalent kemels show a critical 

property of the HDC: the shape of the rescaled equivalent kemel converges towards a 

characteristic terminal form as the level, /, is increased. 
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To be precise, let hi (x) be the function obtained by reseating h^x) as described 

above. Let h^{x) as the characteristic kemel: 

hjx) = lim^/(x) . 

In particular, Cohen[3] has shown that. 

sup I hM) - hi(x) I < — . 
i^"'(r-l) 

for XG R 

The shape of the characteristic kemel depends on the generating kemel and hence 

on the value assigned to the free parameter a. Examples of a = 0.3,0.4 and 0.5 are 

shown in Figure 3.3. When a = 0.5, then c = 0, so that the widtii of the kemel becomes 

3. In this case, the equivalent kemel is triangular, as given in Figure 3.3a. For the other 

values of a, h^(x) is a "bell" shape, which has a broader form for smaller values of a. 

This gives a second critical property of the HDC: equivalent kemels obtained when the 

generating kemel has the width greater than 3 approximate the Gaussian probabUity 

distribution. But the approximation is never exact. For a = 0.4, however, it is 

particularly close, as is shown in Figure 3.4, As a is made smaller the width of h^ 

becomes greater. To characterize this tendency, it has been found that the best fit (Least 

Square Error) Gaussian to h,̂  as a function of a, a weight parameter. The standard 

deviation, a, of this Gaussian is shown as a function of a in Figure 3.5a. Note that a is 

shown normaUzed by 1/r', so it does not change with the level of the HDC.) The 

squared error between h^ and the best fit Gaussian is given in Figure 3.5b. The plot 

shows that the minimum of square error is at a = 0.4. 
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Figure 3.3, Characteristic forms of the rescaled equivalent kemals. 
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HDC in two dimensions 

The hierarchical discrete correlations which have been defined in one dimension 

can be extended directiy to a second dimension. Let the function f(x,y) be defined for 

integer x,y. Then equations for the HDC become 

gmAO = f(in'n) , 

gmA/ = gKrVr'n) 

k k 
2 2 

y,zLw(i0)'gr 
. k. k 
^ " 2 ^ - 2 

The sample positions in two dimensions for HDC with r = 2 are shown in Figure 3.6. 

Constraints on the generating kemel also extend in the natural way: 

k-l k-l 

Normalization: ^ ^ w ( i , j ) = 1 , (C5) 
i=o j=o 

Symmetry : w(ij) = w(-i,j) = w(i,-j) = w(-i,-j) , (C6) 

UnimodaUty : w(i,j) >w(k,l) , for | i |< |k | , 

l j l < | l | (C7) 

k \ 
2 2 

Equal Contribution : ^^^^ (̂"^ '̂'''̂ •̂ J''̂  = ~ . for 0< i,j <1 (C8) 
. k. k r 

An important special case in image processing is that tiie generating kemel is separable. 

So the following constraint is also useful. 
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w(ij) = w^(i) • Wy(j) . (C9) 

Note that (C9) impUes separabiUty of (C5) -(C8) as weU. Hence, the generating kemel 

w satisfies the two-dimensional constraints just because the one-dimensional kemels, w 

and Wy, satisfy the one dimensional constraints. Furthermore, when w is separable then 

the equivalent kemels are also separable, e.g., 

^(x,y) = ^,^(x). ^y(y) (CIO) 

where h^ and h^ are the equivalent kemels obtained in one dimension with the 

generating kemels w^ and w . Thus the properties summarized previously can be 

appUed to two dimensions when the kemel is separable. 

Suppose w^ = w and the equivalent kemel h^ (= h^ ) is approximately 

Gaussian, Then hfii^y) wUl approximate a two-dimensional Gaussian function and wUl 

be nearly circularly symmetric. This property is shown in Figure 3.7a, for which r = 2, 

m = 2, and a = 0.4. On the other hand, if w_ t̂ w ,̂ the equivalent kemel is elongated, 

shown in Figure 3.7b, for which â^ = 0.45 and â  = 0.25 

Reduced HDC 

A modification to the HDC, in which tiie number of g/x) is reduced by a factor of 

r from level to level, is introduced here to suit the application of image compression. 

The arrangement of nodes in the graph which presents the correlation for a HDC, with r 

= 2, is shown in Figure 3.8. Comparing to Figure 3.1, note that every other node has 

been retained at level 1, every forth node at level 2, and so on. However the correlations 



51 

Figure 3.7. Contour map for a two-dimensional equivalent kemal. 
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Figure 3.8. A reduced form of the HDC. 
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defined at the remaining sample points (nodes) are not changed, nor is tiie generating 

kemel, w, or the equivalent kemel, ĥ . It is convenient to change the index of the 

samples of ĝ  (x) as foUows: let g„ ^ be tiie nth samples of g^x) measured from ĝ (0) in 

the positive x direction. Then ĝ ^̂  = g (̂nr'), and Eq. (3-1) becomes 

gn,o=f(n) , n=...-1,0,1,2... 

m 

^nd =2^M^)'SnMM • (3-4) 

The reduced forms of the HDC have a distinct advantage over the original forms in 

that they are obtained with substantiaUy fewer computation steps and require less 

computer storage. Fortunately no information is lost in adopting the reduced sample 

density provided the sample interval (= r*) satisfies the relationship 

• '=?w;- <̂ 5) 

Here W^ is the highest spatial frequency component of ĝ (x) [5]. 

Let Ĝ , Ĥ , and F be the Fourier transforms of ĝ , ĥ , and f, respectively. Then 

G/(s) = HXs)-F*(s) . (3-6) 

Because h^x) closely approximates a Gaussian distribution, Ĥ  can be reasonably 

approximated by the transform of the Gaussian. In particular, if the Gaussian has 

standard deviation â , then its d"ansform is itself a Gaussian and has standard deviation 

a = l/lnc,. As a fairly conservative estimate of the high frequency Umit of Ĥ , and 
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hence also of Ĝ , let Ŵ  =2G^. Then Eq. (3-5) is satisfied when 

/ -t • 

In fact this is approximately the ratio obtained when tiie generating kemel has width 5 

and a is within the Gaussian-like region. It can be concluded that the correlation 

fimctions are adequately sampled in the reduced form of tiie HDC. 

A fast algorithm for image compression 

As shown in the previous section, the HDC is equivalent to convolving the image 

with a set of Gaussian-like kemels which differ in scale by powers of r, the order of the 

HDC. In the point of view of image processing, the HDC acts as a filter which generates 

a set of low-pass fUtered versions of the images. The high spatial frequency Umits of 

these functions differ by factors of 1/r. 

The fUter effect of the HDC is illustrated in Figiue 3.9 and Figure 3.10, 

respectively. Figure 3.9a gives equivalent kemels at three successive levels of the width 

5 in which a = 0.4. The Fourier transforms of these kemels are also shown in Figure 

3.9b. As shown in Figure 3.9b, the widths of the equivalent kemels increase with level, 

but the widths of the transforms decrease with level. Figure 3.10 shows the results 

when the Gaussian-like HDC appUed to a one dimensional random fimction. The 

original fimction is given in part a while the first five correlation functions, ĝ , are given 

in parts b through f. Dots show 256 sample points of the original function for 

comparison. These results were obtained with a full density HDC of width 5 and 

a = 0.4 [4]. These continuous functions were obtained by linear interpolation between 
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Figure 3.9. Equivalent kemals obtained at tiie tiiree successive levels of a HDC. 
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samples. Short line segments below each correlation show the sampling intervals when 

the reduced form of the HDC is used. 

As described above, the HDC may be computed as an initial step in many image 

processing or image analysis tasks, A highly efficient algoritiim for Gaussian pyramid 

coding, which can be appUed for image compression and image analysis, will be 

described in the next sections. The Gaussian pyramid coding employs the reduced form 

of the HDC. The purpose of Gaussian coding is to apply a low-pass fUter to the original 

image ĝ , to obtain image gj, a reduced form of gg in both resolution and sample 

density. In tum, a g2 is formed as a reduced version of gj and so on. 

The fUtering is performed by a procedure equivalent to convolution of the input 

with a Gaussian-like kemel. This kemel, which is a local, symmetric weighting 

function, resembles the Gaussian probabUity distribution. So the sequence of images 

go» gi» — » gn ŝ caUed the Gaussian pyramid. 

Suppose the image is represented initially by the array gQ which contains X 

columns and Y rows of pixels. Each pixel represents the value of the gray level at 

cortesponding image point by an integer I between 0 and K-l. This image is treated as 

the bottom or zero level of the Gaussian pyramid. Pyramid level 1 contains image gj a 

reduced version of gQ. Each pixel value within level 1 is computed as a weighted 

average of values in level 0 witiiin a 5-by-5 window. Each value within level 2, 

representing g2, is then obtained from values within level 1 by applying same pattem of 

weights and so on. Here the 5-by-5 pattem is selected because it provides appropriate 

fUtering at low computational cost 
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Figure 3.10. HDC appUed to a one-dimensional random function (after [4]). 
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The level-to-level averaging process is performed by tiie fimction REDUCE, 

g; = REDUCE(g,.i) 

which means, for levels 0 < / < N and nodes i, j , 0 < i < X̂ , 0 < j < Y .̂ 

2 2 

&(m,n) = ^^w(i,j)-g,_i(2nH-i,2n+j) . (3-7) 
i=-2j=-2 

where N refers to the number of levels in the pyramid, while X̂  and Ŷ  are the 

dimensions of the /tii level. The dimensions of the original image are appropriate for 

pyramid construction if integers M ,̂ M , and N exist such that X = M^2^+l and Y = 

My2N-Hl. So, tiie dimensions of ĝ  are X^= M^2N-i+l and Y, = My2N-i-H. 

As explained in the previous sections, the 5-by-5 generating kemel, is subject to 

certain constraints. One of the constraints is separabiUty of w(i,j), 

w(i j) = w(i) w(j) . 

So, the two dimensional kemel can be represented as a multipUcation of two one 

dimensional kemels. To satisfy those constraints, the one dimensional kemel is defined 

as 

w(0) = a , 

w(-l) = w(l) = l/4 , 

w(-2) = w(2) = (l/4)-(a/2) . 

Equation (3-7) can also be expressed in the separable forms 

2 

g/ni,n) = ^ w(i)-g/(2mfi,n) (3-8) 
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where 
2 

&'(m',n) = 2lw(j)-g^i(m',2nf j) . for 0<m'<X î (3-9) 
j=-2 

The principal advantage of tiie separabiUty property is tiiat g;(m,n) can be obtained in 

two steps by successive appUcations of HDC. It reduces a large number of 

computational steps. 

Iterative pyramid generation is equivalent to convolving the image gQ with a set of 

"equivalent weighting functions" ĥ , 

&(i0)= X X h/(m,n)-go(i2'+mj2'+n) . 
m=-Mji^-M^ 

The size M ôf the equivalent weighting function doubles from one level to the next, as 

does the distance between samples. 

The effect of convolving an image with one of the equivalent weighting functions 

ĥ  is to blur, or low-pass fUter, an image. The pyramid algorithm reduces the filter band 

limit by an octave from level to level, and reduces the sample interval by the same factor. 

This is a very fast algorithm, requiring fewer computational steps to compute a set of 

fUtered images than are required by the FFT to compute a single image, which will be 

discussed in details in later sections. 

A function, caUed EXPAND, is defined here as the reverse of REDUCE. Its effect 

is to expand an (M+l)-by-(N+l) array in a (2M+l)-by-(2N+l) array by interpolating 
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new node values between tiie given values. Thus, when EXPAND is appUed to ĝ , tiie 

Gaussian pyramid would yield an array g ĵ which is the same size as g^j. 

Let ĝ  ĵ  be the result of expanding ĝ  n times. Then 

g/.o = g/ 

and g^, = EXPAND(g,„.i) , 

which means, for levels 0 < i < Xj^, 0 < j < Y^^y 

2 2 

&„(m,n) = r^-XX*(>J) -8M(^ .x ) ' (^1°) 
F=-2j=-2 

Note that only terms of which (i-m)/2 and (j-n)/2 are integers, are included in this sum. 

So, if we apply EXPAND 1 times to image ĝ , we obtain an image which is the same as 

the original image gg. Although this expansion wiU not be used in image coding, it wiU 

be used to help visualize the contents of various arrays within a pyramid stmcture and to 

reconstmct an image after decoding. 

The Laplacian Pyramid 

Laplacian-Uke operators are said to be band-Umited since they respond to details of 

the image which contain a Umited range of spatial frequencies. The band-limited 

Laplacian may be formaUy defined as the Laplacian of a Gussian, V ^ , but the result 

can be approximated as the difference between two Gaussian functions which have 

different standard deviations 
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U-.y)=^ 
f^-i^^+Y^P^ pV+yV2c^'l 

07 02 / 

(3-11) 

TypicaUy tiie ratio Gj/ajis in tfie range 1.75 to 3.0 [7]. 

A band-limited Laplacian with a ratio 0^/02 = r may be obtained from the HDC of 

order r simply by subtracting g/+i(x) from g (̂x). If tiie reduced form of tiie HDC is 

used, samples of g/+i(x) are not computed for every sample of g/x). Missing ĝ ĵ are 

obtained by applying w(x,y) to tiie neighborhood of g^x). 

To obtain a ratio 0^/02 < r, two HDCs are computed with different generating 

kemels. These are determined by the properties of the HDC to obtaine a desired a. The 

L operator is then simply a difference between corresponding samples in the HDCs. 

A third procedure yields a ratio al/o2 > r. First an HDC is obtained to form the 

central Gaussian. Then the siuround Gaussian is obtained by applying the generating 

kemel in reverse. It is defined as foUow 

2 2 

i=H-2p-2 

The sums in this expression include only those terms for which (m-i)/r and (n-j)/r are 

integer valued. The equal contribution conso-aint on w ensures tiiat the sum wiU have a 

total weight of l/r ,̂ hence the r̂  factor normalizes the sum in tiie above definition. 

Examples of the Laplacian operator are given in Figure 3.11 and Figure 3.12. In 

each case a HDC was used with widtii 5 and a = 0.4, so that results may be compared 

with the previous figures. A ratio of G^/G2 = 2 (= r) was obtained using the first method 
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Figure 3.11. Laplacian operators obtained as tiie differences of Gaussian-like 
kemels at three successive levels of the HDC (after [4]). 
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described above. Laplacian operators at three successive levels of the HDC are shown in 

Figure 3,11, along with their Fourier transforms. When these operators are appUed to 

the one dimensional random function of Figure 3.12a, a set of band-pass fUtered forms 

of the function are obtained, shown in Figures 3.12b-h, 

Two important points should be made here. First, the original image may be 

recovered by summing the functions L^x,y) for all levels. This foUows from the fact 

that each Laplacian operator is the difference between two Gaussian-like operators, and 

that the level zero Gaussian correlation function, go(x), is the image itself. Image 

reconstmction is shown in Figure 3,12i, in which the sum of L (̂x,y) for 1 = 0 to 7 is 

given along with the original random function for comparison. This advantage of image 

reconstmction can be taken by using the HDC for digital storage or transmission. 

The second point is that spectral energy within spatial frequency bands of an 

image may be computed by squaring, then integrating the cortespond band-pass fUtered 

versions of the image, L^x,y), Thus the HDC provides a computationaUy efficient 

means for obtaining local power spectra in image analysis. 

As described above, for constmcting the reduced image gj may serve as a 

prediction for pixel values in the original image gg. To get a compressed representation, 

the error image, which remains when an expanding ĝ  is subtracted from gg, is encoded. 

This error image becomes tiie bottom level of the Laplacian pyramid. The next level of 

Laplacian pyramid is generated by encoding gj in the same way. So a Laplacian 

pyramid can be defined as a sequence of error images LQ, Lp ..., L^. Each is tiie 

difference between two levels of the Gaussian pyramid. Thus, for 0 < / < N, 

L/ = g/-EXPAND(g/+i) = &-g/+i; . (3-13) 

Since there is no image g^^^ to serve as the prediction image for gĵ , Gĵ  = L̂ .̂ 
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The value at each node in the Laplacian pyramid is the difference between the 

convolutions of two equivalent weighting functions h^ ĥ ĵ with the original image. 

Again, this is simUar to convolving an appropriately scaled Laplacian weighting function 

with the image. The node value could have been obtained directiy by applying this 

operator, although at considerably greater computation cost. 

Like viewing the Gaussian pyramid as a set of low-pass filtered copies of the 

original image, the Laplacian pyramid can be viewed as a set of band-pass fUtered copies 

of the image. Also, sirmlar to the Gaussian pyramid, the scale of the Laplacian operator 

doubles from level to level, whUe the center frequency of the pass-band is reduced by an 

octave. 

As mentioned in previous sections, it can be shown that the original image can be 

recovered exactiy by expanding, then summing all the levels of the Laplacian pyramid 

N 

go = X L A / - (̂ -̂ ^^ 
hi 

A more efficient procedure is to expand L^ once and add it to I^.j, then expand 

this image once and add it to Lĵ .2' ^ ^ ^° ®̂  ""^ ^̂ ^̂ ^ ^ ̂ ^ reached and gQ is recovered. 

This procedure simply reverses tiie steps in Laplacian pyramid generation, so it wUl save 

a lot of computational steps from the first procedure. From Eq. (3-7), it can be seen tiiat 

and g/ =L/+EXPAND(g^^i) . for 1 = N-1, N-2, ...,1,0. 
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Computational Efficiencv 

In previous sections, several advantages that the HDC has over other methods of 

computing cortelations were revealed. These include the fact that correlations are 

simultaneously obtained for a number of kemels which differ in size, and the fact that 

only a smaU generating kemel need be specified even to compute cortelations with very 

large equivalent kemels. A single HDC computation can be used to obtained the results 

of applying a variety of operators to an image, with negUgible additional computational 

expense. In addition the stmcture of the HDC provides a convenient mechanism for 

adjusting tiie sample interval to the scale of the equivalent kemel. It can also be shown 

that the HDC is computationaUy more efficient than either direct correlation or 

cortelations computed in the frequency domain using the FFT. 

Let Njjj3^ be the total number of elementary computation steps, such as additions 

and multipUcations, required in the reduced form of the two-dimensional HDC. There 

are just k̂  additions and multiplications for each sample node above level 0, where k is 

the width of the generating kemel. If the image is a N-by-N array of pixels, then level 1 

wiU have N /̂r̂  sample nodes, level 2 wUl have N /̂r̂ , and so on. The total number of 

the nodes above level 0 is thus 

and 

N H D C = - T : ^ 

If advantage is taken of symmetries in the generating kemel tiien tiie number of 
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multipUcations can be furtiier reduced by a factor of about 4. 

Now let N(.Qĵ  be the number of elementary operations needed for a direct 

correlation. From Eq. (3-3), tiie widtii of tiie equivalent kennel at level / is found 

roughly bemg k'« kr'(r-l). There wUl be N^r^' sample nodes at level / and k̂ ^ 

additions and multipUcations for each sample node, or a total of k^N /̂(r-l)^ elementary 

computational steps. Since tiiere are at most loĝ . N levels. 

k̂ N^ 
NcoR = ;-logrN . 

FinaUy, define Nppj, as the total number of elementary operations for a fast Fourier 

transform. The number of adds and multiplies for a two-dimensional FFT is 

approximately N^log2N. A separate FFT is needed for each of the log^N levels, 

NpFT = N^-log2N-log^ . 

The relative efficiency of the HDC with respect to comparable direct cortelation is given 

by the ratio 

NHDC (r-1) 

NcoR (r+l)-logrN • 

As an example, suppose N = 256 and r = 2, Then tiie ratio is 1/24. Thus the HDC 

requires fewer elementary computations by more than an order of magnitude. 
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Now consider the relative efficiency of tiie HDC and the FFT, 

NHDC k̂  

NpFT (r^-l)-log2N-log^ 

For example, if N = 256, r = 2 and k = 5, tiien tiie ratio is 25/192 « 1/8. Thus tiie HDC 

requires fewer operations than the FFT by almost an order of magnitude. 

It should be mentioned here that the FFT method produces results at the full 

sample density, while the HDC produces only a reduced sample density. As has been 

shown in the early sections, however, no information is lost when the reduced density is 

used. Another potentiaUy important advantage of the HDC over the FFT is that in the 

former the computations are always local, while in the latter they are global. Thus it is 

not necessary to have the fuU image avaUable in order to begin the HDC computation. 

Summary and Discussion 

The Gaussian-Laplacian pyramid is a data stmcture in which the input is 

represented at successively reduced resolutions. As has been shown, the 

Gaussian-Laplacian pyramid has many attractive features for image processing. As 

shown above, the congelation of a function f(x,y) with certain kemels can be computed 

hierarchicaUy: the cortelation with a large kemel, h^x,y), is a weighted sum of 

cortelations with a smaller kemel, ĥ  j(x,y), which in mm are weighted sums of 

cortelations witii stiU smaUer kemels. Those HDC generating kemels closely resemble 

tiie Gaussian probabiUty distribution. This means tiiat cortelation is equivalent to 

low-pass filtering. And the two -dimensional kemel is very nearly circularly symmetric. 
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Anotiier advantage of this technique is that it is computationally more efficient than 

the direct cortelation and the FFT method, as discussed in the previous section. In 

addition, cortelations for a set of scaled kemels are computed at once, without any need 

to constmct and store large kemels of different shape and sizes. These properties make 

it particularly weU suited for our appUcation on a microcomputer. 

This method also includes the band-pass Laplacian pyramid. The pyramid 

represents an image as a series of quasi-bandpassed images, each sampled at 

successively sparser densities. The resulting code, which form a self-similar stmcture, 

is localized in both space and spatial frequency. Hence, in this representation, image 

features of various sizes are enhanced and are directiy available for various image 

processing tasks. It should also be observed that the Gaussian-Laplacian pyramid code 

is very well suited for progressive image transmission. 

FinaUy, another important property of the Gaussian-Laplacian pyramid should be 

shown here. The reduced HDC overcomes an awkward property of the traditional 

pyramid, that the information represented at each level is highly dependent on image 

position. In the HDC values at each level represent discrete samples of the continuous 

cortelation function. As shown earUer, this function is band-limited and the sample 

interval is sufficientiy smaU so that no information is lost in the sampling process. 

Therefore, it can be executed regardless of image position. 



CHAPTER IV 

IMPLEMENTATION AND RESULTS 

Implementation 

The concept of using digital computers to process pictures is over two decades 

old. This field, however, is still a relatively new area of technology with applications in 

a wide variety of areas of science and technology. Because image processing requires a 

tremendous computer memory and takes a large amount of processing time, most of the 

dedicated digital image processing systems were either mainframe driven or 

minicomputer-based. With fast growth of the technology of hardware, faster and larger 

memory capabiUty microprocessors, special-purpose digital signal processors, and 

specialized computer peripherals are now avaUable. The expansion of capabiUty of 

microcomputers and the resultant cost reduction have led to the rapid development of 

microcomputer-based systems, some specially designed to access, process, and display 

image data, 

AppUcation of microcomputer-based image processing systems to the area of 

image compression has spawned the most recent field of image coding and transmission. 

Although digital image processing is usually labeled as a large and intense data 

processing task, special requirements imposed by image compression make this task 

even greater. Furthermore, short processing times and high ratio of image compression 

are specially required by real-time communication. Consequently, most of the work in 

image compression has been done on mainftames and minicomputer 

systems. The cmrent scientific world possesses an abundance of microcomputers 

70 
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and newly developed microcomputers possess most functions of mainframes or 

minicomputers. The recent research of our image processing laboratory has been in this 

direction. This offers a solid base for employing a microcomputer-based system in the 

field of image compression. Since the extension of the microcomputer capabiUty and a 

fast algorithm of image coding, which has been discussed in Chapter IE, has been 

developed, the image coding and transmission can be accompUshed at the microcomputer 

level. This section wiU discuss the development of a microcomputer-based system and 

the implementation of the algorithm of Gaussian-Laplacian coding technique on this 

system. 

A brief review of a TI PC based image processing system wiU provide insight into 

the capabiUty and the appUcabiUty of the systenL The hardware of the system is shown 

in block diagram in Figure 4,1. The operation of such a system involves analog to 

digital conversion of the video signal, image storage, and image display. The host 

computer ~ TI PC has access to the information via the interface circuit for further 

processing of the digitized video signal. Although the operation of the system may seem 

straightforward, the signal rates, image array sizes, and different processing procedures 

make it somewhat difficuU to realize at the microcomputer level. 

The digital image acquisition component of the system is a real-time video 

digitizer. The digitizer, shown in Figure 4.1, includes all data conversions, image 

storage, and an interface to tiie TI PC, As proposed for a microcomputer level image 

processing system, the digitizer is designed to use a separate high-speed expansion 

board, which is memory mapped to tiie TI PC system to aUow fast memory access and 

more memory for image storage. It provides a black and white image as a 256 x 256, 

eight-bit pixel array, allowing 256 gray level resolution for each pixel. The display unit 

can display both black and white and pseudocolor images with 8 or 16 colors. 
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Figure 4.1. The block diagram of the TI PC-based image processing system 
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The TI PC system is compatible witii the IBM Personal Computer[18]. The heart 

of tiie TI PC system is an Intel 8088 microprocessor. Figure 4,2 shows a block diagram 

of tiie intemal architecture of tiie 8088[19]. The 8088 has an 8-bit extemal data bus with 

a 16-bit intemal bus capacity. The memory addressing space is defined by a 20-bit 

address bus. This responds to an extensive memory map covering up to 1 megabyte of 

memory. AdditionaUy, a 10 megabyte Winchester harddisk provides the memory space 

needed for a smaU database of images, thereby meeting the general image storage 

reqmrement Further, an Intel 8087 math coprocessor is added to tiie system in order to 

increase computation power, especially in floating point calculation. The system is 

equipped with a color graphic controUer and a color monitor to meet tiie requirement of 

pseudocolor image display and graphics display. Thus, this system has all tiie functions 

of hardware needed by a general image processing system. The interested reader can 

refer to a recent paper by Heinrich, Feaster, Wu, Mitra and KrUe[10], for a detailed 

description of the hardware of the TI PC based image processing system. 

The system software, that is used to specify, operate, and control system 

processing procedures, has been written in "C" language and Intel 8088 assembly 

language under the MS-DOS environment. The reason for employing "C" and assembly 

language is for fast machine level access and increasing runtime execution speed and 

computation power. The system software block, shown in Figure 4.3, displays the 

main modules of the TI PC image processing system. The control system(main 

program) is written as a user friendly, menu driven type of software. It links all 

modules together and performs a control role for the system. The digitizer interface 

module suppUes the necessary I/O to completely control the digitization and aUows for 

moving an image to either a harddisk or a floppy disk. Note that the format in which 

images are saved is in un&anslated format so any other languages may have access to tiie 
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image files. This module also provides tiie option to create a 128 x 128 "window image" 

used in fi:equency domain processing. The display and utiility module caUs all display 

routines and aUows for image retrieval from disks. This module can display up to 4 

image buffers, which meets image comparison and analysis requirements. It may also 

display different sizes of "window" images. 

The spatial domain image enhancement attempts to modify tiie statistics or the 

stmcture of an image. The statistical properties of an image are revealed in either a 

histogram distribution of the gray levels or the maximum, the minimum, and the mean 

values of the gray levels of an image. The image enhancement module includes most of 

the classical spatial domain enhancement technique routines, all operating on the entire 

256 X 256 image artay. Image contrast enhancement is avaUable through histogram 

modification techniques(equalization and roUing) or numerous point processes, such as 

contrast stretching, level slice, contrast reversal, etc.. As a speedy and memory-saving 

altemative to frequency domain enhancement processes, a small kemel convolution is 

employed in this module as a spatial domain process option. The typical 3x3 pixel 

masks are used in the convolution routines, which can perform edge smoothing and edge 

sharpening. Such smaU masks are executed fairly quickly and are very effective in 

modifying small area features. The functions of the spatial domain enhancement module 

meet most of the image enhancement and analysis needs. 

The frequency domain processing module utUizes the Fast Fourier Transform 

(FFT) as a time-saving algorithm to transform spatial image to spatial frequency data. 

The complex nature of this transform, compounded by the image array sizes, makes 

even this "fast" algorithm a chaUenging computational task on any computer. Due to the 

memory size and stmcture Umitations of the nucrocomputer, tiiere is not enough 

workspace to perform an FFT on a 256 x 256 image array. Thus a compromise has 
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been made and the system creates a "window" image, that is a substmcture of the 

original image. AU frequency domain processes are performed on a 128 x 128 

"window" image created by eitiier tiie digitizer module or tiie utUity module. Witii tiie 

size constraint met, the use of "C" and the 8088 assembly language and tiie addition of 

an Intel 8087 coprocessor to the system have been able to reduce the FFT/Filtering/IFFT 

cycle time fix>m 70 minutes to under 15 minutes. The resulting output may be either 

saved in image storage or displayed. The Fourier domain data is also quadrant-reversed 

as a result of using the FFT algorithm. Thus the data must be quadrant-reversed to give 

the tme frequency domain result. So, an assembly language routine is called before and 

after the filtering process to reverse quadrants of the image array. The filtering operation 

is performed in the frequency domain. Figure 4.4 lists aU types of filters available in the 

frequency domain process module. The appropriate parameters of these filters can be 

specified by users. The capabiUty to filter with any other desired masking function is 

easily added to aUow virtually any type of enhancement on a "window" image. The 

resulting output of the frequency domain may be used to examine the spectral stmcture 

of the "window" image. 

The final module of the TI PC-based system is the image compression or 

reconstmction module. The image compression module executes the process of 

Gaussian-Laplacian coding. Figure 4.5 shows the general block diagram of tiiis 

process. First the Gaussian convolution routine is executed to generate a Gaussian 

pyramid. The Gaussian pyramid generation uses a 5 x 5 pattem of convolution mask. 

This mask is chosen subject to certain constraints, discussed in Chapter in. The reason 

for selecting the 5 x 5 mask is due to tiie achievement of adequate filtering at a very low 

computational cost. The Laplacian process routine is tiien called to produce a Laplacian 

pyramid. The resulting pyramid is a sequence of ertor images, which can be 
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1 
1 

Figure 4.4. The list of filters avaUable in the frequency domain processing module. 
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Figure 4.5. The general flowchart of tiie compression module. 
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approximated by the difference between two levels of tiie Gaussian pyramid. These 

error images, that are saved in harddisk, are quantized for further compression. The 

transmission protocol has been designed to use RS-232 standard serial communication 

protocol. This makes it quite easy to utilize existing telephone lines as transmission 

media of image transmission. At the other end, the reconstmction module simply 

performs the reverse process of Gaussian-Laplacian pyramid technique to recover the 

received coded image. The procedure is to expand received Gaussian pyramid level Gĵ  

image once and add it to Laplacian pyramid level Lj^j ertor image, then expand this 

image once and add it to level Lĵ _2 ^^^^^ image, and so on untU level 0 is reached and the 

image is recovered. In order to reduce processing time, both modules employ integer 

format process instead of floating-point format process. In the experiment, the entire 

process of Gaussian-Laplacian pyramid compression and reconstmction takes under 3 

minutes. This is the great saving of processing time, especiaUy compared to other 

coding techniques. 

Results 

Four images were chosen for testeing the compression algorithm. AU four images 

are 256 x 256 8-bit resolution image artays. First two, shown in Figure 4.6, are 

computer generated test images. Figure 4.6 (a) and (b) show a binary image and a test 

image that has 8 level colors, respectively. The other two images. Retina and Einstein, 

are real images digitized by TI PC-based image processing system. These image are 

shown in Figure 4.7. Figures 4.8 and 4.9 show first four levels of Gaussian and 

Laplacian pyramids of different test images. Figures 4.10 exhibits tiie progressive image 

transmission process, in which tiie pictures show the reconstmctions after Laplacian 

pyramid level 3,2, and 1 have been added. As fmal results, Figure 4.11 shows the 
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(a) 

Figure 4.6. Computer-generated test images, (a) Image Testl 
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(b) 

Figure 4.6. (Continued) (b) Image Test2 
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(a) 

Figure 4.7. Digitized real images, (a) Retina 
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(b) 

Fi< ûre 4.7. (Continued) (b) Einstein 
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(a) 

Figure 4.8. Gaussian pyramid of test images, (a) Testl 
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(b) 

Figure 4.8. (Continued) (b) Test2 
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(c) 

Figure 4.8. (Continued) (c) Retina 
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(d) 

Figure 4.8. (Continued) (d) Einstein 
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(a) 

Fi<Ture 4.9. Laplacian pyramid of test images, (a) Testl 
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(b) 

Figure 4.9. (Continued) (b) Test2 
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(c) 

Figure 4.9. (Continued) (c) Retina 
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(d) 

Figure 4.9. (Continued) (d) Einstein 
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(a) 

Figure 4.10. Progressive transmission of test images, (a) Testl 
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(b) 

Figure 4.10. (Continued) (b) Test2 
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(c) 

Pigure 4.10. (Continued) (0 Reuna 
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(d) 

Figure 4.10. (Continued) (d) Einstein 
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(a) 

Figure 4.11. Reconstmcted versions of test images, (a) Testl 
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(b) 

Figure 4.11. (Continued) (b) Test2 



99 

(c) 

Fi<^ure4.11. (Continued) (c) Retina 
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(d) 

Figure 4.11. (Continued) (d) Einstein 
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reconstmcted versions of tiiese test images. These images are compressed at an 

approximate compression ratio of 16:1(0.5 bit/pbcel). Compared to some second 

generation coding techniques, tiiis compression ratio is not very high. But it is important 

to note tiiat it is higher tiian tiie saturation level of tiie first generation coding techniques, 

which is about 10:1[1]. If an adaptive quantizer is employed by the system, much 

higher compression ratios can be reached. Because Gaussian pyramid generation is a 

low-pass filtering process, the edges of tiie encoded version of the image are smootiied. 

Therefore, a post-processing of the reconstmcted image is performed in order to enhance 

and sharpen the edges of the encoded image. Figures 4.12 (a) and (b) show the the 

results of edge enhancement on Retma and Einstein. It is obvious tiiat the edges of both 

images are enhanced. All of these pictures show that the Gaussian-Laplacian pyramid 

coding technique can produce a very good quality of image at a high compression ratio. 

Since the Gaussian-Laplacian pyramid coding algorithm has a low-pass fUtering 

function, the recovered version should improve the quaUty of the original image, 

especiaUy for a noisy image. Therefore, in addtion to those test images shown above, 

Gaussian noise with a standard deviation of 50 was added to a computer-generated 

image and a real image, shown in Figures 4.13(a) and 4,13 (b), respectively, for finding 

the effect of the noise on the results of this pyramid coding algorithm. Figures 4.14 (a) 

and 4.14(b) show the reconsdiicted version of these test images, respectively. It is 

obvious that the resulting images are improved quaUtatively and the noise is considerably 

reduced. This shows that the Gaussian-Laplacian coding can not only compress and 

recover images at a high compression ratio, but can also improve image quality, 

especially for noisy images. This attractive feature of the Gaussian-Laplacian pyramid is 

well suited for many image processing tasks. 
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(a) 

Figure 4.12. Results of post-processing, (a) Retina 
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(b) 

Figure 4.12. (Continued) (b) Einstein 
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(a) 

Figure 4.13. Noisy images, (a) Testl 
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(b) 

Figure 4.13. (Continued) (b) Retina 
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(a) 

Figure 4.14. Results of pyramid coding of noisy images, (a) Testl 
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(b) 

Figure 4.14. (Continued) (b) Retina 



CHAPTER V 

CONCLUSION 

The original proposal which prompted tius research was to implement a workable 

coding algoritiun on a microcomputer based system. This problem has been solved by 

employmg tiie Gaussian-Laplacian pyramid coding algoritiun. As it is clear from tiie 

examples in the previous chapter, the Gaussian-Laplacian pyramid coding works 

extremely weU for images witii a significantiy high compression ratio. During the 

experiments, the system has been proven capable of image compression and 

transmission in addition to otiier image processing techniques. The Gaussian-Laplacian 

pyramid algorithm has been shown to be an effective tool for image compression and 

transmission at the microcomputer level. In addition, the algoritiim needs much less 

memory than other methods, like FFT. Another attractive advantage of the 

Gaussian-Laplacian pyramid algorithm is that it is computationaUy more efficient than 

direct cortelation and the FFT transform methods. Hence it requires much less 

computation time and speeds up the process. Therefore these features make it weU 

suited for a microcomputer, where the processing time and memory space are specially 

considered in the implementation of an image processing algorithm. 

Gaussian-like convolutions have proven to be a useful operation in image 

prc)cessing, data compression, and computer vision. As discussed earUer, the 

Gaussian-Laplacian pyramid has many attractive features for image processing and 

computer vision. Another feature of the Gaussian-Laplacian pyramid is that the resulting 

pyramid is a series of quasi-bandpassed images and is locaUzed in both space and spatial 
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frequency. In this data stmcture, image features of various sizes are enhanced and are 

du:ectiy avaUable for various image processing tasks. When proceeding from the bottom 

of the Gaussian-Laplacian pyramid toward the top, local operations become capable of 

detecting global features in tiie input image. This property makes the Gaussian-

Laplacian pyramid an efficient tool in computer vision. There is no doubt that more and 

more appUcations of the Gaussian-Laplacian pyramid method wiU be shown in various 

areas of image processing and computer vision. One application of the unique features 

of the Gaussian-Laplacian pyramid can lead to an efficient scheme for computer 

simulation and optical implementation of image reconstmction fiom compressed data and 

could simutaneously provide insight into neural computing networks in the human visual 

system[20]. Another future appUcation of the Gaussian-Laplacian pyramid method is to 

use the pyranud suiicture for image registration. It wiU save a great amount of 

processing time and workspace to make registration a real-time process. 

As shown in the previous chapter, the Gaussian-Laplacian pyramid metiiod is 

particularly weU suited for progressive image transmission. The progressive image 

transmission aUows an approximate image to be built up quickly and tiie details to be 

transmitted progressively. In progressive image transnussion, the top level of the 

pyramid code is sent first, and expanded in tiie receiving end to form an initial, very 

blurry image. The next level of the pyramid code is tiien sent, expanded, and added to 

tiie initial expanded image and so on. Witii more levels of tiie pyramid code coming, the 

initial blurry image yields steadily to sharper images. At tiie receiving end, tiie observer 

can terminate transmission of tiie pyramid code as soon as its contents are recognized, or 

as soon as it becomes evident that the image wUl not be of interest. The most attractive 

feature of progressive image transmission is its potential use for interactive video image 

retrieving in a low speed transmission environment. 
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There can be several extensions m the future to expand tiie capabUity of or enhance 

tiie performance of tiie TI PC-based system. Because of tiie requirements of fast 

transmission and real-time communication, we need to achieve a compression ratio as 

high as possible. So, an adaptive quantizer could be employed to increase the 

compression ratio. The adaptive quantizer provides an optimal quantization technique 

with a minimum number of quantizing levels for applications where high picture quaUty 

witiiout visible quantization degradations should be preserved. By using the adaptive 

quantizer, 32:1 or higher compression ratios can be reached. The adaptive quantizer for 

the TI PC-based system could be reaUzed in either hardware or software. 

As shown earUer, the Gaussian-Laplacian pyramid method requires local, relatively 

simple computations. So, the computations can be performed in paraUel and the same 

computations are iterated to buUd each pyramid level from the previous level. Therefore, 

this method is appropriate for implementation in array processors using a pipeline 

architecture. The pipeline architecture wUl provide fast and high performance. Since 

pipelined array processors have very fast speed, a real-time processing of image coding 

and encoding could be reaUzed at the microcomputer level. 
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