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1 Abstract

Today there are several formal and experimental methods for image compression, some of which have grown
to be incorporated into the Joint Photographers Experts Group (JPEG) standard. Of course, many compression
algorithms are still used only for experimentation mainly due to various performance issues. Lack of speed while
compressing or expanding an image, poor compression rate, and poor image quality after expansion are a few of

the most popular reasons for skepticism about a particular compression algorithm.

This paper discusses current methods used for image compression. It also gives a detailed explanation of
the discrete cosine transform (DCT), used by JPEG, and the efforts that have recently been made to optimize
related algorithms. Some interesting articles regarding possible compression enhancements will be noted, and in
association with these methods a new implementation of a JPEG-like image coding algorithm will be outlined,
This new technique involves adapting between one and sixteen quantization tables for a specific image using either

a genetic algorithm {GA) or tabu search (TS) approach. First, a few schemes including pixel neighborhood and



Kohonen self-organizing map {SOM) algorithms will be examined to find their effectiveness at classifying blocks
of edge-detected image data. Next, the GA and TS algorithms will be tested to determine their effectiveness at
finding the optimum quantization table(s) for a whole image. A comparison of the techniques utilized will be

thoroughly explored.
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4 Introduction and Background

Currently there are many ways in which images can be compressed for leaner storage or faster data trans-
mission, and they all can be defined in one of two classes: lossless and lossy. Lossless methods are able to restore
the data identical to the original, normally at the expense of a worse rate of compression. However, lossy tech-
niques compromise quality for a lower transmission rate by quantizing to minimize irrelevant information. This
method is considered desirable if the decrease in compressed size is relatively larger than the amount of loss in
quality. Transform coding is usunally used to minimize output values of the transformation used (e.g. DCT}, and
a lossy coding compression strategy exploiting this trait is often used because all natural measurements contain
some sort of noise ([COMP9I7]}). There are many examples of both lossless and lossy types of image coding, many

of which have been used in nearly-lossless algorithms (see Appendix A, Figures 2 and 3).

Most of the focus of this paper concerns the JPEG image compression algorithm. In JPEG, the image
is initially transformed from red-green-blue (RGB) to video-based encoding in order to separate the greyscale
image (luminance) from the color information (chrominance). Each portion is compacted separately because
it is possible to lose more color than greyscale during compression. Next, subregions are processed with DCT
using real number values, but based upon the complex numbers of the Fast Fourier Transform (FFT). Finally,
additional compression is done by truncating the precision of terms and using a coding scheme that avoids
repetition of characters (see Appendix A, Figure 4). DCT fits in well with the desire to perform forward
and reverse transforms quickly with minimal loss of image quality. It can encode image information that can
be reconstructed within an arithmetic precision of the computer. This precision is generally better than the
precision of an original image sensor or analog-to-digital converter. However, the human eye uses greyscale edges
to detect boundaries, allowing colors to bleed across these boundaries without confusion. JPEG should take
more into account these edge factors through the implementation of edge-specific quantization matrices which
could be classified using a methed such as the Kohonen self-organizing map (SOM) algorithm or Connected Pixel

Neighborhood algorithms.



4.1 Problem Statement

This purpose of this paper is to describe a new adaptive compression process whereby multiple quantization
tables are used to code an image. Quantization is the step which allows a continuous amplitude analog signal
to be placed in the discrete amplitude representation of a digital computer. The classification of different types
of quantization tables are attempted using a Kohonen SOM, and then compared with two simpler techniques.
In the case of the Kohonen SOM, edge-detected blocks of the image are fed as training vectors into the neural
network until convergence on a set of weights is achieved. The easier methods simply use the edge-detected
data alone or they try to perimeterize the edges using connected pixel neighborhoods. Once the classification
is complete, both the GA and TS algorithms are compared as they each try to find the optimum quantization
table for the different types of classified blocks. The DCT is used to transform each block with its assigned
quantization table during this testing period. An evaluation of this entire process is explored in detail based on
its application to several different images and some images of the same type. The results should indicate that

the methods just described provide a means to effectively assist JPEG image compression.

The problem with enhancing image compression obviously lies in the fact that there are many different
formats which still could use some optimization. Many of the methods shown in Figures 2 and 3 of Appendix A
are complex, but with enough research each of them stand the chance of being improved using an abundance of
optimization techniques. Relatively simple lossy compression algorithms, like DCT and DWT (discrete wavelet
transform), are linear operations generating a data structure that has log: N segments of various lengths, where
N is the length of one side of an image. Usually the algorithm fills the structure and transforms it into a
changed data vector 2V in length. Both transforms are relatively easy to code, and they can be viewed simply
as a rotation to a different domain in function space. For DCT the domain is made up only of cosine {or sine)

functions, and for DWT the basis functions are more complex ones called wavelets ([GRAP95]).

Analyzing (or mother) wavelet functions have their frequencies localized in space so that functions and
operators using them will be “sparse” when transformed into the wavelet domain. This sparseness aids feature

detection, noise removal, and image compression. Wavelets provide an easy choice for a defining coeflicient in a



given wavelet system to be adapted for a given problem. They also process data at different scales of resolution.
The fast DWT, like the FFT used for DCT, is capable of factoring its transform into a product of few sparse
matrices by using self-similarity properties. Wavelet packets, or linear combinations of wavelets, are computed by
a recursive algorithm which makes each new packet the root of an analysis tree (see Appendix A, Figure 5). This
iree is used to retain orthogonality, smoothness, and localization properties of parent wavelets. Adaptive wavelets
are used by researchers to find a basis for measuring rates of decrease or increase in coefficients (JGRAP95]).
DWT has many uses in computer and human vision analysis, FBI fingerprint compression, “denocising” noisy
data, detecting self-similar behavior in a time-series of images, and even musical tone generation. In adaptive
quantization with wavelets there are two popular methods: (1) fixed quantization for all coefficients in a given
band using layered transmission of coefficients in binary (low)} order arithmetic coding, and (2} using different
quantizers and eniropy coders for different regions of each subband. In particular a context-based adaptive
arithmetic coder operating in the subband domain has been explored. Unlike the image domain the contexts
are based upon past guantized data, not the original image data. Results from this novel algorithm indicate it

performs as well as existing DWT methods without the use of trees ([CHRI96]}.

DCT functions, on the other hand, do not possess localization of frequencies. The DCT takes advantage
of the large amount of redundancy in images and the fact that there are constant-variance contours in the
cosine transform over typical image sets. Usually a zonal coding strategy is sufficient to use these traits in
order to assign a number of quantization levels based on the variance of the coefficient ((EMBRS1]}). The JPEG
algorithm is significantly based on DCT, and unlike DWT it has been able to be implemented in both hardware
and software, yielding compression ratios of over 53:1. DCT is also a fairly simple algorithm to program since
it is based on only two dimensional FFT cosine functions {see Appendix A, Figure 6}. So although DWT uses
a variable kernel (window} size and infinite sets of possible short high-frequency and long low-frequency basis
functions (some even having fractal structure}, DCT will be used for experimentation in this paper. It should
be noted that there are Wavelab and Matlab utilities available from Stanford University, but the programming
presented in this paper is predominantly original code designed by the author. This was necessary from both a

learning perspective and because it provided the flexibility of revising the code in fine detail to suit the project.



However, the programming was noticeably patterned after formal types of signal processing algorithms {e.g.

edge-detection) as well as the DCT and bit-packing portions of the JPEG image compression algorithm.

4.2 Previous Work

Moderate amounts of work have been done in research to design image-adaptive guantization tables, espe-
cially in the field of medical imaging where image quality is paramount {see Appendix A, Figures 10 and 11). In
an article by Good, JPEG is said to have difficulty in being applied to radiographic images because the standard
does not specify a certain quantization table. This quantization table is a major part of what determines the
compression ratio and quality degradation of compressed images. Usually psychovisual considerations are used
in this field. However, these methods are dependent upon display characteristics and viewing conditions, so
these considerations may not be optimal. This article reveals two methods for improving the current JPEG
algorithm: (1) removing frequency coefficients where many bits are expected to be saved, and (2) preprocessing
the image with a non-linear filter used to make the image more compressible. Optimally, the results should be
robust enough so that they are qualitatively independent of a specific image or quantization table {{GOOD92]).
That is, the quantization table should have the ability to be used on different images of the same type such
as chest or cervical radiographic images ([BERM93]}). The author’s conclusions were that issues related to the
use of the JPEG standard should not be confired exclusively to quantization tables. Subjective differences are
more important on soft displays than on film, and even the MSE measurement does not always correlate greatly
with the visual evaluation of images by human observers ([GOOD92]). Other metheds may be better suited to

imitate such subjective classifications.

Another such paper, written by Fung and Parker, presents an algorithm to generate a guantization table
that is optimized for a given image and distortion. The most popular current practice in JPEG is to scale the
table according to & scaling curve, but this method is not optimal because the bit rate and distortion rate are
not both minimized. In theory, the optimal quantization table can be determined with an exhaustive search
over the set of possible quantization tables. With values falling between 1 and 255, there is no single uniform

guantizer for each DCT coeflicient. Furthermore there are 255%% possible quantization tables, so an exhaustive



search over all possible values is impractical. The algorithm presented by these authors starts with an initial
quantization table of very coarse quantizers, then the step sizes of the quantizers are decreased one at a time
until a given bit rate is reached. At each iteration the element of the quantization table to be updated is varied
depending on whether a coarser or finer quantization table is needed to achieve the target distortion value. The
resulting algorithm has a poor computational complexity until an entropy estimator is used to estimate the bit
rate and further reduce the complexity. Convergence is achieved when two points oscillate from one to another
as downslope and upslope become about the same. A mean-squared quantization error (MSQE) is used for
a distortion measure because it swiftly calculates it from unguantized and dequantized DCT coeflicients and
because MSE is more computationally expensive. Also, it can be weighed by the Human Visual System (HVS)
response function without complication so that the weighted MSQE corresponds to perceptual quality. The bit
rate estimate was measured using the entropy of quantized values without actually going through the entropy
coding. The results showed that the optimized image-adaptive quantization table yields a 14% to 20% reduction
in bit rate compared to algorithms which use standard scaled quantization tables. Once an optimized table is
made for a given image, it can then be applied to similar images with only a small increase in bit rate. That is,

the algorithm needs to be run only once for a given set of similar images ([FUNGS5])).

There have been very few attempts at using GA-type heuristics to solve the problem of adaptive quan-
tization for image compression. But in an article by Kil and Oh, they outline vector quantization based on a
genetic algorithm. Vector quantization (VQ), although not specifically related to image coding, is the mapping
of & sequence of continuous or discrete vectors (signals} into a digital sequence. The goal of VQ is to minimize
communmnication channel capacity or storage needs while maintaining the fidelity of the data. In this particular
example, the authors try to find the optimal centroids which minimize the chosen cost function by iterating
through the selection, crossover, mutation, and evaluation operations associated with a typical GA. LBG (Linde,
Buzo, Gray} and LVQ (learning vector quantization) are algorithms used as update rules for the centroids, which
are represented as 64 bit (8x8) chromosomes. Each centroid (i.e. vector) is initially evaluated according to
the error function, then selection is performed based on a certain probability. Next, a recombination called a

crossover occurs at & random position in the string. Subsequently each bit of the string undergoes a mutation



based on a certain probability. Finally, centroids are “fine-tuned” using an LVQ update rule. The ultimate
simulation contained 3 sets of data generated from Gaussian, Laplacian, and Gamma probabilities. A total of
10000 training samples were created over 100 generations, and a population size of 20 chromosomes was used.
The crossover and mutation probabilities were 0.25 and 0.01, respectively. LVQ was applied to chromosomes
with or without the GA applied. Resuits indicated that it is very effective to quantize image data compared to

LVQ alone because the computational complexity is reduced {[KILO96]}.

In other articles it has been shown that the Kohonen self-organizing map (SOM), which is strongly related
to LVQ, can be used in several different ways for image compression. One such article by Yapo and Embrechts
discusses the use of a Kohonen self-organizing feature map (SOFM) to make a codebook for coding an image
upon which the SOFM was trained. This type of neural vector quantization has three phases including the
design of the codebook using best matched blocks created by the SOFM, the compression of the codebook using
a lossless method, and the coding of the image by finding the closest codebook block for each image block in
O(N) or O{logN) time. The image reconstruction is done in reverse order, and mean-squared error (MSE) and
signal-to-noise ratio (SNR) are used for comparisons. The results of applying the SOFM to VQ are promising
because the codebooks produced can accurately quantize images for which they are trained and the resulting
codebooks can be compressed. However, more research is still required to determine if this use of a SOFM is

worthwhile {[YAPOS6]).

An article by Xuan and Adah builds on the ideas of Yapo and Embrechts by introducing a Learning Tree
Structured Vector Quantization (LTSVQ) codebook design. The SOFM proved to have good performance com-
pared to the LBG (Linde, Buzo, Gray) algorithm, but it is limited to small vector dimensions and codebook sizes
for most practical problems. The LTSV() codebook design scheme uses a competitive learning (CL) algorithm
to make an initial codebook. Then it partitions the training set into subsets which are used to design a new

codebook. The results showed that the algorithm had good performance with low computational complexity.

In ancther related article by Anguita, Passaggio, and Zunino a SOM-based interpolation scheme is created

for the purposes of image compression. VQ uses Euclidean metrics to associate a “prototype” with each data



sample, and its main advantage is that prototypes are expressed in the same form and domain as the processed
data. However, V(} does attain high compression ratios at the expense of lower visual quality. The “multi-best”
algorithm presented uses the interpolation process instead of VQ) schemes to correctly reconstruct the unknewn
patterns not in the codebook. Thus, the codebook is more well-defined and yields a better reconstruction of
details. The system is also sensitive to the training set adopted, and it uses more than one reference vector to
code an image block. The algorithm is applied to a large set of natural images allowing reliable evaluations.
The experimentation, using a Kohonen SOM with 256 neurcns, showed that associated generalization properties
greatly compensates for less compression. The details are reconstructed better and the edges are more accurate.
These results were reinforced using analytical {i.e. MSE) and qualitative measures. Compared to VQ and other

DCT-based methods, this technique is suitable for very high compression ratios {{ANGUS5]).

All of the preceding resources were used as inspiration for the new method for solving the problem of
making a set of edge-adaptive quantization tables presented in this paper. Many different evaluation schemes
utilizing bits per pixel (BPP) and peak signal-to-noise ratio (PSNR) are examined. The details of the GA, TS,

and image block classification algorithms used still require some explaining.

4.3 Theoretical and Conceptual Development

Several researchers including David Goldberg, Philip Segrest, Lawrence Davis, Jose Principe, Michael Vose,
Gunar Liepins, and Allen Nix have created mathematical models of simple genetic algorithms which capture all
associated details in the mathematical operators utilized. Mitchell cutlines the formal mode! developed by Vose
and Liepins concisely. First, start with a simple random population of binary strings having length {. Then
catculate the fitness f{z) of each string z in the population. Next, using replacement, select two parents from
the current population with a probability that is proportional to each string's relative fitness in the overall
population. Then crossover the two parents at a single random point with a certain probability to form two
offspring. If no crossover occurs the offspring are exact copies of the parents. Finally, mutate each bit in the
chosen offspring(s) with another probability, and place one {or both) in the new population. Normally only one

of these children survive and the other is discarded for the next generation, but simple genetic algorithms allow
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both to live {[NITC97]). This selection, crossover, and mutation process continues until the globally optimum

solution is achieved or the upper bound on iterations is reached.

Although there is no rigorous answer to when a genetic algorithm (GA) ylelds a good answer to a given
problem, many researchers share the intuition that a GA has a good if not better chance at quickly finding a
sufficient solution than other weaker methods if the environment is right. That is, if the search space is large,
not well understood, not perfectly smooth, has a single smooth hill (unimodal), has a noisy fitness function, and
the task does not need a globaliy optimum soclution, then a GA may be a good algorithm to use {see Appendix
A. Figure 8). This is especially the case when alternative methods have no domain-specific knowledge in their

search procedure. The coding of candidate solutions is generally central to the success of a GA ([NITC97}).

Another heuristic called tabu search {TS) was developed by Fred Glover as a strategy to overcome the
problem of finding only local optima as a solution for mainly combinatorial optimization problems {[HOT C86]).
Instead of only accepting solutions leading to better cost values. this search method examines the whele neighbor-
hood of a current solution to take the best one as the next move even if the cost value gets worse. Optimization
is usually performed by an iterative “greedy” component as a modified local search to bias the search toward
points with low function values, while using prohibition strategies to avoid cycles ([TOTES5}). It is different
from the traditional hill climbing local search techniques in the sense that it does not become trapped at locally
optimal solutions. That is. it allows moves out of a current solution which makes the objective function worse

in hopes that it will eventually find a better solution {{HURLS7}).

Generally, a TS requires certain specifications in order for it to work properly. First, it needs a config-
urgtion which is the usage of 2 sclution as an assignment of values to variables in an admissible search space
{sometimes called a “search trajectory”}. Second, it needs a move which is the process of generating, from a local
neighborhood, a feasible solution to the combinatorial problem that is related to the current solution. Third, it
requires a set of candidate moves out of the current configuration based on a cost function. If this set is too large,
a subset of this set will suffice. Fourth, it should have specific tabu restrictions as conditions imposed on moves

which make some forbidden for a certain “probibition peried.” This period can be represented by a tabu size of
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iterations, and it may be dynamically adjusted to handle cycles. This inciudes a tabu list of a certain size that
records forbidden moves. Fifth, it should also have sspirational criterin as rules which regulate diversification

and allow the override of a given tabu restriction (see Appendix A, Figure 8).

Tabu search can been used for optimization in manufacturing, planning, scheduling, telecommunications,
structures and graphs, constraint satisfaction, financial analysis, routing and network design, transportation,
neural networks, and parallel computing among others ((GLOVS7]). Although there have been no citings of TS
being used for image processing, this thesis attempts to use it as an alternative to the GA method previcusly

described.

For classification purposes, a simple Kohonen SOM operates in such a way that the resulting neighborhood
is set so that only one cluster updates its weights at each step, and only a certain low number of clusters
are selected (see Appendix A, Figure 7). The learning rate is slowly {and linearly) decreased as a function of
time while the radius of the neighborhood around a cluster unit decreases as the clustering process progresses.
The formation of a map occurs in two phases by initially forming the correct order and then having the final
convergence. The second phase takes longer than the first as the learning rate drops, and the initial weights
may be random. Some applications of the Kohonen SOM inciude computer-generated music, the traveling
salesman problem, and character recognition among many others like the ones mentioned in the articles previously

presented.

Other classification strategies specific to edge-detected images include skeletonization and perimeterization.
Skeletonization is the process of stripping away the exterior pixels of an edge pattern without effecting the pat-
tern’s general shape ([AZAR97]). Perimeterization achieves a similar result by using the connected neighborhood
of adjacent pixels for each edge pixel in order to strip away the interior of edges found by the edge-detection
algorithm (see Appendix A, Figure 7). A generalization of this perimeter determination, based on the relative
percentage of edge area found per image block, is used as a simple substitute for the Kohonen SOM classification

scheme.

12



4.4 Glossary

BPP — bits per pixel

DCT - discrete cosine transform

GA - genetic algorithm

JPEG — Joint Photographers Experts Group
MSE - mean-squared error

RAMS - root mean-squared error

SOAM — self-organizing map

PSNR — peak signal-to-noise ratio

TS — tabu search

5 Implementation

The general statement of the problem given earlier only gives a cursory view of what is to be done for this
thesis. The following subsections elaborate more on what exactly the program does {see Appendix B. Figure 1).
The user and technical documentation of Appendix C gives additional information about the development of the

program.

5.1 Functional Description

The main function takes as arguments from the command line those parameters which are required by the
gacompress, tscompress, and classifyimage routines. The command line is fairly rigid in format with arguments
at specific locations, and there are many specialized functions for this application. The GA and TS algorithms are
confined to the gacompress and tscompress functions, respectively. Each of these functions receives as parameters
the number of bits per pixel, kernel size, image rows, image columns, number of quantization matrices used,

maximum iterations allowed, input filename, output filename, and the compressed image filename. However,
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the GA has tournament size, population size, crossover type, crossover probability. and mutation probability as
additional inputs whereas the TS only has tabu size as the extra input. These two functions are subdivided into

routines defining the different main operations that each perform initially and iteratively.

Before entering either of these major routines the image must be classified into a given pumber of quantiza-
tion matrix types by calling the classifyimage function. This function takes as arguments the number of bits per
pixel, kernel size, image rows, image columns, number of quantization matrices used, input file, output file, and
the Kohonen SOM inputs consisting of maxdmum clusters, initial radius, maximum iterations, threshold value,
learning rate, and adjustment rate. Since the Kohonen network has been disabled only the maximum clusters
parameter is used for the simple relative edginess form of classification mentioned earlier. These classification

parameters are fed into the claskohonen routine as labeling of each block of image data proceeds.

The compressimage and ezpandimage routines sach take as parameters the number of bits per pixel, kernel
size, image rows. image columns, number of quantization matrices, input file, and output file. These functions
control the compression and expansion of the images, as dictated by the gacompress and tscompress routines by
iteratively calling packing and DCT functions for each image block. The associated packrec function takes as
input the number of bits per pixel, kernel size, quantization matrix index, and the packed and unpacked buflers.
This function uses packbits for packing and unpacking bits within a block (record), using the storage bits based
on the assigned quantization table instead of the kernel size. Scaling the DC ceefficient, as well as applying the
zig-zag pattern of block coding, is controlled in the packrec function. Note that the quantization matrix values
for each kernel member of each image block is used to multiply the corresponding packed block kernel member

upon retrieval and divide the unpacked block kernel member upon storage (see Appendix N for BCT dissection).

The global matrices used by the program must be created by separate functions. The makerefbits function
simply stores the possible powers of 2 being used, and it only takes the number of bits per pivel as a parameter.
The maokestorematriz routine makes the storage matrix (how many bits to store in each block) based on the
parameter input of bits per pixel, kernel size, and the specific quantization table index. The makecosinematrices

function makes both forward and inverse DCT matrix kernels by taking the kernel size as input.
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All associated matrix operations have their own separate functions within the program. The matrizinsert
function allows insertion and extraction of short-integer image block data to and from the image data matrix,
and it takes as parameters the number of bits per pixel, kernel size, image row offset, image column offset, image
rows, image columns, image data matrix, and the block data matrix. The matrizconvert routine converis a
floating-point matrix to a short-integer matrix (and vice versa), and it takes as input the bits per pixel, kernel
rows, kernel columns, the floating-point matrix, and the short-integer matrix. The matrizmeltiply function
simply muitiplies two floating-point matrices, and it takes as parameters the rows and columns of each image
block as well as the input and output buffers. The matriztranspose function transposes a given matrix, based on
its rows and columns, using input and output buffers. The matrizshow routine is only used for matrix display

debugging, and it takes as input the rows, columns, and buffer of the image block being handled.

The function edgedetect performs edge-detection on image data to produce an edge-only representation,
and it takes as input the bits per pixel, image rows, image columns, image data buffer, edge data buffer, and a
threshold value for determining what resulting code values correspond to an edge. A Gaussian blur is done on 9
byte (3x3) blocks of image data followed by two dimensional convelutions with Scbel or Laplacian filter kernels,
then the threshold is applied. The associated convolveZd function takes as input the kernel rows, kernel columns,

filter matrix, input matrix block, and output matrix block.

There are only two functions responsible for file input and output. The accesstmage function takes a flag
for compressed or uncompressed data, bits per pixel, kernel size, image rows, image columns, filename, and image
data matrix in order to perform the appropriate read or write operation. It uses the testaccessbyte routine to
load or unload one byte at a time associated with the image data matrix, and it takes as parameters a flag for
writing or reading data, the byte to access, the current bit value to access, the current bit count, and the pointer

to the file structure being used for access.

There are also various miscellaneous and important supplementary functions. The det2d function uses the
matrizmultiply routine to perform the discrete cosine transform on an image block (ie. in two dimensions),

and it takes as arguments the number of bits per pixel, block rows, block columns, and the short-integer matrix
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buffer. The evalimages routine evaluates an image to find BPP, MSE, RMS, PSNR, and the cost ratio {RAT). Its
arguments are the output values for these calculations as well as kernel size, image rows, image columns, number
of quantization matrices, test matrix buffer, and reference matrix buffer. The getrendomint function gets a
random integer within the range entered as parameters. The getrandomflt function gets a random floating-point
number between § and 1. In addition, the randomize routine should always proceed either of these two functions

in order to initialize the random number generator based on a random number seed.

5.2 System Design

There are 8 different modules for this application. The guanmain module contains the main routine as well
as a subordinate testtest function. Since classification comes first, the guancies module containing the classify-
image and claskohonen functions is next in the hierarchy. The affiliated guanedge module contains the edgedefect
and convelve2d functions that are used for edge-detection. The gacompress and fscompress routines, as well as
their component functions, are located in the guanadap module. Next is the guanpack module containing the
compressimage and expandimage functions in addition to the packrec and packbits helper routines. The order of
the other modules is scmewhat hazy since their usage is intermixed. The quanmeke module contains the mak-
erefbits, makestoremairiz, and makecosinematrices functions mentioned earlier. The guanmatr module contains
all practical matrix operations including the matrizinsert, matrizconvert, matrizmultiply, matriztranspose, and
matrizshow functions. Finally, the guenmssc module contains the accessimage, testaccessbyte, detfd, evalimages,
getrandomint, getrandomflt, and randomize routines responsible for the remainder of the mathematics and file

iransactions.

The flow of data between these functions and modules is shown in Figure 1 of Appendix B. The equipment
configuration consists of any SUN Workstation running under version 2.6 of Solaris (i.e. in a UNIX environment).
In addition, an implementation tool {e.g. osiris) is required for psychovisual testing in order to supplement the

objective evaluation using the cost function given in Figure 9 of Appendix A.
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5.3 Decisions and Tradeoffs

This guanmain program is not capable of processing anything other than 8 bit images that are 256 rows
by 256 columns in dimension. Also, for quantization the program only accepts an 8 bite kernel size and 1, 2, 4,
8, or 16 for the number of quantization matrices. All other directions given in Figure 2 of Appendix B should
be followed explicitly. These limitations made the program easier to code such that more focus was able to be

placed on the task of finding an optimum set of quantization tables for an image.

The entire project could have been better outlined using an object-oriented (OO) software engineering ap-
proach, ultimatelv resulting in the code being written in an OO language {e.g. C++). However, the functicnal
design of the code, along with the descriptive comments, allows for an easy understanding about how all of the

components of the thesis project fit together.

5.4 Experimentation

As stated in the Technical Documentation of Appendix C, the code of each function in every module was
tested independently. However, the functions in the guanadap module were tested in conjunction with all other
code to prove their correctpess. A total of 11 raw images, & similar abdominal irnages and 6 others of varving
edginess, were used for experimentation. Some of the image types were radiographic in origin. The purpose of all
subsequent analysis is to compare recovered images to the originals and their lowest-compressed forms. Also, the
objective and subjective results produced for all variations of classification and optimization were svstematically
contrasted (see Appendix B, Figure 8). Note that the lowest-compressed images were compressed and expanded
with a quantization matrix consisting of only 1s, using only the code written for this thesis. All calculations

were verified using a calculator,
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6 Analysis

The reference images for all original, lowest-compressed, Sobel edge-detected, and Laplacian edge-detected
images are given in Appendices D through G, respectively. All other resuiting expanded images, analysis,
results, and conclusions are detailed in Appendices H through M. The following subsections are based upon

these appendices.

6.1 Results and Conclusions

The resuits using GA and TS optimization metheds for finding the best set of quantization matrices
for an image are given in Figures 1 through 16 of Appendix M. The analysis of these results yields many
interesting observations. First, the edge-transitions produced from the perimeterization method used for block
classification, gives the best results overall. Second, only sets of 1 or 2 quantization matrices used for both GA
and TS methods yield the best objective results, employing the basic cost function without weights. Third, a
set of quantization matrices designed for an abdominal image works well on other similar abdominal images.
Fourth, both subjectively and objectively the GA method appears to outperform the TS method in just about
every respect. Many other less significant results pertaining to how each optimization method performed can be
viewed in Figure 15 of Appendix M. The computational complexity of each algorithm is detailed in Figure 16
of the same appendix. The GA ran in a faster O{) time that of the TS algorithm due to the fact that tabu
search required the examination of each possible kernel move in every iteration {(where N is the number of pixels

in an image).

In looking at all the resulting data more firm conclusions can be made. Subjectively. both optimization
methods appear to produce recovered images which are less detailed and more blurry than both the original
and lowest-compressed set of images. However, the recovered images did appear to show less blockiness around
the edges in all of the test images, and that was one of the alms of this thesis. Perimeterization used with
the Laplacian operator appears to provide the best means for classification of the image blocks. Although the

GA outperforms TS in both cost and computational complexity {time duration), both methods worked well
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after applying a guantization matrix of an image to images of the same type. The GA performed best using a
two-point crossover, a crossover rate of about 0.90, a mutation rate of about 0.06, a tournament size of around
30, and a population size of around 30. The TS method performed best using a tabu size of around 70. All of

these conclusions take into account objective and subjective analysis (see Appendix M, Figure 17).

It is too difficult to tell what amount of guantization matrices performs best using the weightless cost
function given in Figure 9 of Appendix A. However, preliminary results show that an optimum number of
quantization matrices can be found for any image using the weighted cost function. This amount appears to
vary based upon the relative edginess of certain images (i.e. more edginess means more quantization matrices for
classification). Results also indicate that raising the PSNR weight from 1 to 32 (by powers of 2) has a negative
affect on the BPP calculation only, while raising the BPP weight in a similar manner has a negative affect on

the PSNR calculation only. Objective and subjective results were also used in this analysis.

6.2 Problems and Discrepancies

Many problems occurred during the implementation of this thesis, but all of them were able to be overcome.
One of the major hurdles was getting the initial compression and expansion of an image to work. To beat this
problem the DC {upper left) term of each image block had to be scaled and descaled when packing and unpacking,
respectively. Another problem that was able to be solved was finding an appropriate weighted cost function for
allowing better image quality or betfer compression based upon user preference. Over several weeks many
different variations were tested, but in the end the alternate cost function given in Figure 9 of Appendix A was

chosen for extra testing.

There were some peculiarities that transpired which were not expected in the results. It was intended that
more guantization tables, regardless of the degree of edginess of a given image, wounld always be beneficial. This
did not turn out to be the case after analyzing the data. Also, the Sobel edge-detection operator did not appear
to be good for classification, but in some cases it did perform better on the same images whose blocks were

classified with the Laplacian operator.
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6.3 Lessons Learned

As stated previously ! would rather have attempted this thesis from more of an object-oriented standpoint.
This would have put an envelope of inheritance and expandability around the project such that others could
more easily understand the components and add more where necessary. However, since DCT is apparently being
replaced by DWT for the future JPEG standard, the likelihood of someone adding to this exact thesis project
is fairly remote. It should be stated, though, that the techniques used within this thesis may very well have

applications to the different tvpe of quantization contained within DWT.

In reference to the articles inspected in this thesis, Good said that psychovisual experiments are sometimes
dependent upon suboptimal display characteristics. The weighted cost function used for alternate studies in this
thesis proved to be a fairly good substitute {although not a replacement) for such experiments. Quantization
tables were able to be successfully applied to images of similar types. just as it was proclaimed in the article by
Berman, Long, and Pillemer. Although estimations were not used for BPP and PSNR calculations, the weighted
cost function and initial random coarse quantization matrices were similar to those mentioned in the article by
Fung and Parker. it should be noted that although using estimations would have reduced the running time of the
program, the computational complexity of the algorithms used would still have been asymptotically the same.
The balance of image quality and compressibility for transmission or storage was implemented in a comparable

manner to the methods described in the article by Kil and Oh.

Possible future enhancements, such as adding the capability for applying the algorithms to larger and
denser images, can be made to the code. Also, although it is not recommended, the kernel size could be made
more variable. Skeletonization may be used for classification instead of the modified perimeterization techmique,
and other pneural networks can be examined to find out their ability to help classify the blocks of an image.
Moreover. lossless coding algorithms may be used to increase the compression rate even further. Of course.
simply modifying the quantization tables is not a panacea for any type of image compression. Other factors,
including those that may have nothing to do with edge-detection, should be considered when trying to create an

overall better image compression algorithm.
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Although I had never done investigations or projects related to image compression before doing this thesis,
I believe I now have the capability of applying my knowledge of image compression optimization to other
compression strategies. This has truly been an enlightening experience for me and I am grateful for all the of

people who have helped me in this attempt.
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Adaptive Quanfization in DCT Image Compression
(hy Michael Champion for MS Thesis in Compuier Science, Winter 98/99)

[ Genefic Algorithm & Tabu Sedrch Approdches fo

Today there are several formal and experimenial methods for image
compression, some of which have grown to be incorporated into the Joini
Photographers Experis Group (JPEG) standard. Of course, many of the
associated algorithms are siill used only for experimeniation mainly due
to various performance issues. Lack of speed while compressing or
expanding an image as well as poor image quality afier expansion are a
couple of the most popular reasons for skepticism about a particular
compression algorithm.

This paper discusses current meihods used for image compression.
It also gives a detailed explanation of the discrete cosine transform
(DCT), used by JPEG, and the efforts that have recently heen made to
optimize related algorithms. Some inferesting articles regarding
possible conpression enhancements will be noted, and in association
with these meihods a new implementation of 2 JPEG-like image coding
algorithm will be outlined. This new technique iivolres adapting
hetween one & sixteen guaniization tahles for a specific image using
hoth genetic algorithm (GA)and tabu search (T'S) approaches. First,

a simple algorithm will be used to classify the edge-detected blocks

of a given image. A complex Kohonen selforganizing map algorithm
is atiempied, but the resulis using this algorithm appeared to be worse
due to Iack of comvergence upon a trusied set of weighis. Next, the GA
and TS algorithms will be used io iteratively seek out the optimum
quaniization matrices. The selected cost function minimizes hits per
pixel while maximizing the peak signal-to-noise ratio afier the
compression and expansion of the original image.

Figure 1: Thesis Introduction



LOSSLESS CODING METHODS:

Losslass coding methods are able io resiore a conipressed
imags hat is exactly identical io the original fmage.

Lossless coding teclmiques include optimal eniropy coding , Huffiman coding, Lempel-Zir
coding, adjacent pixel pair coding, predictive pixel coding, lossless pyramid coding,
and differential pulse code modulation (DPCAI). Opiimal entropy coding works in such
away that the lengih of each codeword is proportional to the frequency used, and it
has achieved 7% compression at 7 39 bits per pixel (bpp). Huffman coding is an
example of this type of uniguely decodable variahle lengih coding meihod in which
the code is made by examining the probahilities of source symbols and assigning codewords
to minimize the average code length for instantaneous recognition. The Lempel-Ziv method
whick usually uses Huffiman coding operates on 2 sliding window of data which is parsed
until a dictionary is created, and it is able to achieve 18%0 conpression with 6.54 hpp.
Lempel-Ziv is 2 member of a set of many dictionary coding methods in which the dictionary
does not ahvays have to be sent with ihe data. Adjacent pixel pair coding exploits the
correlation of neighboring pixels by selecting a code inwhich sequential pairs of pixels
can be represented by a symbol, and it has achieved 25%% compression with 5.99 bpp.
Predictive pixel coding chooses a pixel value based on its neighbors, and it has
achieved 3990 compression with 4 85 bpp. Lossless pyramid coding progressively filters
and subsamples the image into separaie levels of decreasing size until 2 small dataset
of low-frequency components remains and is encoded, and it has achieved 15%% compression
a1 6.76 hpp. DP CHI, which is often combined with many lossless and lossy coding methods,
works in suck a way that codewords represent the differences besveen sample values
([COKMPY7T]). The Graphical Interchange Format (GIF), Portable Network Graphic (PNG),
and Tag Image File Format (TIFF) standards all utilize some form of lossless coding,
usually coupled with means to support lossy compression methods as well. These
formal designs minimally include header, palette, and data areas ((DATA97]).

Figure 2: Lossless Coding Background



LOSSY CODING METHODS:

Lossy coding methods compromise guality for n lowar iransmission
rate by guaniizing in order io wiininize irrelevani information.

Lossy coding techmuiques include the discrete cosine transform (DCT), discrete wavelet
transform (DWT), arithmetic coding, pulse code modulation (P CM), run-length {chord) coding
and Shannon-Fano coding. DCT divides an image into blocks which are transformed in sucha
way that ouiput coefficients can be quantized according to a step size, and it has resulted
in a signal-to-noise ratio (SNR) of 31 54B at 1 33 bpp. DCT methods are quite often coupled
wiih one or more lossless techniyues like optimal entropy coding, pyramid coding, o DP CR,
Adaptive DCT methods most often used with video image conpression can reduce bitrates
by a factor of hvo if an adapiive algorithm is used o optimize quantization and eniropy
coding separately for each block. DWT, often used io process x-ray and magnetic-resonance
images, analyzes an image and corvertis it into a set of mathematical expressions that can
be decoded by a receiver. Arithmetic coding works on the probability of source symbols
and their encoding interval ranges which determine congpression efficiency. It does have
problemnis of real numher underflow, overflow, and exror sensitivity to single-bit corruption.
However, it does have ihe flexibility of using static (fixed probability of symbols)or
adaptive (dynamically estimaied probability based on changing frequency) encoding. Pulse
code modulation (P CRD) imvolves quantization and digitalization of an analog signal which is
sampled at regular intervals in order 1o divide it inio segments with unigue code values,

The main goal of this method is io resiore the signal so that it contains only conponents

of the original signal above the threshold of human perception ((COMP97]). Run-lengith
coding, considered io be lossless, simply compresses sequences of repeated signals in the
original signal using the starting source symbsl and ihe lengih of the run ([SMIT97]).
Shannon-Fane coding uses a variable length ofbiis io encode source symbols according io
their probabilities, and extropy is used 1o measure the exrror of the information source.
Fracial image compression considers ar image as copies of smaller paris of itself.

Aichael Barnsley of the Georgia Institute of Technology suggestied that collections of affine
traneformations (skewing, siretching, rotating, scaling, translating, eic.) could lead to
image compression. These collections, called [terated Function Systems (JFS), are still
undergoing research and a fracial image format (FIF) is still not standardized. However,
the other lossy methods have been standardized in some shape or form in Microsoft Windows
Bibmap (BMP) and Joint Photographers Group (JPEG) formats, among sthers ([DATA97]).

Figure 3: Lossy Coding Background



JPEG/DCT COMPRESSIOHN O¥ERV¥IEW:

S
#b i

Given the =sbove situation,
it is good to store coerf
in & zig-zag way to make &
subsequent encoding method
(Huffman or Arithmetic)
better. Since many coef
are zerg & many run-sizes

occur more often than others,
coding is used for further compression.

JPEG is a DCT-based form

of image encoding in which
DCT converts & 8x8 block of
pixels into 64 coefficients
representing the intensity
of an 8x8 image block to be
compressed.

High spacial fregquency coer
(lower right] occur less
than low spacial frequency
coef ({upper left), so DCT
coefficients can be stored
with fewer bits than the
original image block. This
guantization vields a table
for each compressed image.

[ =

Huffman

The goal of this thesis iz to enhance the process by allowing
more than one cquantization table to be applied per image.
This idea is based on the premise that the Human Visusal
System uses greyscale edges to detect boundaries. The block-
iness gf DCT transformed images is more pronounced on edges,
so GA & TS methods are used to find the gquantization tebles
for the least to most edgy image blocks.

Figure 4: JPEG Qverview



DWT VERSUS DCT:

Fhere are 2 standard approaches for adaptive guantization in wavelsis:

(1) fixed guantization for all coefficiarnis in a given band and a layerad
transwission of coefficianis using binary {fow) order arithmefic coding

(2) using different quaniizers and entropy codars for diffarant ragions of
eack subband Grom [CHRI96]

N-2
Wix)= E ("I)k* ck-{-l* P *(2x+k) (where O is the mother wavelet function)
k=1

¢y are wavelet coefficients which must satisfy linear and quadratic constrainis like:

N-1 N-1
E €, =2 and E ey * °k+21*51,u (1is scaling int)
k0 ey

DCT, on the other kand, is ona of tha most common 2D transfornts for
fmage compression characterized by the folfowing flow of data:

fﬁ_rﬂnsfom compression) (recovary of imagsa) )
originai inage trausform &c;ded image
Jorward \zlr/'ans_fom expansion niization
cogfficient selecton cog_ﬂ‘icz'g\rgzgro fill
qunm\ilz/aiiou invarse transform
 trausform coded image racoverad fmage {from [EMBRI1}) |
N-1 N-1
1 Cm+1)TT*u Cn+l)T*y
Fi = * % * :
(up) N FOE E finin) * cos > cos >N
y=0
N-1 N-1

o *
f(m gty = z E c[u]*cp]*Fux) * cos Cm )T, o @nr Ty
0 =0 2N 2N
(where c[#] = 1 when £ = 0; 2 otherwise)

Figure 5: DWT versus DCT



DERIYATTION OF DCT FROM FOURIER TRANSEFORM:
(CONTINUOUS FORWARD 1-D FOURIER)

- {(Euler’s formula identity used below)
= - _3EAE AT EF
Fu) _f f(x)e dx where ¢ 28t cos(2* 1T *u*x) - i*sin(2*qr *u*x)
-0 and i=sqri(-1)(ie.imaginery)
(sum of real & imaginery paris helow) g

F(u) = R(u) +il(u)
(CONTINUOUS REVERSE 1-D FOURIER)

I*2+¥ MM u+*x

+0
= | Faue
-

(DISCRETE FORWARD 1-D FOURIER)
N-1

Fay=1/N*>
=

(DISCRETE REVERSE 1-D FOURIER)
N-1 s
2+ MM u* N
fiix)= E Fu)*e
u={

(DISCRETE FORWARD 2-D FOURIER)

oy + 1727wt

N-1 N-1
4c(uy Zm+1)1*u 2n+1y 1>y
F(uyx) =%* E E f{m.n) * cos ¢ 2; * cos ¢ 2ﬂ
0 =0
where N=width, uéxy are inrange 0 to N-1,
and cfup)=1

(DISCRETE COSINE TRANSFORRM -- FORIWARD)

cact @here (C)clu][n] = cos (m(scaled by 1/IN for calcs D

DETA = o 2N

(From [RUSS92}and [EMBRSE))

Figure 6: Derivation of DCT



KOHONEN SOM AT.GORITHM DESCRTIPTION:
—— neighborhood of J (only certain low # clusters selected)
is set so that only 1 cluster updates its weights at each
Step (i.e. R=0)

(1) Initialize weights w4 < set neighborhood paraueters

set learning rate parsumeters
(2) While stopping condition is false do the following:
(3) for each input wvector (row) X, do the following:
(4) for each j, compute: cols 5
D(3) = D lwyg-xg)
(5) find index J such that DI[J] i; a minimum
(6) for all units j within & specific neighborhood of
J and for all i:Iﬁjinew]=n&jiold]+lr*[xi—uﬁjtcldjj
(7) update learning rate
(8] reduce radius of neighbkorhood at specific times
(9] test stopping condition
—— learning rate linesrly decreased as a function of time
—— radiug of neighborhood around cluster unit decreases
&as clustering process proygresses
—— formation of map cccurs in 2 phases: initial formation
of correct order and the final convergence

—— may have random values for initial weights

EDGE-DETECTTON AT.GORITHM DESCRIPTION:

INPUT o, SHOOTHING 5, VERTICAL GRADIENT 1,‘_(}R.i!s.DIENT APPLY
IMAGE FILTER HORIZONTAL GRADIENT ~ COMBINING™ THRESHOLD
A

-— steps in edge detection are: BINARY
(1} convolve with Gaussian blur, EDGE-DETECTION
{27 find edges with wvertical Scbel opersator,
{3) find edges with horizontal Schel operator,
{4) choose highest magnitude of Schel operators,
{5) detect edges using threshold walue
(methed for automatic thresholding possible)

Figure 7: S0M and Edge-detection Algorithms for Classification



GENETIC ALGORITHM DESCRIPTION:

Generally, a genetic algorithm starts with a simple random
population of binary strings of given length (1l). Then the
fitness (f(x)] 1is calculated for each string {(x) in the
population. HNext 2 parents are selected {(with replacement]
from the current population with a probskility proportional
to each string's relative fitness in the population. HNow
the 2 parents undergo crossover with a probability (p.) to
form 2 offspring. If no crossover occurs, the offspring are
exact copies of the parents. Choose 1 offspring at random
and discard the other (both survive in a simple GA). Mutate
gach bit in the selected offspring with probability (Bb,)

and place it in the new population. Iterate through the
selection, crossover, and mutation operations until a new
nopulation is complete {({HITCS7]].

TABU SEARCH DESCRIPTION:

A tabu search scheme can be defined as the evalustion of =a
criterion function for a current configuration. Then
following a set of candidate moves the bhest non-tabu move is
chosen to be in the next configuration. If all moves are
tabu then the hest one satisfying the aspiration ecriterion is
chosen. If this cannot ke accomplished, the hest non-tabu
move is picked for the current configuration. This is all
repeated for a certain number of jterations. TUpon
termination, the best solution found is returned by the
algorithm. When the tabu list is full, the first tabu
element is freed and the process continues. Tabu moves are
ideally all based on the short-term and long-term history of
moves {[HURL97]).

Figure 8: GA and TS Algorithms for Optimization



RECOVERED ¥S5. ORIGINAL TMAGE EVYALUATION:

PEAK SIGNAL-TO-NOISE-RATIO (PSNR): 1 = original bpp
S = max pixelvalue
2% MSE
—1n+ oY =-10% Ino. . [R5
PSNR =10 * log;  ( NSE ) OE PSNR=-10%*log; 4 2 3

BITS PER PIXEL:
— ~ 4 B=bits in imag
BPP =B /c,= (N{log L + LM"B)/ (Nll\LMz ) [“'}wm cr;om’;‘ ratio e]
MEAN-5 QUARFED ERROR (MSE):
L-1 A1 ,
MSE = (I/L*M)*D > (x(ij)- i)
=030
MEAN-SQUARED QUANTIZATION ERROR (MSQE):
N-1 63
MSQE="y Z[z;p{)- 7 (O]  (estimate of MSE)
n=0 k=0
ENTROPY:
(actual)
N-1 L1

E=D 2 -ltxy)iog,ptitxy)]
x=0»=0

(estimate)

M 1
_ P(s]x) is probab of s=5 (k)
E—Z=0 > PP(silog,P(s[x)] [w}wre A N ]
= X:O

(from {TIANO3 } [FUNG9SL and [EERM93 D

derived cost function (cf) = BPP/PSNR
altermate cost function = cf+{BFPP- %Pp}k(‘% o’ PSINR)

Figure 9: Image Evaluation Methods
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SYSTEM ORGANTZATTON AND DATA FIOW:

bits erp;_xel, kamel size, 1mage rows, 1mage cobhumns, (classify image blocks)
mn'r£ guantizat t maxinann iterat
mputefl::l:name &zl%pﬁffﬁrgnees Egiﬂ,pmssed mwgleef'xaleme edgedetect ()
touwmament size, population size, edze-only convolve2d()
cmssowrtﬂigms\s’over robability. m;:.ga.‘h?n p:;(o?:i::!ﬂlty, SUANEDGE modsl
abu size SITUNT 1’& e mern
maxinwam chisters, mtxafradms among poJ?:il:ale others. moduie lT
claskohonen|()
QUANGLAS module l [code img usmg”
: G& or TS
makerefbics () ‘ (a5 needed) gacompress {)
makestozj-ematrl:-‘(t) t:::::: gainic ()
mskecosinematrices () gatournament () «
T QUANMAKE module gacrossover () oo
% matrixinserc|() gamutation{)
| |martrixconverc () (as nesded) taconmpress (]
I |matrixmulciply () oo tsinic ()
% martrixcranspose [ tsbest (] .
oo
] matr ixshow() T3move [} d
{ T QUANMATR module QUANADAF module
I I J(comp & exp)$
O TWF. Pac a4 .
I {forward DCT & pack blocks)
I I - T compressimage (]
% i (arpack & inverse DCT blocks) sl expandimage ()
1 { (packrec () - packs a block (JPEG-like))
{ I bpackkbits () - used by packrec (]
| % QUANPACK module [ (evakation)
I
| i ¢ [{(&valimages ()} - calc mse,rms,bpb,3nr,ecc. )
L L (as needed) =
[ —E-TT=-3Wdot2d() - used for fwd § inv block transforn
ded
(a5 needed) accessimage {) — used when image 170 needed
testaccessbyte () — used by accezgimage ()
getrandomint {] — gets & random integer
gectrandomflt {] — gets a random float
randomize ()} — plants random number seed I
QUAMKISE module

Figure 1: System Organization and Data Flow



INPUT FORMAT & EXAMPIE TINPUT:
guanmain TY BU KS RO CO NQ MC IR KI TV LR AR IT TS [PS X0 PC PM] OF EF CP XF

where TY = TABU (for tabu sesrch) or GENALG (for genetic =lgorithm} method
where BU = number of bits per pixel in insge

{8 only,'-' if using edge transitions)
where KS = kKernel size for cguantization

{8 only,'—-' if using Lapl=acian operator)
where RO = number of rows cof pixels in image (256 only}
where CC = nmumber of columns of pixels in image (256 only)
where HQ = number of uantization matrices used in image {1,2,4,8,186)
where MC = maximum clusters used for image classificstion {same as NGQ)
where TV = threshold walue used for image classificstion {0-2535,-1 = =uto}
where IR = initi=zl radius used for image classificacion {0G-MC}
where HI = hkohonen iterations used for image classificaction
where LR = lesrning rate used for imsge classificsation

('-' i1f cost bpp weight)
where AR = learning rate adjustment for image classification

('-* if cost snr weight)
where IT = iteraticns for tabu search or genetic algorichnm method
where TS tabu size {for Tabu sesrch}

or tournament size (for genetic algorithm)

where PS8 = populstion size for genetic algorithm method only {1-60)

where X0 = crossower type for genetic algorithm method only {0-2Z}

where PC = ¢crossover probability for genetic algeorithm method only
(0-10000,eg. 100=1%)

where PHM = mutstion probability for genetic algorithm method only
(0-10000,eqg. 100=1%)

where OF = originsal image filename Lo use
where EF = edge-only image filename toc use
where CP = compressed image filename to use
where XF = expanded image filename toc use

¢ EXAMPLE INPUT {with explanation}: h

gquanmsain TABU 8 -8 256 256 8 8 0 Z£Z00 -1 0.6 0.95 300 40 abdoml.raw
abdoml TSPLAPEs40.edyg abdoml tsPLAPS8s40. cnp abdoml tsPLAPBs40.exp

Thiz command line says to use TRBU SERRCH to adaptively compress the
abdoml.raw image (8 bpp, 256 row=, 256 cols) using a kernel size of 8, 8
quantization matricez {(and edqy clusters), an automatic threshold, 300
iterations, amnd a tabu size of 40. The last 3 argunents are for the edge,
comprezsed, and expanded image files. Note that the “0", "200", "0.6",
and "0.95" argumnents for the defunct EKohonen classification scheme are no
\longer used.

Figure 2: Input Format and Example Input




EXSMPTL.E OQUTPUT :

QUANMAIN {version 1l.4}:
Puming TABU SEARCH method!
bitsused=8
ksize=8
rows=25&
cols=2%58
nunuants=§
waxclust=8
initrad=0
kohiters=200
threshval=-1
learnrate==0.&000
adjrate=0.3500
iters=300
tsize=40
origfile=abdonl. raw
edgefile=abdom! tsPLAPSs40. adg
comp file=abdoml tsPLAPSs40.cup
expfile=abdonl tsPLAPSs40.e2xp

The min, max and average of the gradients are:
Min = 0

Hax = 255
Ay = 45_5
Thr = 234 (auto='.3*% (Max-awvg) ')

Edge detected files printed to file abdoml tsPLAP8s40. 2dyg!

Figure 3: Example Output



EXAMPLE OUTEUT :

i I A L

L L - -

Ik ok ok +—-. —++
r- s FEREXSFEFExT+,
rrtSsSEsst++xtntt++xsss
L —BFaax++. [ —&ax. =3
—sax—x+++—-_ —++—- _n+—++
Fattx—xaatx— ., +xutxEExE
s —asat++FH+c . o
—-—&a——. -+, -, x+H.

+x—-,-. —-—,——&-——_.xx+.-—.
X+—. ——. —— . +++uxt++xa+._

Aax+_ — .~ ——H+X—X_SEAXXEXK—

i .

- oo

- o

- "
- -
Fd

FAXFHX——.

Fd

CHEE—L - —_ -++fF++txt+t—————
fE=. = ——XXuxxt++.++-—
FfEYAY-. == 4. —muxt—-.—+.
JExX+. - +rxxetdxexx, 4.+
Pl S - -—+. —+x_.—-—+,
rrat—.-. L .+, —x_ . ++.

,e—xt+—-_ —_——_ .-, +++,
rrere@ax.tt_o—_ 85, H—a&—+F+4a—x%
ey, A+ +. 4., L+ FxFHEx. S

-aXtr—t+xt++—t++xt—_x+
xaxat—, —x+xt+, [ —xut
FrEX—x+ I+ttt xts+
rr—Ftxxsass8axxRt—

-

-

- - "

- r - r L Fd - -

- o - o - -

- r - r L

E L R R L

E I L - -

F—*—* FTTERATIO 1t

FE——FX_——** NMNEW BEST OI[O0O.
FA_—_—_Fx__—_** NEW BEST 1[O0.
FHF——xTx—_——=xx* NEW BEST Z[O0.
FE_—_—_FX_—** NEW BEST [0,
FEX——*Tx——xx* NEW BEST «4[0.
FHR——Ftrt——** NEW BEST S5I[O0.
FH_—_*Fx——xx NEW BEST &[0,
FEX——FTxF—_—F** NEW BEST [0

*—*—* TTERATION 300!
*H__x*__=** JRW BEST 3I[0O.

{continuaed)}

R

- -

+ .

- -

- -
-

Xerer
[ - 5 S
tsesa .,
SEHHLSL , ,
sS+—F+,
. Bxxa
axxa,
& — 33—
x+a—
- —+&8&—
L FXRE—
. +—%F—
+—xs—F,
. +a+
x.++a
x++*F—_
HHE— ,
—-—a+
Xx=,

E

- "
-

-

- -

-
-
Fd
-
- r
- o

s r oo

- o or

E A

10803.,0.11281]
11072,0.116261
11705,0. 124141
124$5,0.12210]
13522,0.132421]
14848,0.14930]
152363,0.16030]
11007,0.111441]

lleze .. 0.11528]

Figure 4: Example Qutput (continued)



EXAMPLE OUTEBIIT:

(continuwed X

6, lz, 8, 16, 16, 26, 15, 1&s,

&, 20, 1s, B4, 32, 34, <42, 50,

6, 16, 40, 36, 54, 64, 7656, 84,

&, 26, 48, &6, 7?0, 8&, 1D0O, 118,

30, 36, 45, F0, 92, 108, 134, 154,
14, 40, 66, 84, 1l0Og, 135, 154, 1386,
2z, 46, 74, l0oe, 132, 180, 1S90, 21s&,
26, &z, 882, 118, 150, 180, 218, Z&5&,
(0 abowe)

&, 6, 10, 16, 1l1le, 15, 1ls, 34,

&, 20, 16, 16, 32, 36, 44, &4 _

l4, 16, B2, 36, 66, 64, 70, 85,

14, 32, 46, 48, 65, 388, 104, 11z,
30, 40, 80, 54, 8383, l1los, 132, 15z,
30, 5z, 88, Ss, 110, 132, 154, 176,
30, 5z, 80, 106, 1zg, 154, 18z, =z1s8,
30, ?e, 102, 1ll1ls, 150, 178, 2l1l4a, 256,
{1 abowe)

4, &, 30, 18, z0, 15, 28, 22,

&6, l1l4, 18, Z0, 34, 42, 56, 43,

14, 26, 42, 40, 55, 70, 74, 94 _

8, 32, 40, 55, 72, 78, 100, 110,

le, 40, 54, 56, 8§88, 1los, 130, 144,
le, 48, 66, 80, 104, 130, 1856, 174,
zZ0, 44, 78, 100, 130, 154, 184, 214,
ls, 44, 86, 128, 15z, 184, =Z1lD, 256,
(& abowsa}

<, 10, 10, 110G, 16, 1&5. Z2zZ2, 34,

2, 10, 20, 228, 40, 34, 44, &4,

lo, 1, 28, 42, 48, 66, 74, S4,

s, 34, 36, 42, 70, 8z, 95, lzs,

16, 32, 52, 64, 88, 104, 130, 150,
le, 34, 64, 82, 1l0o4, 135, 155, 182,
g, 40, 74, 102z, 130, 1s0, 1|z, 214,
18, 54, 86, 11&, 154, lgz, 220, =250,
(7 aboweae)

original_ bpi = S.00000
comprress_bpp = Z.71071

compress mSe
cCompress__rms
compress_sSnr
compress_ratc
SUCCESSFUL RIA!

z2lz_.37z1°%5
14 _ 572335
Z4_.85983
0D.10904

Figure 3: Example Output {continued)



GENETTC ATGORITHM CODE SHAPSHQT:

randomize {0) ; f* randomize & initialize below */
if {lmakerefbics{bitsused} || Imakecosinematrices (DOINGFORWARD ksize)}
| 'makecosinemacrices (DOINGINVERSE ksize) !
/* PROBLEN HAKING REF or COS MATRICES */
indivlen = ksize * ksize; /* do GA initialization now */
done = gainit{bitsused,ksize,rows, cols, nunquants, psize);
while {jitcer < iters && domne <= 0} /* loop thru iterations */
{ icer++; f* leoop chrwu cuants below */
for {gmatrix = 0; qmatrix < nukduants, qmatrix++)
{ gatournament {nuncguant s, gratrix tsize,psize,apl, . apZ,.ecl,&cZ) ;
gacrossover {ksize, quatriy,pl,pZ,.cl,cZ,xover ,pc) ;
ganutation(ksize , gmatrix cl,cZ pnl;

for {k = 0; k < psize; Xk++) f* do tourn/xover/mutation ahove */
{ 4f (el ==k |] =<2 == k) /* evaluate new children only */
{ for (i = 0O; 1 =< ksize; i++)
{ foxr {J = 0; 3 <« ksize; j++)
uant_matrix(qmacrix] [1] (3] = guanc_gsamacrix(k] [geacrix] [(11[3]1:
} F*¥ compress & expand image below */
if {!compressimage(bitsused, ksize, rows, cols, —qmatrix, ", "}

J* PROBLEM WITH COMPRESSTION */
1if (lexpandimage{bitsused,ksize, rows, cols,—gmatrix, ", ""})
/* PROBLEM WITH EXPANSTON */
evalimages (bitsused ksize,rows,cols, ~gqeratrix,original_ daca.
expanded_data_ smse,rms, Sbpp.Ssnr.sratc)

a = (k + 1} * nungquants;, /* evaluate above, check BEST below */
if (rat < rat_best(a + ¢macrix]:}
rat_ bestcla + gmatrix] = rat;
if {rat < rat_bestl¢qmacrixl)
{ for {i = 07 i < ksize; it++)
{ for {3 = 0; 3 < ksize; J++}
quant_tabubest [gquatrix] [i]1[jJ] = quant_matrix [¢qmatrix][i]lI3];
} /* recorded optimal child akbowve */
rat_best [gmatrix] = rat;
uant _bestiter [qmatrix] = iter:
}
¥
}
}
}
for {qmatrix = 0; gmatriid < nukguants; gmatrix++)
{ for (i = 0; i < ksize; i++) f* restore best matrices ¥/
{ for (3 = 0; 3 < ksize; J++)
uant _matrix[gmacrix] [1]1[3] = guant tabubestlgmatrixI (11(317
}
} f* do real compress/expand/eval */

if {compressimagei{bitsused, ksize,rowus,cols nunguants,infile copfile))
{ if (expandimage{bitsused,ksize . rows,cols, nunuants, . cunpfile, cucfile}}
{ evalinages (bitsused, ksize, rows, cols nungquants,criginal_data,
expanded_ data,&mse . &arms, 4bpp,Lsnry _ Srach

Figure 6: Genetic Algorithm Code Snapshot



TABRT SEARCH CODE SNAPSHOT:
randomize {O) 7 /* randomize & initialize below */
if (!makersfbits(bitsusad) || !makscosinematrices (DOINGFORWARD ksize!}
1] 'makecosinematrices{DOINGINVERSE ksize)}
#* PROBLEM MAKING REF or COS MATRICES */

z = ref bits[bitsused]:; £* do TS dnitialization now */
done = tsinit{bitsused,ksize, rows,cols nmancgaants,tsize} ;
while {iter =< iters &£& done == 0O) /* loop thru iterations */
{ dtcert+; /* loop thru quants below */
for (gmactrix = 0; gRAatrix < nunguants; oeatrix++}
{ done = tsheastci{bitsused ksize,rows,cols, icer gmatrix,
Sbesti, sbast], sbesck, sbastccost)
if (done > 0O} S* find best mowse abowvs */
£* PROBLEM FINDING BEST HMOVE */
else 1f (done!} /* do move & check BEST below */
{ quant_ tabulist [gunactrix] [(besti] [best3] = iter + gquant_tabusize[gmatrix];

Tsunove {Sdkestk, z,qmatrix bestci besti),;
if (bastcost < rat_best[gmatrix])
i for (i = 0; i < ksize; i++}

I

{ for {3 0O; 3 < ksize; 3++)
quant _tabubest [gmatrix] (1] 3] = guant matrix(gmatrix][i]1[31-
} F* recorded optimal mowve abowas */f
rat_best[¢matrix] = bestcost-;
quant _bestiter [gqmacrix] = iter;
}
}
}

}

/* SAME restoration of best matrices and real compress/expand/eval as GA cods */
1 BELOW IS A CODE SHARPSHOT OF THE isdbest(...) ROUTTIHE R
z = ref_bits[kbitsused]; f* scome wvalues dinitialized */
for {i = 0; i < ksize,; i++} /* leoop thru entire kermnsl */

{ for (3 = 0D; 3 =< ksize; J3++)
{ for (B = D; kB < Z2; kit+) /* loop thru *+' and *-*' moves */
{ prevgmnatval = guant matrix[gqmatrix] [11[31-

if (ltsmovelak,-z,gmatrix,i,.Jji}
braal; /* compress/expand/ewval imags ba2low */

if (lcompressimage{bitsused, ksize,rows,cols, —gmactrix, ™", "%}
#* PROBLEM WITH COMPEESSTION >/

if {lexpandimage (bitsused,ksize,rows,cols, —gmatcrix, """, "“"}}
#* PROBLEM WITH EXPANSION */

evalimages {(hitsused ksize,rows,cols, —gmatrix original data,

expanded_data smse &rms sbpp,E£Snr , &Srat} ;s

quant matrix(qgmatrix][1i]1]3] = prevgmatwval;

if (guant tabulist(gmatrix] (i][3] < icer || ratc < rac_best [gmatrix])

{ if (rac =< *hastcost)
£ *hbasti = i; *bastj = j; *hestk = k; *bestcast = rat;
}

3

}
}
k} ey

Figure 7. Tabu Search Code Snapshot



TESTING AND ANATLYSIS:

FEST TMAGES:

pdominal 1 ............ abdoml.raw
Apbdominal 2 ............ abdomZ .raw
dbdominal 3 ......¢.0cra abdoms . raw
Abdominal 9 ... ce s earens abdom4.raw
Apbdominal 5 ..., abdomS.raw
Brain O ...+ ¢ iciac.a brainl.raw
Brain 1 ...+ hraini.raw
Brainm 2 ...+ i hrainZ.raw
DPINE ittt e s r et s spine.raw
Leng ..o s s ncesscrsens lenaraw.raw
Mandrill .........¢c..... mandrill.raw
ANALTSIS

* Compare recovered (expanded) images tg the
original image and/or lowest compressed image

* Compare the charts produced for all wvariations
of classification, TS, and GA used.

* Make conclusions based upon &ll results.

KEY {(for results):

bpp = bits per pixel

mse = mean sguared error

rms = root mean squared errgor

snr = peak signal-to-noise ratio (in dB)

rat = cost function ratio (e.g. bpp/snr)

time = elapsed time for algorithitm {in hhi:mm:ss)

Figure 8: Testing and Analysis Preview
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1 User Documentation

Those attempting to read this section should read the theoretical background presented in the Masters

Thesis before continuing. This will provide the user with the knowledge necessary to make good choices for

program argurnents.

1.1 Program Description

The program quanmain allows 2 techniques the vser may choose for edge-adaptive block guantization
during the compression of small images. The key idea for each method is to find the best set of guantization
tables for a given image or image type based on the relative edginess of internal blocks. To accomplish this task
a genetic algorithm or tabu search algorithm may be employed. For simplicity of implementation, the software
only handles 8 bit grayscale images which are 256 rows and 256 columns in dimension. The software is also only
capable of using an 8 byte kernel size for the DCT transform, and the number of quantization matrices used
to encode the image may only be 1, 2, 4, 8, or 16. The final outcome is the edge-detected view of the original
image file, a compressed version of the image, and the expanded form of the compressed image. The following

subsections explain in more detail the functionality of this program.



1.2 TInput Data

The input data for both optimization algorithms includes the TABU or GENALG flag for the method
selected, bits per pixel, kernel size, rows of pixels, columns of pixels, number of quantization matrices to use, the
maximum number of clusters used for classification, and the threshold value used for classification. These values
should all be given in this order followed by 3 additional values used for the now defunct Kohonen classification:
number of Kohonen iterations, learning rate, and adjustment to learning rate. Although these 3 parameters
must be filled-in, anything specified for them will not be considered during the run of the program (unless a
hardcoded flag is reset). The 2 rate parameters may be substituted as cost function weights for bits per pixel

and peak signal-to-noise ratio, respectively (see Figure 9 of Appendix A and Figure 2 of Appendix BJ.

For 1abu search (TABU) the onlv additional parameter is the tabu size. However, for the genetic algo-
rithm (GENALG) approach 5 additional arguments must be given in order as tournament size, population size,
crossover tvpe, crossover probability, and mutation probability. Both methods are concluded with 4 parameters
which are the original image filename used for input and the edge-only filename, compressed image filename, and

expanded image filename used by the program for output (see Figure 2 of Appendix B for details).

1.3 Normal Output

The normal cutput indicated by Figures 3, 4. and 5 of Appendix B is initially the display of program
arguments along with edge-detection and block classification statistics. This is the time when the edge-detected
image is written to a file. Next, the cutput of each iteration of the selected algorithm is displayed, showing any
new best and old best pairs found for each quantization matrix. After the final iteration all quantization matrices

are shown, the evaluation statistics are given, and the remaining compressed and expanded image output files

are generated.



1.4 Exception Reports

The only time something should go wrong with the program is if there is an internal problem with DCT
mathematics or matrix manipulation, or there is an insufficient number of command line arguments. In the first
case you will get an error saying "ERROR: dct or insert went wrong!”. This is coupled with a “PROBLEM
DURING RUNY" message if the problem occurred during the run of the algorithm, or it is coupled with "PROB-
LEA DURING CLASSIFICATION!” if the problem occurred during classification. In both cases yvou will get a
“INTERNAL ERROR: There may be a USAGE problem, so tryv the following” message afterward followed by
the usage requirements given in Figure 2 of Appendix B. Segmentation faults and arithmetic exception errors
conid result if incorrect command line arguments are given. If either of these errors should occur the user should

re-examine the command line versus the actual usage (the core file generated should be removed).

1.5 Program Limitations

As mentioned previously this program is not capable of processing anything other than 8 bit images that
are 256 rows by 256 columns in dimension. Also, for quantization the program only accepts an 8 byte kernel size
and 1, 2, 4. 8, or 16 for the number of quantization matrices. All other directions given in Figure 2 of Appendix

B should be followed explicitly.

1.6 Command Sequence

There is an example of user arguments given at the bottom of Figure 2 in Appendix B. It should be clear
after reading this example how the program should behave. To run the program using a genetic algorithm instead
of tabu search simply replace “TABU” with “GENALG” and replace the tabu size with a valid tournament size.
Also, the 1 extra parameters for population size, crossover type, crossover probability, and mutation probability

must be given in order right after the tournament size (but before the 4 filenames are given).

Any problems or questions encountered during usage or modification of this program should be forwarded

to the author:



Naome: Michael Champicn
Address:  msc0686@cs.rit.edu

Telephone: 716-724-4000

2 Technical Documentation

Those attempting to read this section should read the functional description presented in the Masters
Thesis before continuing. This will provide the programmer with the knowledge necessary to make good choices
for program medifications. In addition, it would be very helpful to read and understand the code and internal
documentation referenced in Appendix N before reading further. The medule and function descriptions allow a

good understanding of what the program does and how it does it.

2.1 Program Description

This program adaptively guantizes an imeage based upon the relative edginess of each 64 byte square
block in the image. To do this it employs the edge-detection algorithm given in the lower part of Figure 7 in
Appendix A. Afterward it requires the use of either greedy algorithm represented in Figure 8 of Appendix A. The
implementation of both genetic algorithm and tabu search approaches is shown in Figures 6 and 7 of Appendix
B. This program is only designed to run in a UNIX environment, and the command line used to compile and

link each module together is given at the beginning of each source file referenced in Appendix N.

2.2 Historical Development of the Program

Included in the heading description of each medule referenced in Appendix XN is a timeline giving a brief
descripticn of the changes which took place during the development cycle on the program. The following is a

more detailed account of changes which took place.



Iritially the edge-detection, Kohonen SO, and other classification algorithms were built in parallel with
the image bit-packing, compression, and expansion routines. These functions were tested separately such that
an edge form of the image could be generated, and such that the image could be successfully compressed and
expanded within a relatively low degree of error. This phase also included the minor testing and debugging
of slave routires for DCT calculation and matrix manipulation. Note that all of the associated routines were

created with the intention of increasing the maximum number of quantization matrices in the near future.

Once this stage was complete, the genetic algorithm (GA) and tabu search (TS) code was built around the
image compression, expansion, and evaiuation functions already created. All routines had to be slightly revised
for the correct usage of multiple gquantization matrices. Once the GA and TS code proved to be working properly
some testing was done to find out if each method did trv to find the optimum quantization matrix for each image
block classification. Afterward, much debugging code was stripped from each module and the evaluation routine

was made more robust.

If more information is needed please contact the author at the address or phone number listed at the end

of the previous (User Documentation) section.

2.3 Overall System and Program Structure

Figure 1 of Appendix B gives a combined look at the system organization and general Bow of data within
the program. A more detailed understanding of the diagram may be cbtained from the functional description
portion of the Masters Thesis document. There are 8 different modules with various functions in each one. The
guanmain file parses the command line arguments and sets the proper values to be passed on to the guanclas
module. The classifytmage routine in this file calis the edgedetect function of the gquanedge module to return an
edge-detected form of the image which will have its kernel-sized regions labeled as belonging to a class based on

its relative edginess.



Once classes are assigned to each image block the original image data is passed on to the guanadap module
where either gacompress or tscompress is used to find the optimum set of quantization matrices, minimizing the
cost function given in Figure 9 of Appendix A. To compress, expand, and evaluate an image the guanpack and
gquanmisc modules must be accessed. It should be noted that the routines in these 3 files occasionally need the
functions contained within the guanmeke and quanmatr modules in order to complete their tasks. However, with
the notable exception of the guanmisc module which contains miscellaneocus functions that did not fall under
any parficular category, each module contains functions which accomplish similar tasks. There are other helper
reutines not mentioned here which assist in each task. The internal documentation of the code referenced in

Appendix N contains more details on each of the functions.

2.4 Description of Key Data Structures

All block packing storage is represented by dynamically created and freed 1 dimensional arrays within the
guancles module. All other arrays are created at compile time {see the guanmain.h include file referenced in
Appendix N for more details}. All temporary image storage is represented by 1 dimensional arrays. Floating-
point arrays are used during calculation within the det2d function, as well as some matrix manipulation functions.

However, normally short-integer arravs are used throughout the program for data representation.

Two dimensional arrays are never used in the program, but 3 and 4 dimensional arrays are used quite often.
The tabu list for every move in each guantization matrix is represented by a 3 dimensional array, as are the
storage matrix and the best tabu matrix found for each of the quantization matrices {also used for the genetic
algorithm method}. The current quantization matrices being manipulated are also 3 dimensional arrays, but
in order to accommodate each population member for the genetic algorithm method a 4 dimensional array was
used. These are all represented as short-integer arrays. and they are created upon compilation of the program

{i.e. they are non-dynamic in size}.

Extra 1 dimensional Hoating-point arrays were necessary for the best cost ratio for each quantization

matrix, the cosine matrices (normal and transpose}, and classification weights. Additional 1 dimensicnal short-



integer arrays were needed for reference bits, the Gaussian smoothing filter, the Laplacian operators, the Sobel
operators, the best tabu (or genetic algorithm) iteration for each quantization matrix, and the tabu size for each
quantization matrix. The image matrices were represented by unsigned-character arrays for ease in access to

files. These global variables were also created at compile time.

Visit the code reference in Appendix N for module descriptions and more detailed information on how

some of the global variables mentioned are used and modified.

2.5 Built-in Maintenance Aids

There is no explicit way to flip a switch in the code and have elaborate debugging information shown.
However, anv programmer wishing to use leftover debugging code can search the code for “debug” variables.
No timing variables or routines are used within the program, so timing should be done cutside the program.
If internal timing is desired, suitable locations may be found within the guanedep module. Also, “printf”
statements can be used anywhere within the program to uncover cryptic problems with code changes. Note that
the “rogertst” flag of the guanmain.k file can be set to examine DCT calculations before a certain number of

iterations is reached (see Appendix N for source code reference and DCT dissection).

2.6 Testing/Acceptance Criteria

The simplest way to test the program is to find an 8 bit image that is 256 rows by 256 columns in size and
plug it into the example command lire given in Figure 2 of Appendix B. This command line can be modified and
reconstructed based upon the requirements desired. Results can be compared with other valid configurations
using several different image files and file types. When a program run is complete an image manipulation tool

like oséris (or some other raw image viewer) may be used to view the expanded image{s) for subjective analysis.



Masters Thesis (Winter 1998/1999)
APPENDIX D - Original Image Data

Michael S, Champion (e-mail: mse0686ches.ritedn)

Jannary 28, 1999

Figure 1: Abdaminal 1 - Original Ras Data

Figure * Abdominal 2 - Original Raw Data Figure X Abdaminal 3 - Orignal Raw Data



Fipzr 4: Abdominal 4 = Original Raw Daw Figure 5 Abdominal 5 - Origmal Raw Data

Figur & Braia 0 (top wow' - Original Raw Daza Figwe 7: Brain | [side vicw) - Original Raw Data



Figure §: Brain 2 {gde view) - Original Raw Data Figare & Spine - Original Raw Data

Figure 10: Lena - Original Raw Data Figure 11: Mandrill - Original Rlaw Data



Masters Thesis (Winter 1998,/1999)
APPENDIX E - Recovered (Expanded) Image Data

Michael S. Champion (e-mail: mse0686¢es.rit.adu)

January 28, 1999

Figure |: Abdogunal | - Expanded law Data

Figer = Abdominal 2 - Expanded Raw Data Figure 3 Abdominal 3 - Expanded Naw Data



Figpuere 4. Abdominal 4 - Expanded Tas Data Figure 5: Abdaminal 5 - Expanded Raw Da

Figurr 6 Brain 0 (1op view) - Expanded Raw Data Figure 7. Brain | {side vicw) - Expanded Taw Data



Figurr % Spinc - Expanded Raw Data

Data

- Expanded Raw

Figure & Bram 2 (nde view)

10

Figure 11: Mandnll - Expanded Raw Data

- Expanded Rae Data

Figure 10: Leoa

12



Masters Thesis (Winter 1998,/1999)
APPENDIX F - Edge-Detected (Sobel operator) Image Data

Michael 8. Champion (e-mail: msc0636<es it edy)

Jannary 23, 1999

Figure 1: Abdominal 1 - Sobel Edge Daw

Figure 2 Abdominal 2 = Sabel Edgr Data Figure 3: Ahdominal 3 - Sohel Edge Data



Figure 4 Abdominal 4 - Sobel Edgr Data Figuare 5: Abdominal 5 - Sohe] Edgr Data

Figare & Braia 0 (top vicw) - Sobel Edgr Data Figure 7: Brain 1 (side virw) - Sobel Edge Data



Figure & Brain 2 (side view) - Sobel Edge Data Figire 9 Spine — Sobel Edge Data

Figure 10: Lena - Sobel Edge Data Figure 11: Mandrill - Sobed Edgr Data



Masters Thesis (Winter 1998/1999)

APPENDIX G - Edge-Detected (Laplacian operator) Image Data

Michael 5. Champion (e-mail: msc06805kcs ritedu )

January 28, 1999

Figure 1: Abdaminal | - Laplase Edgr Data

"

Figure 22 Ahdominal 2 - Laplare Edge Data Figure 1: Abdaminal J - Laplace Edgr Dawa



ace Edgr Data

al 5 - Lapl

Figure 3: .

4 - Laplacr Edge Data

Figure 4

Figure & Bran 0 {top varw] - Laplaee Edgr Data
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Masters Thesis (Winter 1998/1999)
APPENDIX H - Genetic Algorithm Results
(varying crossover type, tournament size, and population size)

using Abdominal 1 image

Michael 5. Champion (e-mail: mseD6S6Rcs. rit.edu)

January 23, 1999

Figure 1: GA Rewults - conual image

Figar 2 GA Resuls - sng naifoem cromors Figure 3 GA Rewults - tting ane-point crmmsoves



Figire 4: GA Mesults - using tournament size 5 (paprlation size 60) Figire 5 GA Resils - using tournameat size 15 (population size 60)

Figare 6 GA Tesulus - using tournament siee 25 (population sie 60) Figure 7: GA Tirsults - using wurnament uze 15 [population size 60)



Figere 8. GA Rombs - psing wornamest s 55 |populaton see 60/ Figar & GA Tiesalts - geing popalation sor 20 (Lourmnamen: s 15

Figare 1 GA Results — using popalation szr 30 (woornamen: s 15 Figure 11: GA Resuhs - using populatios ore 4] (toorpament s 15



Figure 12 GA Results - using population size 50 (toqrmament o 15 Figure 13 GA Resuhs - wang population sae 60 (wournament e 15



Masters Thesis (Winter 1998/1999)
APPENDIX [ - Genetic Algorithm Results
(varying crossover rate, mutation rate, edge operation,
and number of quantization matrices)
using Abdominal 1 image

Michael 8. Champion (e-mail: macO6368c= rit.adu)

January 28, 1993

Figere 1: GA Resulis — enntml (mage

Figure 2 GA Mesults - wang T0R crossover rate Figure 3: GA Tlemits - umng 0% cromsover rave



Figure 4: GA Tewuhs - using 90 orossover maie Figure 5: GA NMesults - using 2% mouation race

Figure 6: GA Mesults - using 6% mutation rate Figure 7: GA Results - using 8% mutation rate



Figwr & GA Mesulis - using odgr transiions Figare & GA Nesults - ming Sobel oporator

Figure 10 GA Results - using evge transivions and Sobel oporator Figure 11: GA Resulis - umng | quantization matnx



Figare 12 GA Results - using 2 quantization mairices Figure 13: GA NMesults - using 4 quantization matnioes



Masters Thesis (Winter 1998,/1999)
APPENDIX J - Genetic Algorithm Results
(used on same type image plus other images)

using Abdominal 1 image

Michael 5. Champion (e-mail: mse06360cs it adu)

January 23, 1099

Figure 1. GA Resuls - Abdominal | image (eonwrol image)

Figurr 2 GA Mewals ~ Abdominal 2 image using quant. matriees of Abdonizal | Figure 3: GA Mesulis < Ahdominal 3 imagr asing quant. matniees of Abdomisal |



Figurre 4: GA Results - Abdominal 4 magr aang quant. matriees of Ahdominal | Figure 5 GA Mesults -~ Abdaminal 5 imagr wing quant. matniers of Abdaminal 1

Figore 6 GA Mesults - Braun 0 (top vicw) imagre Figure 7. GA Mesults - Brain | (side view) image



Figure 5. GA Mesults - Brain 2 (side view) image Figure & GA Tesults - Spine image

Figare 10 GA Mrsalus - Lena image Figare 11: GA Mrsulw - Mandnll image



Masters Thesis (\Winter 1998/1999)
APPENDIX K - Tabu Search Results
(varying tabu size, edge operator,
and number of quantization matrices)
using Abdominal 1 image
Michael 5. Champion (e-mail: msc0686dcs. rit.edu)

Jannary 23, 1999

Figir | TS Rewults - mmntenl image

Figure 2 TS Results - sing taba sre 10 Figure 3. TS Mesults - uming tabo sz 25



Figure 4: TS Results - asing tabu sie 55 Fignre 5 TS Tesalts - wsing taba sme 70

Figare 6 TS Results - using taba e 85 Figure 7: TS Mesults - nung tabuy wze 100



Figure & TS Resuls - wsing odge trassitions Figure & TS Results - umng Sohel operator

Figure 1& TS Resulu - asing edgr wransitions and Sobel operawar Figure 11: TS Results - using | quantization matsiz



Figere 12 TS Resulu - meing 2 quantizatiog malners Figure 13: TS Mesults - umng 4 quanization matroes



Masters Thesis (Winter 1998/1999)
APPENDIX L - Tabu Search Results
(used on same type image plus other images)
using Abdominal 1 image

Michael 5. Champion (e-mail: msc06366cs rit.edu)

January 28, 1999

Figure 1; TS Mesuhs - Abdominal 1 image (oontml image)

Figure I TS Resulis - Abdominal 2 imagr osing quast. matriors of Abdaminal 1 Figare 3: TS Mlesilts - Abdominal 3 image using quamt matriers af Abdaminal |



Figure 4: TS Results - Abdaounal 4 image ming quast. matnens of Abdominal | Figure 5 TS Mesults - Abdominal § image wdng quant. matners af Abdaminal 1

Figure & TS Results - Brain 0 (top vies) image Figure 7: TS Tesults - Brain 1 {side view) bnage



~ Spine image

Figure 9: TS Resulus

Brain 2 {sidr virw] imagr

Figure & TS Resalts -

0

TS Mimults - Mandrill imagr

Figure 11:

Figure 10k TS Resuhs - Lena bmage



Masters Thesis (Winter 1998/1999)

APPENDIX A — Results, Analysis, and Conclusions

Michael S. Champion {(e-mail: msc0686@cs.rit.edu)

January 28, 1999



GENETTITC ATGORITHM RESULTS:

The following results were obktainsed with the following
arameters unless oth i i 1 :
P erwise indicated /NORHAL (CONTROL?

bpp = 2.65419

* % blackness (not % b/w transition)

L LePLINITILSIYn grerater (mot Sobel) wee - 2is.s770z
* 45 for tournament size rms = 14.83162
* 60 for population size snr = 24.70703
* Two—point crossover rat = 0.10743
vime = 00:33:12

* 100% for crossover rate — o
* 4% for mutation rate
* 300 rtotal iterations
* Using ABDOMINAL 1 image

WITH % B/W TRAWNSITION WITE 1 QUANT. HMATERIX

bpp = 2.63542 bpp = 2Z2.60938

mse = 211.86824 mse = 230.66287

rms = 14.55569 rms = 15.18759

snr = 24.87015 sny = 24.50103

rat = 0,10557 rat = 0.10650

time = 00:31:58 time = 0O0:17:51

WITH SOBEL OPERATOR WITH 2 QUANT. HMATRICES

bpp = 2.564304 bpp = 2.66614

mse = 215.54861 mse = zZ08.60765

rrms = 14.68157 rm=s = 14.44943206

snr = 24.,738535 snr = 24.93750

rat = 0.10659 rat = 0.10691

time = 00:32:48 time = 00:27:57

WITH % TRANS. & SOBEL OP. WITH 4 QUANT. MATRICES

kpp = 2.64522 bipp = 2.67917

mse = 212.5%8074 mse = 216.80716

rms = 14.58049 rms = 14.72437

snr = 24.855356 snr = 24 .,.77007

rac = 0.10642 rat = 0.1081%

time = Q0O:32:07 time = 00:30:07

Figure I: GA Solution - evaluation results



GENETIC AGLGORITHM RESULTS: tcontinmed)

WITH 70% CROSSOVER RATE WITH 2% MUTALATION RATE
bpp = 2.64168 hpp = 2.62675

mse = 216.81920 mse = 220.66753

rms = 14.72481 rms = 14.854988

snr = 24.76981 sSnr = 24.6934Z2

rat = 0O.10665 ratct = 0.10637

time = 00:32:421 time = 00:32:42

WITH 803% CROSSCVWVER RATE WITH 6% MUTATION RATE
hpp = 2.64287 hbpp = 2.62538

mse = Z212.51376 mse = 213.2494216

rms = 14.57785 rms = 14.60281

Snr = 24.85683 snr = 24.84207

rat = 0.10632 rat = 0.10568

time = Q00:33:01 time = 00:32:55

WITH 90% CROSSOVER RATE WITH 8% MUTATION RATE
bpp = 2.63103 bpp = 2.60356

mse = 214.92644 mse = 221.01433

rms = 14.66037 rms = 14.86655

snr = 24 .80791 snr = 24.68660

rat = 0.10606 rat = 0.1054¢

time = 00:31:58 time = 00:32:30

WITH UNIFORM CRCSSOVER
bpp = 2.66568

mse = 210.66011
rms = 14.51413
snr = 24.85498
rat = 0.107038
time = 00:32:26

WITH ONE-FCOINT CROSSOVER
bpp = 2.62163

mse = 216.7449446
rms = 14.72224
snr = 24_.77132
rat = 0.10664
time = 00:32:22

Figure 2: GA Solution — evaluation results (continued)



GENETIC ALGORITHM RESULTS: (conizinued)
WITH TCURN. SIZE S
bpp = 2.680289
mse = 217.924339
rms = 14.76226
snr = 24.74775
rat = 0.10871
cime 00O:38:50
WITH TCURM. SIZE 15 WITH TOURN. STIZE 325
bpp = 2.66582 bpp = 2.649201
mse = 221.00200 mse = 219.51711
rms = 14.86614 rms = 14.81611
snr = 24.68684 snr = 24.71612
rat = 0.1078S rat = 0.1068%
time CO0:36:46 cime gg:33:59
WITH TOURN. SIZE 25 WITH TOURN. SIZE 55
bpp = 2.65268 bpp = 2.65050
mse = 219.88107 mse = 214.36505
rms = 14.82839% rms = 14.649121
snr = 24.7083933 sEnr = Z24.81S2Z6
rat = 0.1073¢ rat = 0.1067%
Time 00:35:16 cime cQ:32:00

WITH PCP. SIZE 20O
bhpp = 2.65034

mse = 213 .90675
rms = 14.62555
snr = 24.8285¢6
rat = 0.10675
time CgQ:29:57%7
WITH POP. SIZE 30
bpp = 2.62613

mse = 214.67618
rms = 14.65183
snr = 24.812397
rat = 0.10584
time C0:534:18

iresults with tournsasunent size 153

WITH PCP. SIZE 40
bhpp = 2.64233

mse = 215.86284
rms = 14.69227
sEnr = 24.78390:2
rat = 0.10659
time DOD:34:01
WITH PCP. SIZE 50
bhpp = 2.66388
mse = 215.55028
rmz = 14.68163
snr = 24.75532
rat = 0.10743

T ime CO0:35:13

Figure 3: GA Solution — evaluation results {continued)



GENETIC AT.GORITHM EESULTS: (continued)

{results based on guant. matrices found for ABDOMINAL

ABDOMNINAL =2 ABDOMINAL 4
bhpp = 2.65625 bpp = 2.65625
mse = 178.53503 mse = 154.41550
rms = 13.36544 rms = 12.426490
snr = Z2L5.61114 snr = 26.249389
rat = 0.10371 rat = 0.10121
time = 0O0:00:05 tcime = 0D0:00:035
ABDOMINAL 3 ABDOMINALAL 5

bpp = 2.65625 bpp = 2.65625
m3e = 158.84094 mse = 149.45261
rms = 12.60321 rms = 12 .22508
snr = 26.12118 sSnr = 26.38577
rat = 0.10169 rat = 0.10067
time = 0O0:00:07 time = OCO0:00:07

{results bassed on cther Images)

BRAIN O {top =riew SPINE

bpp = 2.63655 bpp = 2.57%411
mse = 96.09785 mse = 368.5920%
rms = 9.3830295 rms = 19.19875
snr = 28.303567 snr = 22.46534
rat = 0.08315 rat = 0.11458
time = 00:36:08 time = 00:32:2%
BRAIN 1 (side wiew] LENA

bpp = 2.63535 bpp = 2.64784
mse = 72 .00020 mse = 101.8241%
rms = 8.48529 rms = 10.08079
snr = 29.55747 snr = 28.03230
ratc = 0.08916 rat = 0.09439
time = 0O0:32:57 time = D0:33:11
BRAIN 2 (side wiew] HANDRILL

bpp = 2.61229 bpp = 2.61702
mse = 105.85138 mse = 280.232867
rros = 10.28841 rrvsg = 16.74015
snr = 27.86384 snr = 23.65552
rat = 0.09363 rat = 0.11063
time = 00:33:17 time = 0O0:32:16

Figure 4: GA Solution - evaluation results {continued)
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Figure 5: GA Sclution — cost ratio vs. number of quant. matrices
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Figure 6: GA Solution — cost ratio vs. crossover rate {x10000)



0.1076 I ] ] I T

‘gamutrate.txt’ —

0.1074

0.1072

0.107

0.1068

0.1066

0.1064

0.1062

0.106

0.1058

0.1056

01 054 ] ] ! I |
200 300 400 200 600 700 800

Figure 7: GA Sclution - cost ratio vs. mutation rate {x10000}
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TAEBU SEARCH RESULTS:

The following results were obtained with the following
rarameters unlie=ss otherwise indicated:

* ¥ blackne=s=s (not % b/w transition)
(not Sckhel)

Laplacian edge operator
8 guantization matrices
40 for tabu size

300 total iterations
Using ABDCMINAL 1 image

* 4 4 F o

WITH % B/S/W TRANSITICON

bpp = 2.72234
mse = 201.339476
rms = 14.19136
snr = 25.0903:2
rat = 0.10850
time = 29:556:00
WITH SOBEL GOPERATOR
bpp = 2.68260
mse = 208.83032
rms = 14.,45096
snr = 24,.83287
rat = 4,10799

Tt ime S52:23:00

WITH % TRANS. & 3SOBEL OP.

bpp = 2.67787
mae 207.14636

rms = 14.39258
a2nr = 24.96803
rat = 0O.10725
tirme = 49:44:00

(NORMAL (CONTROL) |
bpp = 2.71071
mae = 212.37215
rms = 14.57299
sSnr = z4,85983
rat = 0.,10904
‘;ime = 32:57:001

WITH 1 QUANT. HATRIX
bpp = 2.68750

mse = 219.31738
rms = 14.80937
sSnr = 24 .,72007
rat = 0.10872

time = 47:23:00

WITH 2 QUANT, MATRICES
bpp = 2.68897

mse = 208.58205
rm=g = 14.,.44237
snr = 24.,93803
rat = 0.10823
time = 27:45:00

WITH 4 QUANT. MATRICES
bpp = 2.71942

ma=e = 204.15754
rms = 14.28838
snr = 25.,03114
rat = 0.10864
time = Z285:20:00

Figure 10: TS Solution - evaluation results



TABID SEARCH RESULTS:

WITH TABU SIZE 70

WITH TABU SIZE 10

bpp 2.73743 kbpp = 2.68690
mse = 2156.47998 mse = Z206.28282
rms = 14,71326 rms = 14.36255
snr = Z2494.776563 Snr = 24.98617
ratc 0.11048 rat = 0.10794
cime = 32:58:00 time = 29:53:00
WITH TABU SIZE 25 WITH TABU SIZE 865
hpp = 2.74377 bpp = 2.70970

mse = 208.051865 mse = 206.91350
rms = 14 .42400 rms = 14.38449
snr = 24 .54909 snr = 24.,97292
rat = 0,109397 rarc = 0O0.10851
time = 33:07:00 time = 52:06:00
WITH TABU SIZE 55 WITH TABU SIZE 100
bpp = 2.72305 kEpp = 2.65566

mse = 208.67505 mse = 209.,.30913
rms = 14.44559 rms = 14.46752
snr = 24.93610 snr = 24.92292
rat = 0.10920 rat = 0,1081%6
time = 4S:48:00 time = 51:48:00

(results based on cguant.

ABDOMINAL 2

bpp = 2.39062
m3e = 27%5.70868
rms = 16.60448
snr = 23.72630
rat = 0O.1007%%6
time = 0C0:00:03
ABDOMINLL 3

bpp = 2.39062
mse 233.65111
rms = 15.28565
snr = 24.44513
ratc = 0.059780
tLime = 00:00:03

matrices found for ABDCMINLL

ABDOHMINAL 4

hpp = 2.39052
mse = 234.71567
rms = 15.32056
snr = 24.42531
rat = 0.09787
tLime = 00:C0C:04
ABDOMINAL 5

hpp = 2.39062
mse = Z286.43417
rms = 15.11404
snr = 24.54319
rat = 0.05740
time = CCO:00:03

Figure 11: TS Solution - evaluation resuits {continued}

12

1)



TABU SEARCH EREESULTS:

{(coanfEinuaed)

[results based on other images])

BRATIN O (top wview)
bpp = 2.75585

mse = 91.50017
rms = 9.5655%7

snr = 28.51658
rat 0.08Se&654
cime = 31:02:00
BRAIN 1 {(side wview!
hpp = 2.7248E5

mse = 69 .568515
rms = 8.349075

snr = 2Z9.70670
rac = 0.09173
tcime = 31:03:00
BRAIN 2 (side wiew]
bpp = 2.67810

mse = S9S9.23703
rms = 9.96175

snr = 2Z28.16407
rac = 0.09509
time = 33:08:00

SPINE

bpp = 2.72832
mse = 3859.48999
rms = 19.7335350
snr = 22.225854
rac = 0.12275
time = 33:33:00
LENA

bpp = 2.71362
mse = 96.74308
rms = 9.83581
snr = 285.27460
rac = 0.08597
time = 29:51:00
MAMDRILL

bpp = 2.7C041
mse = 241.80478
rms = 15.55007
snr = 24.289615
rac = 0.11115
time = 49:05:00

Figure 12: TS Solution — evaluation results {continued)
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AHAT.YS TS :

GENETIC ALGORITHHN RESULTS: {using ABDOMINLL 1 image}

*

*

rerformed best using percentage of edge—-transitions and
a Laplacian operator for block classification

rerformed best with cone-point crossover, a population
s2ize of 30, a tournament sSize of 55, a crossover rate oIl
0.80, and a mutation rate of 0.08 {(approx.)

rerformed best using 1 gquantizaticn matrix for image
subjectively the one—-point crosSsover, tournsinent sSize of
55, and mutation rate of 0.08 usage appear to show light
areas darker than they really are (Z-point & 35 tourn.
2ize arguably best to use), but the wvariations on other
parameters appears to result in about the sene gualicy
subjectively using 1 guantization matrix looks the worst

TL&BU SEARCH RESULTS: (using ABDOMINAIL 1 Iimage)

*

rerformed best using percentage of edge—-transitions and
Sokel operatcr for hlock classification

performed best with a tabu size of 70 {spprox.])
performed hest using 2 dgquantization matrices for Iimage
subjectively the usage of a tabu =size of 10 appears to
show light areas darker than they actually are, hut the
variartions on other parameters appears to results in
skhocut the sSsame gquality

subjectively using 1 guantlization matrix looks the bhest
{although each usage looked wvery close in guality)

COMBINED RESULTS:

3

GA ourperforms TS in finding the best cost ratic (in a
shorter amount of time) for all ocf the test images

the application of & guantization matrices, Tfound by the
Gi and TS algorithms for ABDOMINAL 1, to the other 4
ABDOHNINAL images produced & slightly kbetter cost ratio
for each image (TS outperformed GA in this case cnly)
subjectively it is easy to see bhlockiness in edge areas
of all images in Appendix D-G combined, but the GL does
appear to do little better (Iif not eqgually as goed) than
TS in the edge areas of all test images (TS does do
better arcound the lightest part of the Mandrill’'s nose)

Figure 15: Analysis
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ONATYSTS : (conitnued)

COMPUTATIONAY, COMPLEXITY:

* Genetic Algorithm (GA) :

initialization time = (P*Q*[(3*3)) +
main loop time = [I*[Q*{TH+(Z*{K*K1}+(2%3*3}))11)) +
completing time = ((Q*(K*K)1+(3*S})) =
—-———(adding these together to get total time below)———-
total time = (P*Q*(3*S)1)1+

(I*{Q*(T+[2* [K*K) 1 +(2*3%3)) 1)+

(Q+(3*3))
————— (asymptotic time below governed by main loop)-—---——-
asymptortic time = O(IF(Q* (T+(2* (K*K11+[2*3*3)1)1 1

- [o(T70s)]
* Tabu Search (TS) :

initialization time = ([(Q* (3*Z)) +
main loocp time = [I*[(Q* [K¥K)*[(2*3%35) 1) +
completing time = [ (O* (K*K} 1+ [(3*3)} =
———-—(adding these together to get total time below)--—--—-—
total time = [Q*(3*3))1+

[I*(Q* (K*K) *[(2*3*3)1 )11+

[Q+(3*3))

————— [asymptotic time below governed by main loop) ———-—
asymptotic time = O[(I*F[Q*¥ [K*K) *[2*3*%*3) 1)
= IO( I*QrKAK*S) ]

7 ~
KEY:
K = kernel sieze
I = # iterations
Q = # guantization matrices
P = population =size
T = tourhament size
S = image size [(rows * colwnins)

A -

Figure 16: Analysis (continued)
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CONCLUSTONS :

Both GA and TS methods are obviocusly blocky & blurry with
respect to the originals, but each appears less blocky
around edges with respect to lovest-compressed images.
Both methods work well wvhen applyving set of guantization
matrices, created for a given image, to similar images.
G& hetter than TS in cost and time, and GAR appears only
marginally better subjectively.

Using percentage of edge-transitions with either operator
works best, although Laplacian edges look better, for
classification {(for either GA or TS).

For G4, both objectively and subjectively, the two-point
crossover, mutation rate 0.06, crossover rate 0.80;
tournament size 30, and population size 30 worked best.
For T3, hoth okjectively and subjectively, a tabu size

of about 70 worked hest.

It is too difficult to tell what number of cquantizstion
tables works best both objectively and subjectively, =0
the slternate cost function {with weights] was tried.

Results indicate that raising the PSNR weight makes the
compressibility (BPP) worse while holding the gquality
{PSNR] at around same wvalue. Raising the BPP weight
makes the PSNR wvalue worse. This implies that cquality
and compressibility may be weighted based on the
alternste cost function given in Appendix A, Figure 9.
It appears to be the case that the more edgy the image,
the more gquantization tables are required to get better
objective and subjective results.

Figure 17: Conclusions
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QUANMAIN (versionm 1.4)
Running TABUJ SEARCH method!
bitsused=8
ksize=8
rows=256
cols=256
numguants=§
maxclust=8
initrad=90
kohiters=1
threshval=-1
learnrate=0.000G0
adjrate=0.8000
iters=S
tsizes=2
origfile=mandrill. raw
edgefile=mand_ts.edg
compfile=mand_tLs.cmp
expfile=mand ts.exp

DCT DISSECTION EXAMPLE 1

The min, max and average of the gradients are:

Min = 0
Max = 255
Avg = 83.8
Thr = 237 {avtos=’ .9+ {Max-avg)’'}

Edge detected file printed to file mand ts.edg!

- X AIOOCH X R E F SO0 —+ 200+ —++
LA B A ENEIOOE + - OO AR T IOT ¢
—EIOOOKEN -+ R T A ROk Y B+
OO BT - e R b - D00
e XK=+ —EF e T EEXAEE R EEX a0+ X H# -
+ RO A K+ K00+ F RO 8 & &+ 200008 K+
FARER TR+ XEFEE+H#EXE, +EE X+ X+ X+ +X—

&L+ - MG R -, O +
+ 430000 EE . ., , kxoclx- L 2Ok X
KEXE&EA T, |, EX—+m-,, XD R
A XFRE oL, SO XE- O XX ET
— RO R, , XN E T, L, TR X
ARG =, , L FIOTOCC, - EREKEXD T
——R&OCHEXR, L, Xk, FR 000+
+EX+XKTKE+, —, , x&—H%,,, -, xE&&xxEXx
—mR LKA Em L RE-ER, - EX Rk
-G+ xX-t+&.——, . H# . &5—, , -, tEX+XE—++—
AR O, L LML, L, R -

-aEx-#X&- L +uxE&E. -+, tXEXFE X

LA HEEHE 200G MR RO - -
LA XEEHENEN - St FXE L OO IO XK~
TR R XEESEE e —— - XE - #RESX OO,
— L A mHEIOOCH MR B XEX TR
A=t Rt rr e EE O N SR -,
S KEXEXEE - RN KR
== XA HEN K+ RXEIDAXTFHEK -,
===t $E X+ KBS0 E# EXOOK -+ +X- ., .
- EMEEXE T PR EX ANt EN .
L R O O A OO X - L

-t XE XA XE R R G R Bl v X L -
EREPRLLE N T RN vio L3 5 v S E gt S £27]
—t kANt A - o ——t

ksize,pi = 8,3.14155
COSINE MATRICES:

0.3536, 0.3536, 0.3536, 0.3536, 0.3536, 0.3536, 0.3536, 0.3536,
0.4904, 0.4157, 0.2778, 0.0975, -0.0975, -0.2778, -0.4157%, -0.4%04,
0.4619, 0.1913, -0.1%913, -0.4619, -0.461%, -0.1%13, 0.1913, 0.4619,
0.4157, -0.097S, -0.4904, -0.2778, G.2778, 0.4%04, 0.0975, -0.4157,
0.3536, -0.3536, -0.3536, 0.3536, 0.3536, -G.3536, -0.3536, 0.3536,
0.2778, -0.4904, 0.0575, 0.4157, -0.4157, -0.0975, 0.4%04, -0.2778,
0.1913, -0.4619, 0.4615, -0.1%13, -0.1513, 0.4619, -0.4615, 0.1513,
0,0975, -0.2778, 0.4157, -0.4%04, 0.4504, -0.4157, 0.2778, -0.05975,
0.3536, 0.4904, 0.4615, 0.4157, 0.3536, 0.2778, 0.1513, 0.0575,
0.3536, 0.4157, 0.1513, -G.0%7S, -0.3536, -0.4904, -0.4615, -0.2778,
0.3536, 0.2778, -0.1513, -0.4%04, -0.3536, 06.0975, 0.4612, 0.4157,
0.3536, 0.0975, -0.461%, -0.2778, 0.3536, 06.4157, -0.1913, -0.4504,

{normal & transpose)
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DCT DISSECTION EXAMPLE 1

0.3536, -0.0975, -0.461%, 0.2778, 0.3536, -0.4157, -0.1513, 0.4504,
0.3536, -0.2778, -0.1913, (.4904, -0.3538, -0.0375, 0.4619, -0.4157,
0.3%36, -0.£157, 0_1913, §.0975, -0.3536, (.4504, -0.45615, 0.2778,
0.3536, -0.4904, 0.4619, -0.4157, 0.3536, -0.2778, 0.1913, -0.0975,
————————————————————— BLOCK BEFORE & AFTER DCT below

49,0000, 26.0000, 47.0000, 32.0000. 47.0000, 52.0000. 51.0000, 42.0000,
46.0000, 32.0000, 43.0000, 34.0000, 50.0000. 35.0000. 33.0000. 19.0000,
38.0000, 52.0000, 43.0000, 42.0000, 4%.0000. 56.0000, 54.0000, 28.0000,
ZE.0000, 49.0000, S6.0000, 43.0000, 59.0000, 50.0000, 52.0000, 47.0000.
33.0000, 28.0000, 55.0000, 31.0000, 52.0000, 73.0000, 62.0000, 52.0000.
19.0000, 23.0000, 37.0000, 35.0000, 42.0000, 73.0000, 55.0000, 53.0000.
19.0000, S2.0000, 37.0000, 28.0000, &3.0000, &0.0000, 356.0000, 78.0000,
23.0000, 40.0000, 30.0000, 20.0000, 28.0000, £5.0000, 27.0000, 50.0000,
345.3750, -45.4638, -14.533%, 17.9775, -25.6250, -21.779%, 20.7677. 7.369_,
1.4035, 36.3148, -8.685%5, 9.0842, £.3151, 30.5965, -11.8853, 22.9652,
-25.3283, 10.1803, 14.2238, 4.1021, 11.8839, -9.2583, 7.3310, -7.522%,
7.9154, -26.2988, 2.0203, 2.94%0, 4.6372, 10.5871, 1£.5873, 8.34658,
4.3750, -3.4053, 5.8707, -1.8310, -6£.1250, 6.1537, 11.2335, 3.7743,
20,7993, -7.7024, 1.5719, -13.2223, 5.5466, -17.8620, -10.7962, 0.1783,
-3.9857, -7.8229, 1.3310, %.5470, -13.4463, 16.%022, 2.0262, -12.7968,
14.14%2, -4_8442, S_.6812, 5.4264, -3.8780, -4.0601, 1.4185, 1.0%81,
—oEEm=ss====TIzz=s == uant matrix & stored block below

T====== ========== D scale = §

2, 4, &6, 8., 18, 16, 24, 28,

1, 16, 18, 24, 32, 46, 54, &4,

12, 24, 30, 46, &0, 66, B84, 94,

12, 32, 40, 64, 78, %6, 106, 122

16, 32, 58, 80, 92, 116, 132, 156,

24, 46, 66, 96, 116, 136, 160, 18<,

26, 52, 84, 104, 138, 162, 188, 220,

32, &4, 92, 120, 158, 180, 220, 256,

57. -45, -1i5, 18, -26, -22, 21, 7,

i, 36, -9. 9, &, 31, -12, 23,

-25, 10, 14, 4, 12, -3, 7, -8,

8, -26, 2, 3, 5, 11, 15, B8,

£, -3, &, -2, -6, B, 11, 4,

21, -8, 2, -13, &, -18, -11., 0,

-4, -8, 1, 10, -13, 17, 2, -13,

6, 5. i, 1,

= = gmatrix = 2

= @ant matrix & retrieved block below
===========zzz======== ¥ scale = &

2, 4, 6, 8, 18, 16, 24, 26,

1, 16, 18, 24, 32, 46, 54, 64,

12, 24, 30, 46, &0, 665, 84, 94,

12, 32, 40, 64, 78, %6, 108, 122,

15, 32, 58, 80, 92, 1is, 132, 156,

24, 45, &6, 96, 1i6, 136, 160, 184,

ZC. 82, &4, 104, 138, 162, 188, 220,

32, 64, %2, 120, 158, 190, 220, 256,

336, -44, -12, 186, -18, -16, 0, 0,

1, 32, 0, 0, 0, 0. 0, O,

-24, 0, 0, 0, 0, G, 0, O,

6, 0, 0,0, 0, 0.0, 0,

0, 0, 0, 0, 0, 0. 0, 0,

0, 0,0, 0. 06, 0, 0, 0,

0, 0, 0, 0. 0, 0, 0, 0,

0, 0, 0, 0, 0, 0, 0, O,
——=—==—=—=—cCC-rrE====="===T= qmatrix 2
_____________________ BLOCK BEFORE & AFTER TNVERSE DCT below

336.0000, -44.0000, -12.0000, 16.0000, -18.0000, -16.0000, 0.0000, 0.0000,
1.0000, 32.0000, 0.0000, 0.8000, 0.0000, 0.0000, 0.0000, 0.0000.
~-24.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000,
0.0000. ©0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000,

0.0000. 0.0000, 0.0000, 0.0000, 0.0000., 0.0000, 0.0000. 0.0000,

0.0000. 0.0000, 0.0000, 0.0000, 0.0000. 0.0000, 0.0000, 0.0000,

0.0000. 0.0000. 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 6.0000,

0.0000. 0.0000. 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000,

34. 8910, 41.9708, 38.0274, 34.0537, 41.8734, 44.6035, 37.4130, 33.1967,
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35.9891, 43.2473, 39.6335, 36.0%03,
37.0228, 44.6105, 41.6057, 3B.8581,
36.4267, 44.4450, 42.335%9, 40.527%,
33,2963, 41.7807, 40.4327, 3%.8500.
28.1080, 37.0230, 36.4707, 36.9275,
22.6473, 31.891%, 31.9485, 33.2010,
19.1532, 28.5762, 28.9624, 30.6455,
BREAK BEFQRE ITERATION 1 {rogertst)!
2, &, 6, 12, 16, 24, 22, 30,

2, 14, 26, 2B, 36, 48, 48, 82,

14, 18, 28, 40, sS&, 64, 78, 92,

10, 26, 48, &4, 76, 88, 110, 126,
16, 32, 52, 72, %2, 114, 138, 156,
22, 46, BB, 96, 114, 144, 154, 130,
20, 48, 78, 146, 138, 166, 196, 224,
26, S6, 94, 120, 160, 1%0, 216, 254,
{0 above}

2, &, 12, 16, 14, 18, 26, 28,

8, 16, 24, 24, 32, 40, 52, 56,

19, 18, 32, 48, SB, 72, 78, 94,

12, 30, 42, 56, 78, 88, 106, 122,
20, 38, sS4, 72, 98, 112, 138, 180,
22, 44, 72, 8B, 116, 140, 164, 190,
26, 56, 78, 112, 136, 186, 190, 216,
28, S8, %0, 128, 154, 186, 213, 248,
{1 above)

2, 4, &, &, 18, 16, 24, 28,

i, 16, 18, 24, 32, 46, 54, 64,

12, 24, 30, 45, &0, &6, B4, %4,

12, 32, 40, &4, 78, %6, 106, 122,
16, 32, S8, 80, 92, 116, 132, 156,
24, 46, 66, 96, 116, 136, 160, 184,
26, 52, B84, 104, 138, 162, 188, 220,
32, 64, 92, 120, 158, 190, 220, 256,
{2 above)

2, 8, 12, 14, 12, 24, 24, 24,

4, 12, 18, 32, 34, 42, 43, 60,

6, 18, 32, 42, 56, 72, 78, 96,

14, 26, 42, S&, 80, 94, 104, 128,
12, 32, 52, 76, 94, 112, 132, 158,
22, 44, 72, 88, 113, 140, 166, 130,
28, 54, &4, 110, 134, 168, 19%6, 220,
26, 58, 92, 124, 154, 1%0, 216, 252,
{3 above)

i, 6, 12, 12, 12, 22, 24, 24,

6, 8, 20, 30, 40, 40, S&, 64,

4, 24, 32, 46, &0, 64, 84, BE,

16, 28, 44, 64, 72, 90, 104, 1238,
18, 34, 56, T4, 92, 112, 134, 156,
24, 44, &6, 24, 120, 144, 188, 190,
28, 48, 82, 106, 138, 162, 194, 220,
32, &2, 946, 123, 156, 190, 218, 250,
{4 above}

4, 8, 10, 14, 14, 20, 28, 32,

1, 12, 206, 24, 32, 44, 4B, 56,

19, 18, 28, 48, 52, 64, 84, 94,

12, 30, 40, 64, 84, %2, 112, 120,
20, 38, S&, 74, 100, 1208, 136, 154,
i@, 46, 70, %4, 1liz, 136, 164, 1838,
24, 54, 8G, 112, 140, 164, 190, 222,
28, 60, 8B, 124, 156, 186, 220, 250,
{5 above)

i, 6, 12, 10, 18, 24, 28, 32,

8, 10, 16, 24, 36, 40, 56, 64,

4, 22, 34, 40, 5&, 68, 82, %0,

i0, 32, 48, 64, BG, 88, 106, 120,
20, 38, S8, 76, 54, 118, 138, 154,
22, 44, &6, 94, 116, 138, 164, 190,
24, S0, B2, 104, 132, 162, 1%56, 222,
24, &0, 92, 120, 158, 19%2, 218, 250,
{6 above)

4, 1, 16, 8, 16, 22, 24, g,

44
ag
50G

51.
49.

44
44

DCT DISSECTION EXAMPLE 1

L3761, 47.536%, 40.675%, 36.
L0051, 51.9615, 45.7095, 42.
. 8001, 55.7961, 50.3397, 47
3401, 57,4613, 52.8661, 50.
542%, 56.7036, 52.%041, 50
L6775, 54.6339, S51.4434, 49
.5881, 52.9%751, 50.1141, 48
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6380,
0012,

0620,

0544,

L5230,
L3919,
L2410,



PCT DISSECTION EXAMPLE 1
8, 1%, 18, 24, 40, 44, 48, 54q,
4, 18, 32, 42, SB, &8, 76, 96,
i4, 30, 40, 62, &, 96, 106, 122,
i6, 34, 60, 72, 92, 112, 134, 160,
22, 40, 64, %2, 116, 144, 1la4d, 190,
24, 54, 76, 110, 132, 164, 194, 224,
32, 58, 88, 122, 152, 180, 224, 250,
{7 above}
———————————————————— —BLOCK BEFGRE & APTER DCT below
49 0000, 26.0000, 47.0000, 32.0000, 47.0000, 52.0000, 51.0000, 42.0000,
46.0000, 32.0000, 43.0000, 34.60600, SO_0000, 35.0000, 33.0000, 19.0000,
3B8.0000, 52.0000, 43.0000, 42.0000, 49%.0000, S56.0000, 54.0000, 28.0000,
28.0000, 49.0000, 56.0000, 43.000Q0, S$9.0000, S0.0000, 52.0000, 47.0000,
33.0000, 28.0000, S5.0000, 31.0000, S2.0000, 73.0000, 62.00D0, S2.0000,
19.0000, 23.0000, 37.0000, 35.0000, 42.0000, 73.0000, 55.0000, S3.0000,
19.0600, 52.0000, 37.0000, 28.0000, &3.0000, 60.0000, 36.0000, 78.0000,
23.0000, 40.0000, 30.0000, 20.0000, 28.0000, 65.0000, 27.0000, 50.0000,
345.3750, -45.4638, -14_533%, 17.9%75, -25.6250, -21.7799, 20.7677, 7.3691.
1.4035, 36.3148, -B.6B55, %.08B42, 6.3151, 30.5965, -11.8953, 22.9652,
-25.3283, 10.1803, 14,2238, 4.1021, 11 8839, -9.2583, 7.3310, -7.522%9,
7.9154, -26.2988, 2.D203, 2.94%0, 4.6372, 10.5871, 14.5873, B.3466,
4.3750, -3.4053, S5.8707, -1.8310, -6.12%0, 6.1537, 11.2335, 3.7743,
20.79%3, -7.7024, 1.571%, -13.2223, 5.5466, -17.8820, -10.79&2, (0.1783,
-3.9857, -7.8429%, 1.3310, 9.5470, -13.4463, 16.9022, 2.0262, -12.7968,
14.14%92, -4 8442, 5_6B12, S.4264, -3_8780, -4.0601, 1.4185, 1.0981,
=== == === guant matrix & stored block below
=== ============= D scale = &
2, 4, 6, 8, 18, 18, 24, 28,
i, 16, 18, 24, 32, 46, 54, 64,
iz, 24, 30, 46, &0, &6, 84, 94,
1z, 32, 40, 64, 78, %6, 106, 122,
16, 32, 58, BQ, 92, 116, 132, 156,
24, 46, 66, %6, 116, 136, 160, 184,
26, 52, 84, 104, 138, 162, 188, 220,
32, 64, %2, 120, 158, 180, 220, 256,
ST, -4%, -15, 18, -26, -22, 21, 7,
1, 36, -%, %, 6, 31, -1z, 23,
-25, 16, 14, 4, 12, -9, 7, -8,
g, -26, 2, 3, 5, 11, 15, =8,
4, -3, 6, -2, -6, 6, 11, 4,
21, -8, 2, -13, 6, -18, -11, 0,
-4, -8, 1, 10, -13, 17, 2, -13,
14, -5, &, 5, -4, -4, 1, 1,
—===================== gratrix = 2
============ ==== gquant matrix & retrieved block below
———————————— OC scale = 6
2, 4, &, 8, 18, 1&, 24, 26,
1, 16, 18, 24, 32, 46, 54, 64,
12, 24, 30, 46, 60, 66, .4 94,
12, 32, 40, &4, 7B, 96, 17E, lie,
16, 32, 58, 8BGO, 92, 116, 132, 156,
24, 46, 66, 56, 116, 136, 160, 184,
26, 52, 84, 104, 13B, 162, 188, 220,
32, 64, 92, 120, 158, 1%0, 220, 256,
336, -44, -12, 16, -18, -16, @, €,
1, 32, G, 0, 0, O, G, O,
-Z24, ¢, 6, @, 0, O, O, O,
g8, 04, 0, 0, 0, 8, B, 0,
8, o, 0, 0, 0, 8, ¢, 0,
6, o, 0, 0, 0, B, 0, O,
6, 0, 6, 0, B8, 0, 0, G
G, 6, 0, 0, 6, 0, O, O,
==c-=================== (matrix = 2
____________________ BLOCKE BEFCRE & AFTER INVERSE DCT below
336.0000, —-44.0000, -12.0000, 16.0000, -18.0000, -16.0000, 0.D000Q, O0.0000,
1.0000, 32.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.D0000,
-24.0000¢, 0.0000, $.0000, 0.0000Q, G.000O, 0.0000, 0.0000, ©0.0000,
0.0000, ©.0000, $.0000, 0.0000, G.0000, 0.0000, 0.0000, 0.0000,
0.p0000, ©.0000, 0.0000, 0.00006, 0.00006, 0.0000, 0.0000, 0.0000,
00000, 0.0000, 0.0000, 0. 0000, $.0000, 0.0000, 0.0000, CG.0000,
0.0000, 0¢.0000, $.0000, $.0000, §6.0000, 0.0000, 0.80600, 0.0DD00,
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0.0000, 0.0000, 0.0000, 0.0000,

34.8%10, 41.2708,
35.9B89%1, 43.2473,
37.0228, 44.5105,
36.4287, 44.4450,
33.2963, 41.7807,
28.1080, 37.0230,
22.6473, 31.891%,
19.1532, 28.5762,

38.027:,
39.8335,
41,8057,
42,2359,
40.4327,
36.4707,
31.9485,
28.982¢,

original_bpp
compress_bpp
CONMpDIess_mse
COmMpPTress_YmS
COMPress_sSnr
compress_rat
SUCCESSFUL RUN!

Holb 1l B H W

8.00000
2.81046
402.8747%
20,0727+
22.07%810
0.12729

_0537,
L0903,
.8581,
.5279,
L8500,
L9275,
L2010,
. 5455,

DCT DISSECTION EXAMPLE 1

L8734,
L3761,
L0051,
.BOOL,
.3401,
.542%9,
.6T7T5,
.5881,

0.0000, 0.0000,

0. 0000,

L5035, 37.
.536%, 40
-9615, 45
-1981, S0
.48613, 52
L7038, S52.
.B33%, 51,
.9751, 50
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G.0000,

130,
L6759,
L7095,
L3397,
L8661,
8li1,
4432,
.1141,

33.
36.
42.
47.
50.

4.
48,



DCT DISSTCIION EXAMPLE 2

QUANMAIN (version 1.3}:

Running GENTIIC ALGORITHM mechod!
bitsused=8
ksize=8
rows=256
cols=256
numguants=5
maxclust=8
initrad=0Q
kohiters=1
threshval=-1
learnrate=0.0000
adjrate=0.0000
iters=5
tsizes2
psize,xover,pc,pm=4, 2, 10000, 600
origfile-mandrill . raw
edgefile=mand _ga.edyg
compiile=mand_ga.cmp
expfile-mand_ga.exp

The min, max and average of the gradients are:

Min = 1]
Max = 255
Aavg = 83.8
Thr = 237 {auto=’' .9~ {(Max-Avg} ‘)

Edge detected file printed to file mand_ga . edg!
—F FEX OO0 R T EE T MUK — 200K —
LA R A ENE OOk + - SO0 & ME 000+
—EXOOCKE X+ ¥ =+ + &R T HXEIOCHE RO i+
HEHAEREHE T XN —F U SR b~ A X E 00
FEEFXK—F—ETE T LEXOCEET R AN+ EXNF X —
+ PO RADOCE IO B R Y S A NE 430000 RN
FAXEXFXF+RETEEFFEXE, R TX TR X++X—

FEENARAMKE+—, RHERN— =, ~ +REITCHIOCH+
FHXAANaEE. ., , BH-, + L FIOOE FH N
XEXEEE— -7, —, , &X—F*——, , ~ . XK+ EH
—HFFFENF ==, KO RE, L ITO N
-t EXEE -, mHNFE—,,, kAt
—HETEFREF, , , CIOOKKK, L~ FEAXENT-
= EECHKHEXN, -, FHMEFEY, o, TR 000
FERFYRFREF, -,  XE-RE, , , -, XE&Eoch
——X.KErE——,, L EE&E, - EXTFFR+E.
—EAK—tHE -, EF LA, , -, FEXFYRE— -
XX, MK, L CMKFINL, L, FENESITC—
—aEX - - HXO0E L, FXER R

C e FYREEFEFH T, OXHE+ L X~ XE&EX SO0 -~
LA REEFEREX - HRE 2O IO F T~
e AN REREEE - - RE-EREER OO,
- mXEXK A+ A RAKEEE R+ XEX RO .
A REII T e+ LT e R M N R AR
T KEXENEE T e b AN A RN X,
~ =X EMTCHREX X+ + — —EXEIOOKF+ XN —,
L+ R RN+ KB OO A R EITOD— F YR ., .
L ENEENE L IOEN AN R RN, -+
L —h OO0 — = OO EIDOOC N L

- XSO+ XE SRR o v —— L -
----- FhEFF—  XKATKF KA —&E+ ——++X+E
i i o e e I T T el

ksize,pi = 8,3.14159
COSTINE MATRICES: {(normal & transpose)

0.3536, 0.3536, 0.3536, 0.3536, 0.3536, 0.3536, 0.3536, 0.353s,
0.4904, 0.4157, 0.2778, 0.0975, -0.0975, -0.2778, -0.4157, -0.43%04,
0.461%, 0.1913, -0.1913, -0.4619, -0.4619, -0.1313, 0.1913, 0.4619,
0.415%, -0.0975, -0.4904, -0.2778, 0.2778, 0.4904, 0.0975, -0.4157,
0.3536, -0.3536, -0.3536, 0.3536, 0.3536, -0.3536, -0.3536, 0.3536,
0.2778, -0.4904, 0.0975, 0.4157, -0.4157, -0.0975, 0.4904, -0.2778,
0.1%913, -0.461%, 0.4619, -0.1913, -0.1913, 0.4613, -0.4619, §.1913,
0.0975, -0.2778, 0.4157, -0.4904, 0.4904, -0.4157, 0.2778, -0.0975,
0.3536, 0.4%04, 0.4619, 0.4157, 0.3536, 0.2778, 0.1%13, 0.0975,
0.3536, 0.4157, ©.1913, -0.0975, -0.3536, -0.4304, -0.4619, -0.2778,
0.3536, 0.2778, -0.1913, -0.4304, -0.3536, 0.0375, 0.4613, 0.4157,
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L
-2.2718,

G.2913,

-0.0975,

E o = 27T below

£9.0000, 25.0000, 47.00060, 32Z.0I07, 47.0000, 32.0000, S51.0000, 42.000T,
<Z.0099, 32,9600, <3.0000, 34.200I. 302.I730, 33.0000, I3.0000, 19.031%,
38.0000, 52.00006, <£3.0000, £2.2IC2, £9.I030, 56.9000, 52.0000, 28.0000,
28 .GCG00, 49 060G, 56_0CGCCG, £3.0000, S9%9.0000, S0.0000, 520000, 27,0000,
33.0060CG, 28.0000, 55.00006, 31.0C00, 52.0000, 73.0000, £2.0000C, 92.0G000,
19.9006, 23.0000, 37.0000, =5.0000, £:.0000, 73.0000, 55.0000, 53.0000,
19 0000, 52.0000, 37.0020, 28.0I2C0, &3.0000, &0.0000, 36,0000, 78.0000.
2Z.0000, £G.0000, 3CG.0000, 20,0227, 28.0000, &3.0000, 27.0000, S0.CG000,
345.3750, -15.4638, -1£.5339, 17.9771%5, -z <3, -20.717199, 20,7877, 7.3869%L,
1.:1035, 36.3148, -B.6855, 9.7:54:z., 6.3151, 30.596%5, -1 _8953, 22.9652,
—-25.3283, 1CG.180:, 14 2238, £ 1021, 11 _8839, -9_2583, 7.3310, -7.5%22%,
7.9154, -6 988, 2.7:13, 2.94i897, L.E8372, 1G.c871, 14 5873, 8_3466,

4 _37=3, -3.2053, 5.8707, -1.B3.’, 1Z3 1L .2335, 3.7743,
22,1993, -7.710z4, 1L.9719, -13.22 ~-x0.7%62, O_1783,
~3.9857, -7.8429, 1.3310, 9.3270, 2.0262, -12.7968,
1£.149Z, -4,8442, 5,£8.2, 5.42%<, -3,3757, -2.l€0GL, 1.4L153, 1.0981,

E] £

z , 718 I,z

20, 38, 60, 89, 98, 120, 13, l:o=,

18, £9, 719, 96, LI, 14T, L&z, 192,

e, S0, 78, 1il, 131, 1£<, 188, 218,

30, &0, BB, 12g, 156, »8B6, 15, 1354,

37, -45, -5, 18, -z%, -2, 2., 7,

o, 36, -9, 9, &, 3., -2, 23,

. . 7 -z
& re:-risved tlcoekx Selow

i, L .

&, 8, 20, 28, £0, 40, 3z, 64,

12, 20, 34, 42, 56, 66, T8, 8HE,

&, 2B, 44, G4, T8, 890, 16, 122,

20, 38, 60, 80. 98, 120, 138, 3%

18, 4., 70, 96, 114, 1406, _£-, 192,

20, 50, 78, 110, 134, &4, 188, 218,

30, 60, 88, 126, 156, 186, 216, 23¢,

34z, -45, -1z, 14, -i6, -18, 0O, O,

G, 32, 4, 4, 4. G, O, G,

-24, 0O, O, O, G, 9, 3, O,

8, o, 6, 9, 0, G, O, G,

¢, o, 9, 0, D, 0, 0, G,

i8, ¢, 9, 9, 0, 0, 9, G,

0, ¢, 0, 0, 0, 0, 9, G,

9, ¢, 0, 0, 0, G, 0, G,

s=xxxxasaooo=-=== gmatrix = 2

————————————————————— BLOCE BEFORE & ATTIR IXNVEZRSE DCT below

342 .90000, -45.0000, -12.0000, 16.3200, -16.0000, -15.0000, 9.0600C, 0.0033,
0.0000, 32.000CG, 0.0000, 0.0000, 0.2000, G.0002, 0G.0000, G.9900,

~22 0000, 0.000C, 0.0000, 9.0000, J.0000, 0.002C, 0.3000, G.9900,

G.0000, 0.0000, G.0000, 9.000C, 0.0000,
G.0000, §.0000, CG.0000, 9.000C, 0.0000,
0.0000, §.0000, 6.0000, 9.060GC0C, C.CGO0OO,
G.0000, §.00C0, CG.0000, 9.000C, 0.0000,
G.0000, §.00600, CG.0O000, 9.000C, ©.0000,

8.0000, 0.000C, ¢.0000,
0.0000G, 0.2530C, G6.0000,
18.0000, 0.000C, 9.0000,
0.90000, 0.000C, 90.0000,
¢.0000, 0.000C, ©0.0000,
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[

3g.C91:%,
.07586,
.7885,
.BB24,
L1009,
L6027,

=] i £

L0131,

————————————————————— BLCOCE BEFCRE & AFTER DCT
.0000,
.0000,
L0000,
-0000,
L0000,
.0000,
.0ooo,
-pooo,

23.
52.
40.

345.3750, -45.4638,
1.4035, 36.3148, -8.%
-25.3283, 10.18B03,
7.9154, -26.2988,
4.3750, -3.40%53,
20,7993, -7.7024,
-3.9857, -7.8429,
12,1482, -4.344;,

2.0
5.87
1.5
1.3
5.8

20, 20,
36, 48
58, 64
78, %6

g2, 1

120,
132,
152,

, 10,

=

10,

1&,

24,
36,

20,
36, 46,
44, 56,

60, 76,
48, 72, 92,
52, 78, 106,
., B, 9=, 128,
, -45, -1%, 13,
6,

26,

R s T e T

31,
iz,
11,

6,
-1

i

6,
-13,

23,
&
53,
78,
92,
120,
78, 106, 132,
g4, 128, 152,
-1z, 10, -2
0,

20, L=z,
46,
56,
76,
92,

A4

22,

60,
1z,

986
36, i
4a,
52,
6d,
-44,
0

22,
23,
24,
336,
0, 30,

336.0000,
0.0000, 30.0000,

-24.0000, 0.0000,
8.0000, -24.0000,
0.0000, 0.0000,

-44.0000,
0.00
0.0
0.0

-7,

L6880,
_8250,
.5249,

=55,

203,
o7,

F1g,
310,
822,

nT matrix & stored block below
DC scale

20,
. 52,
~ BO,

. 110,
1, 1

2386,
182,
188,

-1z,
g, 7.,
.5,
i1,
8,
7.
1,

2,

25,

, 52,

4, BO,
. 110,
1386,

16,

136,
162,
188,

0.
o,

LR N T T

-22,

-20,

32.
34.
a3,
31.
35
23.
20.

-14.533%,
9.0342,
14,2238,

4.

2.94%0,
-1.8310,

-13.

9._5470,
5.42264,

30,
=1
90,

36,
i66,

196,
Zz0,
21,

23,
-B,

.=955,
.2182,
.6652,
.0250,
L6960,
.46386,
L4163,
. 5467,

0000,
0000,

-0000,

0000,
0Ceoo,

L0000,

0000,
0000,

% T LTI

17.97175,

1021,

2223,

&

122,

158,

1g4,
218,
256,
3

+

0.

-13,

1,

aqratrix
guant matrix & retrieved block
DC scale =

30,
56,
90,

166,

= 2

5

i22,

158,
i84,

196, 218,

220,
20,

gmatrix
_____________________ BLOCK BEFORE & AFPTER INVERSE DOCT below
10,0000,

00,
000,
000,

-12.0000,
0.0000,
0.0000,
0.0000,
0.0000, 0.0000, 0.0000,

256,
0.

=2

6£.3151,
ii.
4.6372,

-6.1250,
5.5466,
-13_ 446>,
-3.8780,

0.0000,
0.0000,
0.0000,

.972°,
L2829

lal g ML

L9522,
.B4&37,
. 7358,
. 5497,
L1482,

. 0000,
.0000,
.0000,
.0000,
-0000,
L0000,
L0000,
-0000,

ICT DISSECTION EXAMPLE
2.02 0. 1835,

L0000,
L0000,
L0000,
.0000,
-0000,
.0000,
L0000,
.0000,

73.
60.
£5.

-25.6250, -Z1.7799,
30.5965, -11.8953,
BB39, -9.2583, 7.3310,
10.5871, 14,5873,
6.1537, 11,2335,
-17.8620,
i6.327Z27,

-2.0601,

2.0262,
1.4185,

below

-20.0000,
0.0000,
0.0000,
0.0000,
0.0000, 0.0000,
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-20.0000,
0.0000,

0.
-12.7968,
1.0981,

20.0000,
0.0000,
0.0000, 0.0000,
0.0000, 0.0000,
0.0000,

L0000,
.0000,
.0000,
.0000,
L0000,
.0000,
.0000,
.0000,

20.7677, 7.3691,
22.9652,
-7.5229,
8_3468,
3.7743,
-10.7962,

1783,

0.0000,



DCT DISSECTICN EXAMPIE 2
6000, 0.0372, 0.0000, 0.0000,
ce00, 0.07C7, T.LIIZZ, 0.0000,
Go0d, 0.0522 L0000, 0.0000,

(TR

.0000,
.0000,
L2200,

0.0000,
-.0000,
0.0000,

6.0000,
0.0000,
0.0000,

6.0000, O.
£.0000, 0.
£.0000, ©.
2131,
8651,
.1374,
.4372,
35.7173,
31.8750,
29.1102,

L3478,
L1348,
L8649,
L6085,
VIO,
L9223,
L1581,
.3529,

36.3015,
41.3361,
45.6713,
44.1994,
37.7944,
31.7303,
29.5712,
30.0135,

4a0.
ad.
47.
47.
43.
39.
36.
35.

adda,
0487,
6542,
6322,
873%,
2536,
3708,
4227,

32,
EL:
36
38
38

42 .
42,

5..2642,
£9.3087,
49,9753,
55.7%22,
62 _6933,
63.9180,
58.09%02,
51.54286,

L0544,
7086,
L6454,
L9122,
L4600,
.1345,
L5770,
.6390,

L9509,
L8525,
.3945,
L4458,
L4261,
.8BSZ,
.9328,
L2423,

320b,
2017,

————————————————————— BLOCK BEFORE & AFTER DCT
L0000, 32.06000, 47.0000,
L0000, 34.0000, L0000,
L0000, 42.0000, -0000,
L0000, L6000, . 0000,
L0000, L0000, L0000,
37.0000, .0000, L6000,
37.0000, L6000, L0007,
30.0000, L0000, .G000,

below

52.0000,
35.0000,
56.06G00,
50.0000,
73.0000,
73.0000,
60.0000,
65.00600,

0000,
L0000,
L0000,
L0000,
L0000,
L0000,
L0000,
L0000,

a2,
19.
28.
a7,

06060,
06060,
0000,
0006,
52.0000,
53.0000,
T8.0000,
56.0000,

-0000,
52.0000,
40.0000,

345.3750,
1.4035,

-45.4638, -14.533%9, 17.9775, -25.6250, -21.7799, 20.7677, 7.3691,
36.3148, -8.6B5b, 9.0842, 6.3151, 30.5965, -11.8953, 22.9652,
10.1803, 14,2238, 4.10621, 11.8839, -$.2583, 7.3310, -7.5229,
-26.2988, 2.0203, 2.94%0, 4.6372, 10.587., 14.5873, B.3466,
-3.4053, 5.87067, -1.831G, -&6.1200, &_1537, 11.2335, 3.7743,
-7.7024, 1.571%, -13.2223, 5.5466, -17.8620, -10.7962, 0.1783,
-7.842%, 1.3310, 9.5470, -13.4463, 16 _90:2, 2.06262, -12.73&8,
-4.8442, 5.68B12, 5.:264, -3.8780, -<. 0601, 1.4185, 1.0981,

-25.3283,
7.9154,
4.37540,
20.7993,
-3.9857,
14,1497,

quant matrix & storad block below

BC scale = 6
i, 6, 4, 16, 14, 20, 2B, 24,
8, 12, 22, 26, 32, 42, 48, 64,
10, 16, 32, 42, b6, 64, 84, 92,
8, 26, 40, 58, 74, 9, 108, 128,
14, 32, 60, 74, 98, 120, 136, 1&0,
24, 40, 72, 92, 114, 144, 166, 188,
24, 48, 7B, 106, 136, 168, 188, 218,
26, 56, 94, 126, 152, 190, 222, 254,
57, -45, -15, 18, -2&6, -22, 21, 1,
i, 36, -9, 9, 6, 31, -12, 23,
-2%, 16, 14, 4, 12, -9, T, -8B,
8, -26, 2, 3, 5, 11, 15, 8,
4, -3, 6, -2, -6, 6, 11, 4,
21, -8, 2, -13, 6, -1B, -1ii, O,
1 -13, 17, 2, -13,
6 -4, _ i,
_ioToia - 2
quant matrix & retrieved block below
===z========= D{ scale = 6
1, 6, 4, 16, 14, 20, 28, 24,
8, 12, 22, 26, 32, 42, 48, &4,
10, 16, 32, 42, b&, 64, 84, 92,
8, 26, 40, 58, 74, 96, 108, 128,
14, 32, 60, 74, 98, 120, 136, 160,
24, 40, 72, 92, 114, 144, 166, 188,
24, 48, 78, 106, 136, 168, 188, 218,
26, 56, 94, 120, 152, 190, 222, 254,
342, -42, -12, 16, -14, -20, G, G,
0, 36, 0, 0, 0, 0, 0, O,
-20, 0, 0, 0, 0, 0, O, 0,
8, -26, 0, 0, 0, 0, 0, 0O,
0 0, 0, 0, 0, 0, O,
4] o, 0, 0, 0, 06, 0,
0 0, 0, 0, 0, 6, 0,
0 0, 0, 0, 0, 6, 0,

342.0000,

-42.0000,

gmatrix = 2
BLOCK BEFORE & AFTER INVERSE
-12.0000, 16.0000, -14.06000,

OCT below
-20.0000, 0.0000,
Page 4
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DCT DISSZCTICN EXaw2Iz 2

0.00060, 36.0000, 0.06000, 0.0000, 0.0002, 0.2722, {.2222,

-20.00060, 0.0000, 6.0000, €.0000, 0.0000, 0.0003, 0.0000,

§.0000, -26.0000, 6.00600, 2.0000, C.00272, 0.0000, ©.0000,

0.0000, 0.0000, 0.0000, 0.0000, 0.00006, 0.0000, §0.0000, 0.

G.0000, 0.2000, 0.0000, 000600, 0.0000, 0.06027. 0.2000, 0.

0.00600, 0.0000, 0_.0000, 0.00600, 6_0000, 0.0000, 0.0000, 0.

0.0000, 0.00060, 0.00006, 0.00600, 6.06000, 0.0000, 0.0000, 0.

33.4119, 41 _1BS8, 37.5340, 35.5775, £6.1612, (5_908%, 42 0095, 40_4873,
39,1000, 46.0782, 40.9%561, 37.0787, 45.5832, 464097, 3B.0404, 35.7226,
43 .26B3, 49.8548, 44.008B, 39.185%4, 46.6661, 46.5467, 37.4535, 34.7439,
39.8903, 47.3739, 43.18B55, 40.5281, 50.3531, S2.3995, <£4.9640, 4£3.1514,
30.9339%, 40.0202, 38.7934, 40.0053, 54.0186, 59.3344, 55.4604, 55.25%06,
23.729%1, 33.7125, 34.1434, 37.5211, S3_B78B&, 61.%603, 5%.1440, 59.8313,
22.4855, 32.0771, 31_.7840, 34.2159, 49.5496, 56.6854, 53.1451, 534407,
24,3467, 33.1427, 31.3793, 31.8903, 45.1448, S0_3597, 45.3492, 44,8491,
————————————————————— BLOCK BEFORE & AFI=R DCT below

19.0000, 26.0000, 47.0000, 32.0000, 47.0000, 52.0000, 51.0000, 420000,
46,0000, 32.0000, 43.0000, 34.0000, 50.0000, 35.0000, 33.0000, 19.0000,
38.0000, S52.0000, 43_0000, 42.0000, 49_0000, 56.0000, 3£.0000, 28.08000,
28.0000, 49.0000, S&.0000, 43.0000, S9.0000, 50.0000, 52.0000, 47._0000,
33.00006, 28.0000, S55.06000, 31.0000, 52.0000, 7:.0000, 62.0000, 52.08000,
19.00006, 23.0000, 37.0000, 35.0000, 42.0000, 73.0000, 55.0000, 53.0000,
19.0000, 52.0000, 37.0000, 28.00600, 63.0000, 60.0000, 36.0000, 78.0000,
23_0000, 40.00600, 30.0000, 20.00600, 28.0000, 65.0000, 27.03000, 50.0000,
345.3750, -45.4638, -14.5339%, 17.9775, -25.62506, -21.77%%, 20.7677, 7.3691,
1.4035, 36.3148, -8.68%5, 9.0842, §.3151, 30.5965, -11.8953, 22.8652,
-25.3283, 10.1803, _..2238, 4.1021, 11.8839, -9.2583, 7.3310, -7.5229,
7.91%4, -26.2988, 2.0273, 2.945%0, 4.6372, >0 .5B71, 1:1.5B73, B.3446,
£.3750, -3.4053, S.87067, -1.B310, -6.1250, 6.1537, 11.2335, 3.7743,
20.7993, -7.7024, 1.571%, -13.2223, 5.5466, -17.B620, -10.7%62, 0.1783,
-3.9857, -7.B842%, 1.3310, 9.5470, -13.4463, 16.9022, 2.0262, -12.7968,
14.1492, -4.8442, S.6B12, S.4264, -3.8780, -4.0601, 1 4185, 1.0981,

quant matrix s stored Dlock below
=== O scale = &

18, 28, 30,

38, 48, 52, 56,

S8, 70, B4, %4,

16, 96, 106, 120,

92, 114, 138, 154,

118, 142, 1860, 190,

136, 160, 190, 224,

160, 188, 224, 2956,

26, -22, 21, 1,

31, -1z, 23,

iz, -9, 1, -B,

1z, 5, =,

11,
6, —18,
-13, 17, 2, -13,

-4, -4, 1, 1,

gmatrix 2

guant matrix & retrieved block below
DC scale ]

28, 30,

46, S22, S8,

70, 84, 9%a,

36, 106, 120,

I

2,
a,
4,

8, 4, 10, 14,
14, 20, 24,
16, 34, 48,
306, 44, 64,
40, 52, 80,
46, 70, 92,

48, 82, 108,
62, %6, 120,
, —45, -15, 18,
1, 36, -%., 9, &,
=25, 190,

-1, 0,
14,
. 5.

14, 18,

[1+]

38,
58,
76,

48,

44, 64,

o2,

i54,

336,
0, 28,
-24, 0

-40,
g,

52,
70,
§2, 108,
96, 120,
-12, 1
0, 0.

a,

80,
g2,

92,
118,
i35,
160,
o, -14,
6, 0, 0,

114,

142,
160,
188,

138,

160,
194,
224,
-18, 0,

130,
224,
256,
0,

o,
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DCT DISSECTION ZXANPIE 2

336.0000, ~20.0000, -212.0000, 10.0I00, «. Gl l0, - , z
0.2700, 28.C0000, 0.2000, 0.0027, T7.0200, <.0I90, . R 2
-24.0000, 0.00C2, 0.0000, 0.0000, C.0000, J.0CI0, 2.0000, 0.0000,
8.0000, 0.0000, 0.0000, 0.0000, 0.0000, ©.2000, 0.0000, 0._0000,
<ol

0.0000, 0.0000, 0.0000, 0.0000, 0.0000, O. . 0.00006, 0.0000,
16,0000, 0.0000, 0.0000, 0.0000, 0.0000, O.2700, 0.0000, 0.0000,
0.0000, 0.0000, 0.0000, 0.0C00, D.0000, 0_3220, 0.0000, 0.0000,
60000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000. 0.0000C,

36.6181, 44.3708, 40.9206, 37.3685,

0 L7054, 45,8582, 39.1607. 37.
32.0919, 40.0006, 36.838B, 33.6644,
4

LB, 42.9377, :6.5287, 35.

35.6596, £3.8567, L1.2277. 3B.7496, {7 .21f:, 49,1726, 43.5964, 42.
37.8821, 46.4560, £4.5232, 42.9547, 52.4365, 55.5719, 50.391%, 49.
32.0712, 41.0529, 39.8737, 39.28%7, I19.8B372, S53.9572, £%9.5307, 49,
29.7016, 39_0600, 38.5770, 38.%026, 50.:347, 55.£4££43, 51.7340, 51.
26.7749, 36.4218, 36.4716, 37.19%:4, 219.7790, 55.5048, 52.3074, S2.

17.6565, 27.45%4, 27.7975, 29.1%62, LBE9G, 47.9922, 45.0831, <5,

b

SR=AW BEFCRE ITZRAT-ON 1 {rogertst}!?
Z, 4, B, 10, 12, 2£, Z0, 24,
16, 16, 24, 34, i, S6, K2,

10, 22, 36, 48, 56, &4, 7B, 50,

10, 24, 40, 56, 72, 96, 112, 122,
16, 36, 52, 78, 120, 112, 1z6, 154,
22, 48, 70, 90, .6, 136, 16z, 130,
22, S0, 7&, 110, 132, 164, 190, Z16,

4, B4, 92, LIZQ, 154, 190, 216, 254,
ral_pest,guant_bpesciter = [0.16191,0)
{0 above}

2. 2, 1g, B, 1, 24, 26, 32,

2, 12, 16, 32, 32, 40, 4B, 56,

8, 16, 32, 40, 58, 72, 76, 92,

8, 28, 44, 62, 76, BB, .04, 128,

14, 34, S&, 72, 00, 120, 138, 152,
13, <4, 72, 96, 1B, 1zs, 162, 184,
22, S2, 7B, 110, 13&. 166, 90, 220,
28, 62, 92, 124, .54, 286, 222, 254,
rat_best,guant_bestiter = [0.12283,01
{1 above)

2, B, 4, 10, 14, 1&. 28, 30,

6, 14, 20, 24, 38, 46, 52, 56,

4, 16, 3£, 48, s8, 70, B4, 96,

8, 30, a4, &4, F&, 96, 106, 120,

16, 40, 52, 80, 92, 114, 138, 154,
16, 46, 70, 92, 11iB., 142, 160, 190,
28, 48, 82, 108, 136, 160, 190, 224,
28, 62, 96, 120, 160, 188, 224, 256,
rat_rnact, gquant _bestiter i0.12308,0]
{2 abcve!

2, 4, 4, .0, 18, 18, z3, 28,

4, 16, 18, 26, 38, 42, 52, 64,

4, 20, 32, 40, 52, 64, 80, 96,

g8, 24, 48, 56, 76, 94, 110, 126,

18, 32, 54, 78, 100, 118, 134, 158,
16, 46, &4, 96, 120, 142, 168, 190,
28, 56, 76, 106, 134, 162, 194, 215,
28, 56, 96, 120, 160, 192, 224, 255,
rat_best.quant_bestiter = [0.12073.0]
{3 above}

2, 2, 10, 10, 1B, 22. 26, 32,

2, 12, 18, 28, 34, 42, 48, 55,

&, 20, 28, 44, 58, 70. 76, 24,

14, 26, 42, 64, 80, 92, 108, 128,
20, 40, 56, 78, 98, 120, 136, 158,
20, 40, 68, 88, 112, 136, 164, 192,
28, S6,. 80, 104, 136, 160, 1%2, 222,
24, &2, 94, 124, 152, 184, 222, 256,
rat_best,quant bestiter = [(0.12382,0)

4, 4, 6, 16, 14, 22, 20, 30,
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8,

)

22,
L8, 32, 2B, I,
24, 42, 56, 72,
40, 58, 76, 100,
66, 94, 112,
54, 76, 104, 138
, 60, 88, 128, 156
rat_best,quant_bestit
{5 abovel
2, 8, 4, 14, 12,
i, 10, 24, 32,
4, 22, 34, 48,
14, 35, 42, 58,
20, 32, S8, 74,
22, 40, 64, 94,
28, 52, 80, 108,
28, 60, 90, 126,
rat_best.
{6 above)
2. 2, 8,
4, 8, 22,
g, 16, 30,
14, 28, 40,
38, 52,
70,

28,

4
&
9

-

Ld RlBD D th B

[

20,
34, 4
36, 6
76,

00,
114,
149
154

is,
3¢,

40,
64,
76,
88,

1z,
a4,
56,
72,
92,
116,
76, 108, 136
90, 122, 158
guant _hestit

18,
44
6

LQo00,
L0000,
.Q004,
L0000,
L0000,

345.37540,
1.4035, 36.3148,
1¢.1803,
-26.2988,
-3.4053,
-T.7024,
-7.8429,
-4.8442,

-45.4638,
-8.
1

Z.

-25.3283.
7.9154,
4,3750.
20.7393,
-3.9857.
14,1492,

1.
1.
3.

quanf_bestiter

5.8707,

oo
2

DISSECTION EXAMPLE 2

8.
0. 106,
ile, 138, 1524,
144, 16.. 18e,
162, 194, 21s,
188, z24. 250,
{0.12805,0]

:

er

2z,
4,

28,

54, 62,

B, 78, 96,

92, 104, 122,
114, 136, 180,
14z, 168, 184,
166, 194, 220,
190, 220, 254,
{0.12412,0]

24, 28,

50, 58,

g0, 92,

108, 1240,
140, 152,
168, 188,
162, 1%&, 218,
190, 218, 248,
10.12713,0]

4,

92,

114,
138,

:

2r

BLOCK BEFORE & ATTER OCT
L0005, 32.0000. L0000,
G000, 34.0000, -Q004,
L0005, 42.0000. LDGo0,
L0000, 43.0000, .Q004,
L8006, 31.0000. LDGo0,
G000, 35.00040, . G000,
L0006, 28.0000. LDGo0,
L0000, 200000, LQooa,

-QQoa,
L0000,
-0Q0e,
L0000,
.0000,
L0000,
L0000,
Releieion

120000,
19.0000,
28.0000,
47.0000,
52.4000,
53.0000,
78.0000,
50.4000,

3.
73.
60.
65 .

-14 5339, 17.9775, -35.6250, -21.7799, 20.7677, 7.3691
6855, 9.0842, 6.3151, 30.5965, -11.8953, 22.9652,
4.2238, 4.1021, 11.8839, -9 2583, 7.3310, -7.5229.
0203, 2.9430, 4.6372, 10.5871, 14.5873, 8.346&6,
-1.8314, -6.125Q, 6_1537, 11 _2335, 3.7743,
-13.2223, 5.5466, -17.8620, -10.7962, 0.1783,
9.5470, -13.44863, 16.9022, 2.0262, -12.7968,
5.4264, -3.8780, -4.0601, 1.4185, 1.0981,

5719,
3310,
6812,

= DC scale = &

2, 8, 4, 10, 4, 1B, 28, 30,

6, 14, .o, 24, 38. 44, 52, 56,

4, 16, 34, 48, 58, 70, 84, 96,

8, 30, 44, 64, 76, 96, 106, 124,

i6, 40, 52, BO, 92, 114, 138, 154,

i6, 46, 70, 92, 118, 142, 160, 120,

28, 48, 82, 108, 136, 180, 150, 224,

28, £2, 56, 120, 160, 188, 224, 256,

5%, -45, =15, 18, -2&, -22., 21, 7,

1, 36, -9, 9, &, 31, -1z, 23,

-25, 10, 14, 4, 12, -8, 7, -8B,

g, -2k, 2, 3, 5, 11, 15, 8,

4, -3, 6, -2, -6, 6, 11, 4,

21, -8, 2, -13, &, -18, -11, G,

-4, -8, 1, 10, -i3, 17, 2, -13,

[3 i, 1,

gmatrix 2
quant matrix & retrieved block below
DC scale 6

2., B, 4, 10, 14, 18, 28, 30,

&, 14, 20, 24, 38, 48, 52, 56,

4, 16, 34, 48, 58, 70, B4, 96,

&, 30, 44, 64, 6, 96, 106, 120,
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DOT DISSECTION EXAMPLE 2

.89377,
L4726,
_571%,
.9572,
L4843,
.5048,
.9922,

-18.000
8.0000,
8.0000
0.0000,
0.0000,
8.0000,
0.0000,
0.0000,

8582, 39

43
51
52

36.
43.
50.

5.

0,

0.0000,

8.00080,
, 0.0000,

0.0000,
0.0000,

8.00080,

0. 0000,
0.0000,

L1607,
5287,
5964,
3919,
L5307,
L7340,
L3074,
0831,

16, 40, 52, B8O, %2, __4, 38, 134,
16, 4§, 70, 92, 118, 142, 160, 1350,
28, i3, B2, 168, 136, 160, 196, 2zZ1,
28, 62, 96, 120, 160, 188, 224, 256,
336, -2, -1Z, 16, -14, -18, 0, O,
g, 28, 0, &, 0, 0, 0, O,
-24, 0, 0, 0, O, O, 0, D
8, 0, 0. 0, O, 6, 0. O
o, 0, 4, 0. 0, G, O, O
16, 0, O, O, O, G, O, 0,
o, 6, 6, 0, 0, 0, 0, O,
0, 6, 0, 0, 0, 0, 8, 0,
==s============== gmatrix = 2

————————————————————— BLQCK BEFCRE & AFTER INVERSE DCT below
336.0000, -40.0000, -12.0000, 10.0000, -14.0000,
5.0000, 28.00600, 0.0000, 0.00060, 6.00006, 0.0000,
-24. 0000, 0.0000, 0.0000, 0.0000, O.0000, O.0000,
8.0000, 0.0000, 0.00800, 0.0000, £8.00800, 0.0000,
0.0000, 0.0000, 0.0006, 0.0060606, D.D000, ©.0000,
16.0000, §.0000, 0.0000, 0.0000, 0.0000, 0.0000,
5.00060, 0.0000, 0.0000, D.0000, 0.0000, 0.0000,
6.006060, 0.0000, 0.0000, O0.000G, 0.0000, 0.0000,
36.6181, 44 3708, 40.9206, 37.3695, 44,7054, 45,
32.0919, 40.0006, 36.8388, 33.6644, 41 4081, 42
35.6596, 43,8567, 41,2277, 38.7496, 47 2468, 49
37.8821, 46.4560, 44,5232, 42.9547, 52.4385, 55
32.0712, 41.0529, 39.8737, 39.2897, 49.8372, 53
29.7016, 39.0600, 38.5770, 38.9026, 50.4347, 55
26,7149, 36,4218, 36,4716, 37.3934, 49,7790, 55
17.6565, 27.45%94, 27.7975, 29.1%62, 41 . 8898, 7

original bpp 8._060000

compress_bpp 2.82936

COMBTESS_mse 420.92261

COMpYess_rms 20.51640

comDTess_Snr 21.88878

compress_rat 0.12926

SUCCESSFUL RUNW!

Page B

37
35.
42
49
49,
51.
52.
45.

0.0000

L6173,

1435,

L4974,

6697,
2164,
7964,
6582,
5899,
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