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Abstract

A presentation of several approaches concerning the segmentation technique for
video coding is made. These approaches include histogram analysis, clustering
and quantization methods for gray and colour images. A compression algorithm
(2D CCITT Standard) is introduced and extended to gray-level values. Some
of these experiments are presented including a comparison with JPEG.

Key words : Segmentation, Histogram analysis, Thresholding, Clustering and
Quantization algorithms, Compression, 2D CCITT Standard algorithm.
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Chapter 1

Introduction

I have undertaken my research project with the Vision Speech and Signal Pro-
cessing Group (V.S.S.P.). The research activities of the Group focus in the are
of image processing and computer vision, image representation (shape, texture,
colour), motion analysis, iconic search in image databases, pattern recognition
and neural network. The new research areas now also include image compres-
sion, coding and document processing.

The research projects carried out can be grouped into seven major categor-
ies :

1. image processing

2. image understanding

3. industrial automation

4. robot vision

5. pattern recognition and neural net systems
6. signal analysis

7. image communication and multimedia

My work is a part of the last category. I have worked with the Image coding
and Multimedia team, under the supervision of Dr Miroslaw Bober.

1.1 Segmentation techniques for video coding

The purpose of this research programme is to investigate and develop method-
ologies and algorithms for the processing of images for the purpose of efficient
compression and coding.

Description




Image analysis and automatic vision relies heavily on the information ex-
tracted from the image at the image processing stage. This does not only apply
to static images but sequences of images as well. Examples of applications of
Image Processing are image compression and image segmentation into regions
characterised by some uniformity criterion and the extraction of image features.
The program of the V.S.S.P. Group in this area of research includes the devel-
opment and investigation of novel approaches concerned with texture analysis
and segmentation, efficient motion coding and image labelling. In the context
of the above applications some generic tools have been developed applicable to
a large class of problems. This includes tools for motion estimation and seg-
mentation, image segmentation based on colours and texture, multiresolution
image processing etc.

1.2 Purpose of my work

The objective of the research was to investigate and to implement various seg-
mentation techniques with the emphasis on an application to image compression
and coding.

Segmentation techniques are used for region-based coding and also as a pre-
processing for motion analysis.

A technique based on histogram analysis [6] was implemented and tested. In
order to improve the performance, the following modifications were introduced :

e A new algorithm to find peaks in the histogram.

e A new approach concerning the determination for the best quantization
level.

A novel element of research involved a design and implementation of a still
image compression method. It involves segmentation of the image into regions
of coherent colour and encoding the segmentation map for each colours using
the 2D CCITT Standard for encoding of 2D binary images with multi-valued
images. I had to extend this coding algorithm to cope.

The algorithms will be used by the Image Coding Team at the V.S.S.P.
Group for further research (for example as a segmentation stage for region
based coding).



Chapter 2

Segmentation Techniques

Segmentation refers to processes that partition the two-dimensional image into
connected area (called regions) composed of group of pixels that are uniform
in some property, such as gray level (intensity, brightness), colour or texture.
Several approaches are used but they can be divided into techniques involving
edge detection and clustering techniques.

Although edge detection is often used with several methods (Gradient,
Roberts Operator, Sobel Operator, Prewitt Operator, Laplacien Operator) and
continues to be an active research area, I worked with the regions method and
particularly with techniques involving histogram analysis.

2.1 Region-based segmentation

In the region-based approach, all pixels that correspond to an object are grouped
together and are marked to indicate that they belong to one region. Pixels are
assigned to regions using some criterion that distinguishes them from the rest of
the image. Two very important principles in segmentation are value similarity
and spatial proximity. T'wo pixels may be assigned to the same region if they
have similar intensity characteristics or if they are close to one another. For ex-
ample, a specific measure of value similarity between two pixels is the difference
between the gray or colour values, and a specific measure of spatial proximity
is Euclidean distance. The variance of gray or colour values in a region and the
compactness of a region can also be used as measures of value similarity and
spatial proximity of pixels within a region, respectively.

The principles of similarity and proximity come from the assumption that
points on the same object will project to pixels in the image that are spatially
close and have similar gray or colour values. Clearly, this assumption is not sat-
isfied in all situations. But in simple situations, segmentation can be done with
thresholding and component labelling [1]. Complex image may require more
sophisticated techniques than thresholding to assign pixels to regions that cor-
respond to parts of objects. Thus, we will attach particularly to the clustering
algorithm method [6].



2.2 Definition

Formally, region-based segmentation can be defined as a method to partition
an image Z into subimages, called regions, R; - - R, such that each subimages
is an object candidate.

More exactly, given a set of image pixels Z and a homogeneity predicate
P(.), the region-based segmentation method will find a partition S of the image
7 into a set of n regions R; such that :

L] UIR7 =7

e P(R;)=True (the homogeneity predicate and partitioning of the image
have the properties that any region satisfies the predicate P(.))

e P(R; U Rj)=False (i # j) (for all i and any two adjacent regions cannot
be merged into a single region that satisfies the predicate P(.)).

The homogeneity predicate P(.) defines the conformity of all points in the
region R; to the region model.

The process of converting a gray value image into a binary image is a simple
form of segmentation where the image is partitioned into two sets. To do this,
we can use the thresholding algorithm discussed below.

2.3 Thresholding

Thresholding is a method to convert a gray scale image into a binary image so
that objects of interest are separated from the background. For thresholding
to be affective in object-background separation, it is necessary that the objects
and background have sufficient contrast and that we know the intensity levels
of either the objects or the background. In a fixed thresholding scheme, these
intensity characteristics determine the value of the threshold.

To make segmentation more robust, the threshold should be automatically
selected by the system. Knowledge about the objects in the scene, the applic-
ation, and the environment should be used in the segmentation algorithm in a
form more general than a fixed threshold value. Such knowledge may include :

e Intensity characteristics of objects

e Sizes of the objects

e Fractions of an image occupied by the objects

e Number of different types of objects appearing in an image

A thresholding scheme that uses such knowledge and selects a proper threshold
value for each image without human intervention is called an automatic threshold-
ing scheme. Automatic thresholding analyses the gray values, and uses the



knowledge about the application to select the most appropriate threshold. Since
the knowledge employed in these schemes is more general, the domain of ap-
plicability of the algorithm is increased.

Suppose that an image contains n objects O1,0q,---,0,, including the
background, and gray values from different populations =y, - - -, m, with prob-
ability distributions p1(z),---,pn(z). In many applications, the probabilities
Py, .-+, P, of the objects appearing in an image may also be known. Using
this knowledge, it is possible to rigorously formulate the threshold selection
problem. Since the illumination geometry of a scene controls the probability
distribution of intensity values p;(z) in an image, one cannot usually precom-
pute the threshold values. As we will see, most methods for automatic threshold
selection use the size and probability of occurrence and estimate intensity dis-
tributions by computing histograms of the image intensities.

In discussing thresholds, this allows us to say that gray values below a
certain threshold belong to the object and gray values above the threshold are
from the background.

2.4 Algorithms

We, now, present and discuss about several thresholding algorithm and method
for a gray-level value based segmentation.

2.4.1 P-Tile Method

The p-tile method uses knowledge about the area or size of the desired object
to threshold image. Suppose that in a given application objects occupy about p
percent of the image area. By using this knowledge to partition the gray value
histogram of the input image, one or more thresholds can be chosen that assign
p percent of the pixels to the object. An example of a binary image formed
using this technique is given on Figure 1.

It is the most simple method and clearly it is very limited and not really
used.

Count
A T

= IMmage
Intensities

p% 100%
Figure 1 : An example of the p-tile method



2.4.2 Mode Method

If the objects in an image have the same gray value, the background has a
different gray value, and the image pixels are not affected by a Gaussian noise,
then we may assume that gray values are drawn from two normal distribu-
tions with parameters (u1,01) and (p2,03). The histogram for an image will
them show two separate peaks. In the ideal case of constant intensity values,
01 = o9 = 0, there will be two spikes in the histogram and the threshold can
be placed anywhere between the spikes, as shown in Figure 2. In practice, the

peaks and valleys in the histogram, and the threshold may be set to the pixel
value corresponding to the valley.

T T
o 255 0 255
Figure 2 : Ideal intensity values Figure 3 : In practice, peaks are

op =09 =20 not so well separated

The determination of peaks and valleys is a nontrivial problem (especially
with colour images, where histogram is defined in a 3D space), but many meth-
ods have been proposed to solve it. For an automatic thresholding scheme,
we should have a measure of the peakiness and valleyness of a point in a histo-
gram. A computationally efficient method is given in Algorithm 1. This method
ignores local peaks by considering peaks that are at some minimum distance
apart. The peakiness is based on the height of the peaks and the depth of the
valleys; the distance between the peaks and valleys is ignored.

1. Find the two highest local mazima in the histogram that are at some min-
imum distance apart. Suppose these occur at gray values g; and g;.

2. Find the lowest point gi in the histogram H between g; and g;.

3. Find the peakiness, defined as min(H (g;), H(g;))/H (gk)-

4. Use the combination (g;,g;,gx) with highest peakiness to threshold the
image. The value g is a good threshold to separate object corresponding
to g; and g;.

Algorithm 1 : Peakiness Detection for Appropriate Threshold Selection

This approach can be generalized to images containing many objects with
different mean gray values. Suppose there are n objects with normally distrib-
uted gray values with parameters (pu1,01), (42,02), -, (in, o5 ), and the back-



ground is also normally distributed with parameters (ug, o). If the means are
significantly different, the variances are small, and none of the objects is very
small in size, then the histogram for the image will contain n + 1 peaks. The
valley locations 11,75, - - -, T}, can be determined, and pixels with gray values in
each interval (T;,7T; 1] can be assigned to the corresponding object (see Figure
4).

y T1 Ty T3

0 255

Figure 4 : Histogram for an image containing several objects
with differing intensity values

This approach can be more robust and efficient by using a Gaussian filtering
applied to the histogram, before running the algorithm detecting peaks. This
removes the noise in the histogram and preserves the important information on
the position of the clusters.

2.4.3 Iterative Threshold Selection

An iterative threshold selection method starts with an approximate threshold
and then successively refines this estimate. It is expected that some property
of subimages resulting from the threshold can be used to select a new threshold
value that will partition the image better than the first threshold. The method
is given in Algorithm 2.

1. Select an initial estimate of the threshold T. A good initial value is the
average intensity of the image.

2. Partition the image into two groups, R1 and Ra, using the threshold T.

3. Calculate the mean gray value p1 and po of the partitions Ry and Ra.

4. Select a new threshold :

1
T = E(Ml + p12).

5. Repeat steps 2-4 until the mean values py and ps in successive iterations
do not change.

Algorithm 2 : Iterative Threshold Selection



2.4.4 Adaptative Thresholding

If the illumination in a scene is uneven, then the above automatic thresholding
schemes may not suitable. The uneven illumination may be due to shadows
or due to the direction of illumination. In all such cases, the same threshold
value may not be usable throughout the complete image. Adaptative methods
analyse a histogram of the entire image.

Methods to deal with uneven illumination or uneven distribution of gray
values in the background should look at a small region of an image and then
analyse this subimage to obtain a threshold for only that subimage. Some
techniques have been developed to deal with this kind of situation.

A straightforward approach to segment such images is to partition the image
into m x m subimages and select a threshold Tj; for each subimage based on the
histogram of the ijth subimage (1 < 4,7 < m). The final segmentation of the
image is the union of the regions of its subimages. The results of this method
are shown in Figure 5.

|

IMAGE

l

T22 Toz

Figure 5 : The process of adaptative thresholding on an image
which is not amenable to regular thresholding

2.4.5 Variable Thresholding

Another useful technique in the case of uneven illumination is to approxim-
ate the intensity values of the image by a simple function such as a plane or
biquadratic. The function fit is determined in large part by the gray value
of the background. Histogramming and thresholding can be done relative to
the base level determined by the fitted function. This techniques is also called
background normalization.



2.4.6 Double Threshold

In many applications, it is known that certain gray values belong to objects.
However, there may be additional gray values that belong to either objects
or the background. In such a case, one may use a conservative threshold 17
to obtain the core of the object and then use some method to grow the ob-
ject regions. The methods used for growing these regions will depend on the
specific application. Common approaches include using another threshold to
accept pixels if they have a neighbour that is a core pixel or by using intensity
characteristics, such as a histogram, to determine points to be included in the
object region. A simple approach is to accept all points that are below a second
threshold T5 and are connected to the original set of points. This approach is
outlined in Algorithm 3.

1. Select two thresholds Ty and T5.

2. Partition the image into three regions : Ry, containing all pizels with gray
values below T ; Ra, containing all pizels with gray values between T and
Ty, inclusive; and Rs, containing all pizels with gray values above T.

3. Visit each pizel assigned to region Ro. If the pizel has a neighbour in
region Ry, then reassign the pixel to region R;.

4. Repeat step 3 until no pizels are reassigned.

5. Reassign any pizels left in region Ro to region Rs.

Algorithm 3 : Double Thresholding for Region Growing

2.5 Conclusion

As discussed above, one may use information in the histogram of an image to
select an appropriate threshold for segmentation. This approach is useful in
those applications where objects have constant gray-level values. If the illumin-
ation is different in different part of a scene, then a single threshold may not
be sufficient to segment the image, even if the image contains only one object.
In such cases one must use techniques that effectively partition an image arbit-
rary, and select thresholds for each subimage independently. If the images are
complex, these approaches will also perform poorly.

The most basic limitation of the histogram-based approaches, that we see
above, is due to the fact that a histogram throws away spatial information
about the intensity values in an image. The histogram describes the global
intensity distribution. Several images with very different spatial distributions
of gray values may have similar histograms. It does not exploit the important
fact that points from same object are usually close due to surface coherence.

We presented several method for the histogram-based segmentation of gray-
level images. By extending these methods, we can use them for colour images.

10



But it is neither simple nor efficient. Thus, we will present a new method
called clustering algorithm in the next chapter, including also the notion of
quantization.

11



Chapter 3

Clustering and Quantization
Algorithms

We now discuss about one method called cluster analysis to segment an image
with colour values. There are a wide variety of image segmentation techniques
[1] [2], but feature space clustering is one of the most popular of these methods
[3].

In a general segmentation task, very little a priori knowledge about the
underlying structure of the extracted feature data from the image is available.
Information such as the number of clusters in the image (corresponding to the
number of clusters in the feature space) and the form of probability density of
features are not known. Thus, truly non-parametric clustering techniques need
to be utilized.

The literature on cluster analysis is both voluminous and diverse [4] [5]
provide excellent surveys of the existing techniques. But many are limited by
the fact they are not totally non-parametric and automatic. Thus we used one
which have these characteristiques [6] using the quantization notion. Moreover,
we introduced some improvments and new ideas.

Concerning the colour representation, we worked with two different models,
namely RGB and YUV [7] [8].

Before presenting the clustering method, we will introduce the notion of
histogram generation in the multidimensional space.

3.1 Histogram generation in the multidimensional
space

The first step toward the generation of the histogram is the quantization of
the L-dimensional feature space into non-overlapping cells. As a result, each
cell will encompass a certain number of data points (feature vectors) and the
histogram is generated by counting the number of vectors falling into each
cell. Since the dynamic range of the vectors in each dimension can be quite
different, the cell size for each dimension should be different. Hence, the cells
will be hyperboxes. Each cell is then represented by an L-dimensional index,

12



C(dy,da,---,dr), where dj, is an integer, dy € {1,2,---,Q} and @ being the
total number of quantization levels. Hence, the kth side of the hyperbox denoted
by CS(k) can be expressed as

CS(k) = fmaa (k) = frnin(k) ) 1,2, L

Q
where f42(k) and fpin(k) stand for the maximum and the minimum values
of the kth dimension. The labelling convention of the cell indices for a two-
dimensional space is illustrated in Figure 6

fax (2)
C(1.9) C(2,4) C(3,4) C(4.4)
C(13) C(2,3) C(3.3) C(4,3)
Cc(1,2) C(2,2) C(3,2) C(4,2)
C(1,1) Cc(2,1) C(3.1) C(4,1)
fmin (2) f
min (€ fnax (1)

Figure 6 : An example of the labelling convention
of the cell indices in a two-dimensional space

The construction of the histogram involves finding, for each feature vector,
its corresponding cell location in the discrete space. Hence, all feature vectors
within a cell would be assigned L integer coordinates corresponding to the
indices of the cell they fall in. This is accomplished by finding the corresponding
cell index for each dimension of the considered feature vector. The kth cell

—

index, dy, for a cell in which a feature vector f = [f(1), f(2),---, f(L)] falls in,
is found by

dy =

{INT(W)jq if f(k) < fmaa(R) 1 o

Q if f(k) - fmam(k)

where INT represents the integer part of the function. A cell list is created
containing the coordinates of each non-empty cell, their histogram value (num-
ber of samples captured) and their “link address” which will be discussed in the
next section. Thus, the corresponding cell coordinates are determined for each
feature vector and compared against the current cell list. If the cell is already
included in the list, its counter is incremented by one, otherwise the cell list is
updated by adding that cell to it.

3.2 Clustering Method

The clustering is performed by locating the peaks of the multidimensional his-
togram. This is done by a peak-climbing (valley-seeking) algorithm. The pro-
cedure is illustrated in two-dimensional space in Figure 7, where the number
in each cell represents a hypothetical count of the feature vectors captured by

13



that cell. By examining the counts of the 8-neighbours of a particular cell, a
link is established between that cell and the closest cell having the largest count
in the neighbourhood. If two or more neighbouring cells have the same count
for a particular cell, one of them is arbitrarily chosen as a parent. At the end
of the link assignment each cell is linked to one parent cell, but can be a parent
of more than one cell.

7 15— 50— 30— 5=—1

6l 10| 25| 4| 2| 1] 4
|
Y
5| 4 1l 20=—8=—3=—1
A
\
4 3| 10
3 15 7 5 5 2

|
Y

2 35— 45 20

1 18— 80 2

102 3 4 5 6 7 8 9
Figure 7 : Illustration of the peak
climbing approach in a two-dimensional space

A peak is defined as being a cell with the largest density in the neighbour-
hood, i.e. a cell with no parent. At this point, a specific test is included in
order to avoid any two or more peaks to be neighbours of each other. Figure 8
illustrates this situation in two dimensions where the two cells with a count of
50 are neighbours of each other. If those two particular cells were linked to the
cell having the largest count in the neighbourhood, as shown in Figure 8(a), a
cycle would occur. To overcome this potential problem, both of the cells are
considered as peaks. At the end of the link assignment process, the location
of each peak cell is examined with respect to the others. If two or more peaks
are found to be neighbours, one is arbitrarily chosen as the parent of the oth-
ers (Figure 8(b)). This method assumes that two or more neighbouring peaks
belong to the same cluster which is a justifiable assumption.

A peak and all the cells which are linked to it are taken as a distinct cluster
representing a mode of the histogram. Thus, the clustering process starts from
each peak and identifies all the other cells linked to its peak. A low density
region characterizes a valley in the histogram, hence, a boundary between two
modes.

The clustering operation requires the examination of all the neighbouring
cells of all non-empty cells. The number of neighbouring for each discrete cell
is a function of the dimension of the space. Because of the discrete nature of
the space, the number of possible neighbours in the two or three dimensional
representation are 8 and 26 respectively. A generalization of the neighbourhood

14
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Figure 8 : (a) Example of a cycle occurring when two peaks are neighbours of
each other. (b) One of the peaks is arbitrarily chosen to be parent of the other.

to k dimensions gives (3% — 1) as the closed form expression for the number of
neighbours. Hence, the neighbour list of a given cell may contain at most
(3% — 1) entries. Let C(dy,da,---,dr) be the cell under consideration. A cell
C(k1, kg, -+, kr) is considered to be its neighbour if :

Mazx(|d; — ki|,i=1,2,---,L) =1

that is, their respective coordinates differ by at most 1 in one or more dimen-
sions.

The method is very efficient due to the data reduction resulting from working
with the histogram. The procedure is non-iterative and the number of clusters
does not need to be specified a priori. The power of this method is also due
of the fact it can use for any dimension. Furthermore, the structure of the
algorithm is adequate for a parallel implementation resulting in nearly linear
speed up.

3.3 Improvements

The clustering algorithm presented above has been improved during my re-
search. The two new elements are listed below :

e In the case when two or more neighbouring cells have the same count, it
is better to choose the cell for which the sum of counts over all neighbours
is higher (see Figure 9 as example : two cells have the count 50, but the
lower one is selected, because its neighbours have higher count). If the
sum of all neighbours is also equal, then one of them is arbitrarily chosen
as a parent with the precaution not to create a cycle as shown in the
Figure 8(a).

e To establish a link for a particular cell, it is better to examine a lar-
ger neighbourhood (in the original technique, only a direct (3% — 1)-
neighbourhood was used for a k-dimensional). Indeed, a virtual local
peaks or valleys can be created by noise and such local extrema should
not be considered. Using larger neighbourhood makes the technique more

15



robust to noise. An illustration for a one-dimensional case is shown in Fig-
ure 10. Conversely, it is important not to take a too large neighbourhood
since this could remove some significant peaks. After some experience, we
found that a neighbourhood with the radius of 3 is a good choice.

30 50 10

30 80 50 7

12 8

Figure 9 : Case who two neighbouring cells have the same count

@ 512 | W15 40~—20<—3 | 712 | 8§15 | 13184 1
| — > 4a— RS
(b) 50 L] 0 520 >3 (N7 | 12| 8 | 5| B84 1
~— S~ ~— LA |

Figure 10 : (a)Clustering algorithm with a direct 2-neighbourhood.
(b)Clustering algorithm with a direct 6-neighbourhood.

To be more efficient, by using a recursive procedure we can immediately
find the peak that is linked to each cell, as shown in Figure 11. This has the
advantage to be more efficient. For example when one wants to find a peak
corresponding to a given gray-level (colour) value.

8 40 28 12
|
Vi ——|
15— 50— 30 5 1
7 ~ | —
/4?\"\/
6 10 25 4 2 1 4
|
Va——
5 4 1—™ 20— 8 3 1
A
4 3 )/ 10
3 15 7 5 5 2
\
2 35 45 2(3) 8
|
¥,
1 18 80 2
1 2 3 4 5 6 7 8 9

Figure 11 : Illustration of the peak climbing
approach a two-dimensional space by recursive method

16



3.4 Quantization Method

The quantization method plays a major role in the non-parametric and auto-
matic clustering algorithm. A very small cell size would produce a flat histo-
gram with no significant peaks, while too large a quantization may combine
several peaks into a single mode, giving erroneous results. It is the aim of the
quantization method to select the best cell size.

As we work with gray and colour image, we will use one method who is
called “S” method seeing that is more appropriate for low dimensions (1-3).
An another one, called “M”, is suitable for larger dimensions (>3) [6].

3.4.1 The “S” method

This approach consists of evaluating the partition for several different quant-
izations (different cell sizes) and evaluating the goodness of each partition ac-
cording to some criterion. The main advantage of this method is to provide a
good insight of the ability of the data to form clusters, that is, the evolution of
the different modes present in the data-set.

The histogram is generated for different values of the cell size CS(k) ranging
from small to large. The cell size value for the kth dimension using the ith
quantization level is

fma:z:(k) - fmzn(k)
Qi

with Q; =1,2,---, N,

CSi(k)—{ } E=1,2,--,L

where N}, represents the size of the kth dimension. For each quantization level,
the clustering is performed and the number of peaks along with their connected
cells are identified. Next, a measure of the goodness of each cluster, which
takes into account its compactness and isolation, is evaluated. Let ng) be the
density of the mth cluster using @);. It is defined as

where Ns(zﬂ ) and N(EZm ) represent the number of data vectors and non-empty
cells of the mth cluster using @); respectively.

(m)

A quantitative measure Si(m) is then defined on D; s which reflects the

compactness of the mth cluster

where j* represents the value of j obtained from the above minimization.

17



In the above expression, K; is the total number of clusters found using Q;
and Ci(]) denotes the coordinate of the jth peak cell. In simple terms, Si(m)
measures the difference between the density of the mth cluster and that of its

nearest cluster weighted by the inverse of the distance between their peaks.

An overall goodness measure for (); can be defined as

K;
Si=Y s
m=1

A small value of S; would indicate a partition with compact and well isolated
clusters. Thus S; is computed for different values of ); and the clustering
corresponding to that (); which minimizes S; is selected as the best one.

3.4.2 Improvements

The drawback of the “S” method concerns mainly the computation time re-
quired by the operation, as the need to cluster the data several times may affect
the efficiency of the whole procedure. Especially for a 3 dimensional space, i.e
for a colour image. Although the computational burden is very heavy, the im-
provement resulting from the parallelization of this method makes this approach
more appealing, we can further decrease the computation time required (for the
colour image) by separating each colour component and using the clustering al-
gorithm independently. For example, for a colour image in the RGB model,
instead of finding all the clusters in 3-dimensional, we work in 1-dimensional
for the Red, Green and Blue colour independently like a gray value. It is clear
that the it is just an approximation but we found it sufficiently good for col-
our images. Moreover, by using a different colour model for the same image,
the position and shape of the peaks will change and this could facilitate the
detection of peaks.

The “S” method described above finds the best quantization level. It is
important not to forget that this algorithm will be used for the compression.
Thus, it is clear that the smaller the number of clusters, the better the compres-
sion is, due to the fact that the segmentation image has lower entropy. Hence,
we can control the compression ration and image quality by varying the number
of clusters (peaks) that we detect. The idea is to specify the number of cluster
that one would like for each colour component and use the “S” method to find
the best quantization for these numbers :

e (Calculate the number of clusters for various quantization levels

e When the number of clusters desired is reached, use the “S” method to
select the best one.

Of course, if the number of cluster specified does not exist, we take the
closest number of cluster that we can find.

The power of this algorithm is that it is independent of the clustering and
quantization algorithm and we can control the compression ration and image
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quality. Also, a different clustering or quantization algorithm could be applied
to our technique, for example the one presented on [9].
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Chapter 4

Compression

As we have seen in the last chapter, we can control the number of clusters in an
image. It is now time to design a compression algorithm using this property.

We will introduce the 1D CCITT Standard and the 2D CCITT Standard
algorithms these developed for digital facsimile transmission [10] [11]. We had
to modify these algorithms to remove the correction mechanism introduced to
cope with transmission errors because it is not required by our application. In
addition we also had to modify the algorithm to cope with gray-level images.
This is because for a colour image each colour component is treated separately
like as gray-level value.

We first introduce the original algorithm, following by description of the
modification introduced during the research.

4.1 1D CCITT Standard

To understand how the 1D CCITT Standard coding scheme works, let us first
examine one line of a bi-level image shown in Figure 12.

T .

Figure 12 : One line of a bi-level image

In this example, we have a total of 13 pixels in one line of a bi-level image.
The sequence of pixels is 4 white, 3 black, 3 white, 1 black, followed by 2 white
pixels. These white runs and black runs alternate. Of course, we can use run-
length coding to encode this line :(4w,3b,3w,1b,2w). However, it is not efficient
enough. Since the probabilities of runs are different, we certainly can take ad-
vantage of this by using a variable length code to achieve a better compression
efficiency.

The 1D CCITT Standard coding scheme uses a variable length code, the
Modified Huffman (MH) code. A line of an image is encoded as a series of vari-
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able length code words and each code word represents a run length of either all
white or all black. The Modified Huffman code has two types of code words :
Terminated code words and Make-up code words. Terminating code words are
used to represent run lengths in the range of 0 to 63 pixels. Each make-up
code word in conjunction with a terminating code word is used for encoding a
run length in the range of 64 to 1728 pixels. For run lengths larger than 1728,
a set of optional make-up code words can be used, supporting run lengths in
the range of 1792 to 2560 pixels. Followed each line of data, there is an EOL
(End-Of-Line) code word. This EOL code word is also required prior to the
code words of the first image line. A variable length of string 0’s may be inser-
ted between a line data segment and an EOL. This 0 string is called Fill. Six
consecutive EOL’s form a special code word called RTC (Return to Control),
indicating the end of an image.

The 1D CCITT Standard coding scheme can be summarized as a coding
flow chart shown in Figure 13 in appendix A. Terminated code, make-up code,
and additional make-up codes can be find in [11].

4.2 2D CCITT Standard

The 2D CCITT Standard coding uses the Modified Human code and the Modi-
fied Relative element address designate (MR) code. The main advantage of the
2D CCITT Standard coding over the 1D CCITT Standard coding is that com-
pression efficiency is improved. This is due to the fact that the two-dimensional
coding explores correlation of pixels in two successive lines.

To understand how the 2D CCITT Standard coding works, the definitions
of the following terms are necessary :

‘ Term ‘ Definition ‘

Colour of an element | Black or white

Changing element An element whose colour is different from that
of the previous element along the same scan line

Coding line The current scan line

Reference line The previous scan line

Coding mode A method to code the position of each changing
element along the coding line

Reference element An element whose position determines a coding
mode

The 2D CCITT Standard coding is a line-by-line coding method. The pos-
ition of each changing picture element on the coding line is coded with respect
to the position of a corresponding reference element. The reference element is
located on either the coding line or the reference line. After the coding line
has been coded, it becomes the reference line for the next coding line. In order
to limit the facsimile transmission error, a Modified Human coded line (i.e.,
one-dimensional coded line) is sent periodically. This period is referred to as
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the K factor. For facsimile, at the Standard vertical resolution, K is equal to 2;
at the higher vertical resolution, K is equal to 4. For digital image, K can be
any positive non-zero integer.

In summary, for every group of K lines, the 2D CCITT Standard schemes en-
codes 1 line in one-dimensional coding and the other K-1 lines in two-dimensional
coding.

In the 2D CCITT Standard coding, there are five changing picture element
as listed following :

‘ Changing Element ‘ Definition

ag The reference element on the coding line

aq The next changing element to the right of ag on
the coding line

as The next changing element to the right of a; on
the coding line

b1 The next changing element on the reference line
to the right of ay and of opposite colour of ay

by The next changing element to the right of b, on
the reference line

At the starting of the coding line, the changing element aq is first set on
an imaginary white changing element located just before the first element on
the coding line. During the encoding, the position of ag is determined by the
previous coding mode.

An example of these five changing elements is shown in Figure 14.

b, b

2

-

a

o a, a,

Figure 14 : An example of changing picture elements

In the 2D CCITT Standard, there are three coding modes : Pass Mode
(P), Vertical Mode (V), and Horizontal Mode (H). Depending on the position
of a changing element along the coding line, one of three coding modes can be
identified. These three coding modes are listed following :

‘ Coding Mode ‘ Condition ‘
Pass Mode When the position of by lies to the left of aq

Vertical Mode When the relative distance between a7 and by is
less than or equal to 3

Horizontal Mode | When neither pass mode nor vertical mode
occur
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In the vertical Mode, depending on the relative distance between a1 and by,
seven possible cases can be identified :

e V(0) : ay just under by,

1) : a1 one pixel to the right of by,

2) : a1 two pixel to the right of by,

1

Vr(1)
Vr(2)

e Vi(3) : a1 three pixel to the right of by,
V(1) : a1 one pixel to the left of by,
Vi(2)

2) : a1 two pixel to the left of by,

e V7(3) : a; three pixel to the left of b;.

Besides three modes, there is also an optional extension of two-dimensional
coding scheme for an uncompressed mode.

The code words for three coding modes (pass, horizontal and vertical coding
modes) can be find in [11]. Examples of these three coding modes are shown as
in Figure 15.

The coding flow chart of 2D CCITT Standard scheme is shown in Figure
16 in appendix A.

The decompression procedure can be implemented through searching a code
tree for modified READ code as shown in Figure 17.

4.3 Modifications

Since our application is not a facsimile transmission, the first modification is to
remove all the bits needed for transmission. Thus, the EOL (End-Of-Line) and
RTC (Return To Control) code word were removed. These code word are not
needed because the number of pixels in the image is constant and known to the
decoder by the code file. Moreover, for the 2D CCITT Standard algorithm, the
one-dimensionally coded line is sent periodically, in our implementation this
feature was also removed. The first line of the image still has to be encoded
by the one-dimensional algorithm since it is a reference line. It seems that the
Extension mode is also not needed.

The second important modification was to extend these algorithms to cope
with multi-valued images. The number of the region has to be known to calcu-
late the number of bits necessary to encode the region. A look-up table, which
allocates colours to regions, has to be built (as shown in Figure 18) and encoded
in the header of the code file.

Each region plays the same role and is encoded in the same way. It is the
changing element ay who determines the reference region. At the starting of
the coding line, the changing element ag is first set on an imaginary region (the
first region in the look-up table) changing element located just before the first
element on the coding line. During the encoding of the coding line, the position
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Figure 15 : (a) An example of pass mode. (b) An example of Horizontal mode.
(c) An example of Vertical mode, V' (0). (d) An example of Vertical mode, Vr(1).
(e) An example of Vertical mode, V(1).
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Figure 17 : Code tree for modified READ code

Gray Vaue  Codeword
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Figure 18 : Examples of a look-up table, which allocates colours
to regions for (a) 4 colours, (b) 6 colours.
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ap is determined by the appropriate code mode. After encode of all region, by
mapping gray-level to region indices, we use the original algorithm with the
exception that the first different colour encountered plays the role of the next
changing element (see Figure 19).

-

T T

a, a, a,

b, b

Figure 19 : An example of changing picture elements for gray-level values

The new coding flow chart for the gray-level values scheme is shown in
Figure 20 in appendix A.
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Chapter 5

Experiments and Results

Experiments were carried out with the RGB and YUV colour models. We used
the PPM format file (Lenna.ppm) for the RGB model. Concerning the YUV
model, 2 image sequence formats of different sizes namely QCIF and CIF were
used. The QCIF format is of size 176 (width) by 144 (height), whereas the
CIF format has images with the size 352 by 288. We used the first image file
(Akiyo.qcif and Akiyo.cif) for our experimentation.

At first we present the results for the clustering and quantization algorithms
followed by the 2D CCITT Standard algorithm. A comparison with JPEG
will be made. To complete our experiments, we use a filter namely Majority
Filtering described in appendix B.
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5.1 RGB Model with Lenna.ppm

Lenna?2

Lenna3 Lenna4
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File | Description | Size (in bytes) |

Lenna.ppm | Original Image containing 47 red clusters, | 198163
71 green clusters and 43 blue clusters
Lenna.jpg | Lenna coding by JPEG 13847
File Clustering and quantization 2D CCITT
Standard (in
bytes)
Lennal Lenna with 12 red clusters, 18 green | 73639
clusters and 11 blue clusters
Lenna2 Lenna with 12 red clusters, 18 green | 37530
clusters and 11 blue clusters + majority
filtering
Lennad Lenna with 5 red clusters, 7 green clusters | 30522
and 4 blue clusters
Lenna4 Lenna with 5 red clusters, 7 green clusters | 15567
and 4 blue clusters + majority filtering

We noticed that the quality of the image is good in comparison with the
number of clusters :

e Lennal and Lenna2 have 4 times less than the number of clusters of the
original image (Lenna.ppm).

e Lenna3 and Lenna4 have 10 times less than the number of clusters of the
original image (Lenna.ppm).

It is also interesting to notice the important effect of the Majority Filtering
concerning the compression : the size of the filtering image is half that of the
corresponding unfiltered image. It is due to the fact that this filter removes
some pixels noising a region as shown in Figure 21 in appendix B. Thus the run
length of the data is larger.

In comparison with the JPEG algorithm, our results are less satisfactory in
the quality of the image and in the compression ratio.
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5.2 YUV Model

5.2.1 Qcif with Akiyo.qcif
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5.2.2 Cif with Akiyo.cif
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File | Description | Size (in bytes) |
Akiyo.qcif | Original Image containing 52 Y clusters, | 38016
44 U clusters and 23 V clusters
Akiyo.jpg | Akiyo coding by JPEG 2176
File Clustering and quantization 2D CCITT
Standard (in
bytes)
Akiyol Akiyo with 13 Y clusters, 11 U clusters | 6538
and 6 V clusters
Akiyo2 Akiyo with 13 Y clusters, 11 U clusters | 4949
and 6 V clusters + majority filtering
Akiyo3 Akiyo with 5 Y clusters, 4 U clusters and | 2188
2 V clusters
Akiyo4 Akiyo with 5 Y clusters, 4 U clusters and | 1656
2 V clusters + majority filtering

e Akiyol and Akiyo2 have 4 times less than the number of clusters of the

original image (Akiyo.qcif).

e Akiyo3 and Akiyo4 have 10 times less than the number of clusters of the

original image (Akiyo.qcif).

2 V clusters + majority filtering

‘ File ‘ Description ‘ Size (in bytes) ‘
Akiyo.cif | Original Image containing 47 Y clusters, | 152064
38 U clusters and 17 V clusters
Akiyo.jpg | Akiyo coding by JPEG 5559
File Clustering and quantization 2D CCITT
Standard (in
bytes)
Akiyoh Akiyo with 12 Y clusters, 10 U clusters | 19524
and 4 V clusters
Akiyo6 Akiyo with 12 Y clusters, 10 U clusters | 13429
and 4 V clusters 4+ majority filtering
Akiyo7 Akiyo with 5 Y clusters, 4 U clusters and | 7760
2 V clusters
Akiyo8 Akiyo with 5 Y clusters, 4 U clusters and | 5156

e Akiyob and Akiyo6 have 4 times less than the number of clusters of the

original image (Akiyo.cif).

e Akiyo7 and Akiyo8 have 10 times less than the number of clusters of the

original image (Akiyo.cif).

This time, we noticed that our compression ratio can be close or better than
JPEG to the detriment of the quality of the image. We still see the role of the

Majority Filtering on the compression.
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Chapter 6

Conclusion

The results concerning the clustering and quantization algorithms are rather
satisfactory and encouraging. The quality of the image is good in comparison
to the number of clusters. The fact that an image is decomposed into the dif-
ferent components reduces the computational load considerably.

On the contrary, we can be disappointed by the compression algorithm used :
2D CCITT Standard. Indeed, it is not efficient to just use the previous line to
encode a image which means that we must encode the colour for a same region
each time it is met. An effort can be made in this direction to encode a region
in one pass, thus an improvement in the compression ratio and/or the quality
of the image by taking more clusters.

Lastly it will be interesting to use the methods presented to try to encode
image sequences. We can easily use the advantages of the histograms. For
example, if histograms of 2 images are sufficiently close, we can take one as
a reference for both images. We could afterwards use the notion of motion
estimation to encode image sequences.
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Appendix A

Count arun

Run-length No
<17927?
Look up AM table
Yes

Reduce run-length

Run-length No

<647?
Look up M table
Yes

Reduce run-length

Look up T table

T Table : Terminating codes table

M Table : Make-up codes table

AM Table : Additional Make-up codes table

End of Image ?

e

Figure 13 : 1D CCITT Standard coding flow chart




First line of

K lines? Yes
No
EOL+0
‘ Put a0 just before first pixel ‘ One-dimensional coding
b2 to the left
of al?
Yes
No
Pass mode coding ‘ Vertical mode coding ‘ Detect a2 ‘
[ [
Put a0 just under b2 ‘ Put a0 on al ‘ ‘ Horizontal mode coding ‘

No
Yes

Yes

RTC }—{ End ]

Figure 16 : 2D CCITT Standard coding flow chart
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Built and encode the look-up table
which allocates colours to regions

Encode the fisrt line by the
one dimensional algorithm
I

!

‘ Put a0 just before first pixel
I

Encode the colour

b2 to the left
of al ?

‘ Pass mode coding ‘ ‘ Vertical mode coding ‘ ‘ Detect a2 ‘
[ [ [
‘ Put a0 just under b2 ‘ ‘ Put a0 on al ‘ ‘ Horizontal mode coding ‘

End of Line ?

Figure 20 : gray-level coding flow chart
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Appendix B

Majority Filtering

The idea of this filter is very simple. For each pixel in the image, create a local
histogram and assign the most common into the pixel as shown in Figure 21.

12| 12| 12| 34 | 145 145

12| 12| 34| 34| 34| 145

12| 12| 145| 145 | 34| 34 6 +
5 4
145 | 145| 145 | 167 | 145| 167 4 +
3 €
34 | 34| 145 145 | 167 | 167 2+
LT
34 | 34| 167 | 167 | 167 ! ‘ T

34 145 167

Crigina Image Local histogram

12| 12| 12 | |34 | 145| 145

12| 12| 12 | |34 | 34| 145

12| 12 | 145|145 | 34| 34

145 | 145 | 145 145| 167 | 167

34| 34| 145 145 | 167 | 167

34| 34| 34| 167 | 167 | 167

Image after the Mgjority Filtering
Figure 21 : An example using the Majority Filtering
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