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AbstractA presentation of several approaches concerning the segmentation technique forvideo coding is made. These approaches include histogram analysis, clusteringand quantization methods for gray and colour images. A compression algorithm(2D CCITT Standard) is introduced and extended to gray-level values. Someof these experiments are presented including a comparison with JPEG.Key words : Segmentation, Histogram analysis, Thresholding, Clustering andQuantization algorithms, Compression, 2D CCITT Standard algorithm.
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Chapter 1IntroductionI 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 areof image processing and computer vision, image representation (shape, texture,colour), motion analysis, iconic search in image databases, pattern recognitionand 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 processing2. image understanding3. industrial automation4. robot vision5. pattern recognition and neural net systems6. signal analysis7. image communication and multimediaMy work is a part of the last category. I have worked with the Image codingand Multimedia team, under the supervision of Dr Miroslaw Bober.1.1 Segmentation techniques for video codingThe purpose of this research programme is to investigate and develop method-ologies and algorithms for the processing of images for the purpose of e�cientcompression and coding.Description :
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Image analysis and automatic vision relies heavily on the information ex-tracted from the image at the image processing stage. This does not only applyto static images but sequences of images as well. Examples of applications ofImage Processing are image compression and image segmentation into regionscharacterised 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 analysisand segmentation, e�cient motion coding and image labelling. In the contextof the above applications some generic tools have been developed applicable toa large class of problems. This includes tools for motion estimation and seg-mentation, image segmentation based on colours and texture, multiresolutionimage processing etc.1.2 Purpose of my workThe objective of the research was to investigate and to implement various seg-mentation techniques with the emphasis on an application to image compressionand 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. Inorder to improve the performance, the following modi�cations were introduced :� A new algorithm to �nd peaks in the histogram.� A new approach concerning the determination for the best quantizationlevel.A novel element of research involved a design and implementation of a stillimage compression method. It involves segmentation of the image into regionsof coherent colour and encoding the segmentation map for each colours usingthe 2D CCITT Standard for encoding of 2D binary images with multi-valuedimages. 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 regionbased coding).
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Chapter 2Segmentation TechniquesSegmentation refers to processes that partition the two-dimensional image intoconnected area (called regions) composed of group of pixels that are uniformin some property, such as gray level (intensity, brightness), colour or texture.Several approaches are used but they can be divided into techniques involvingedge detection and clustering techniques.Although edge detection is often used with several methods (Gradient,Roberts Operator, Sobel Operator, Prewitt Operator, Laplacien Operator) andcontinues to be an active research area, I worked with the regions method andparticularly with techniques involving histogram analysis.2.1 Region-based segmentationIn the region-based approach, all pixels that correspond to an object are groupedtogether and are marked to indicate that they belong to one region. Pixels areassigned to regions using some criterion that distinguishes them from the rest ofthe image. Two very important principles in segmentation are value similarityand spatial proximity. Two pixels may be assigned to the same region if theyhave similar intensity characteristics or if they are close to one another. For ex-ample, a speci�c measure of value similarity between two pixels is the di�erencebetween the gray or colour values, and a speci�c measure of spatial proximityis Euclidean distance. The variance of gray or colour values in a region and thecompactness of a region can also be used as measures of value similarity andspatial proximity of pixels within a region, respectively.The principles of similarity and proximity come from the assumption thatpoints on the same object will project to pixels in the image that are spatiallyclose and have similar gray or colour values. Clearly, this assumption is not sat-is�ed in all situations. But in simple situations, segmentation can be done withthresholding and component labelling [1]. Complex image may require moresophisticated techniques than thresholding to assign pixels to regions that cor-respond to parts of objects. Thus, we will attach particularly to the clusteringalgorithm method [6]. 4



2.2 De�nitionFormally, region-based segmentation can be de�ned as a method to partitionan image I into subimages, called regions, R1 � � � Rn such that each subimagesis an object candidate.More exactly, given a set of image pixels I and a homogeneity predicateP(.), the region-based segmentation method will �nd a partition S of the imageI into a set of n regions Ri such that :� nSi=1Ri = I� P(Ri)=True (the homogeneity predicate and partitioning of the imagehave the properties that any region satis�es the predicate P(.))� P(Ri [ Rj)=False (i 6= j) (for all i and any two adjacent regions cannotbe merged into a single region that satis�es the predicate P(.)).The homogeneity predicate P(.) de�nes the conformity of all points in theregion Ri to the region model.The process of converting a gray value image into a binary image is a simpleform of segmentation where the image is partitioned into two sets. To do this,we can use the thresholding algorithm discussed below.2.3 ThresholdingThresholding is a method to convert a gray scale image into a binary image sothat objects of interest are separated from the background. For thresholdingto be a�ective in object-background separation, it is necessary that the objectsand background have su�cient contrast and that we know the intensity levelsof either the objects or the background. In a �xed thresholding scheme, theseintensity characteristics determine the value of the threshold.To make segmentation more robust, the threshold should be automaticallyselected by the system. Knowledge about the objects in the scene, the applic-ation, and the environment should be used in the segmentation algorithm in aform more general than a �xed threshold value. Such knowledge may include :� Intensity characteristics of objects� Sizes of the objects� Fractions of an image occupied by the objects� Number of di�erent types of objects appearing in an imageA thresholding scheme that uses such knowledge and selects a proper thresholdvalue for each image without human intervention is called an automatic threshold-ing scheme. Automatic thresholding analyses the gray values, and uses the5



knowledge about the application to select the most appropriate threshold. Sincethe 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; O2; � � � ; On, including thebackground, and gray values from di�erent populations �1; � � � ; �n with prob-ability distributions p1(z); � � � ; pn(z). In many applications, the probabilitiesP1; � � � ; Pn of the objects appearing in an image may also be known. Usingthis knowledge, it is possible to rigorously formulate the threshold selectionproblem. Since the illumination geometry of a scene controls the probabilitydistribution of intensity values pi(z) in an image, one cannot usually precom-pute the threshold values. As we will see, most methods for automatic thresholdselection 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 acertain threshold belong to the object and gray values above the threshold arefrom the background.2.4 AlgorithmsWe, now, present and discuss about several thresholding algorithm and methodfor a gray-level value based segmentation.2.4.1 P-Tile MethodThe p-tile method uses knowledge about the area or size of the desired objectto threshold image. Suppose that in a given application objects occupy about ppercent of the image area. By using this knowledge to partition the gray valuehistogram of the input image, one or more thresholds can be chosen that assignp percent of the pixels to the object. An example of a binary image formedusing this technique is given on Figure 1.It is the most simple method and clearly it is very limited and not reallyused.
Count

Image
Intensities

T

100%p%Figure 1 : An example of the p-tile method
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2.4.2 Mode MethodIf the objects in an image have the same gray value, the background has adi�erent gray value, and the image pixels are not a�ected by a Gaussian noise,then we may assume that gray values are drawn from two normal distribu-tions with parameters (�1; �1) and (�2; �2). The histogram for an image willthem show two separate peaks. In the ideal case of constant intensity values,�1 = �2 = 0, there will be two spikes in the histogram and the threshold canbe placed anywhere between the spikes, as shown in Figure 2. In practice, thetwo peaks are not so well separated (see Figure 3). In this case, we may detectpeaks and valleys in the histogram, and the threshold may be set to the pixelvalue corresponding to the valley.
0 255

T

Figure 2 : Ideal intensity values�1 = �2 = 0 0 255

T

Figure 3 : In practice, peaks arenot so well separatedThe determination of peaks and valleys is a nontrivial problem (especiallywith colour images, where histogram is de�ned 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 e�cient method is given in Algorithm 1. This methodignores local peaks by considering peaks that are at some minimum distanceapart. The peakiness is based on the height of the peaks and the depth of thevalleys; the distance between the peaks and valleys is ignored.1. Find the two highest local maxima in the histogram that are at some min-imum distance apart. Suppose these occur at gray values gi and gj.2. Find the lowest point gk in the histogram H between gi and gj.3. Find the peakiness, de�ned as min(H(gi);H(gj))=H(gk).4. Use the combination (gi; gj ; gk) with highest peakiness to threshold theimage. The value gk is a good threshold to separate object correspondingto gi and gj.Algorithm 1 : Peakiness Detection for Appropriate Threshold SelectionThis approach can be generalized to images containing many objects withdi�erent mean gray values. Suppose there are n objects with normally distrib-uted gray values with parameters (�1; �1); (�2; �2); � � � ; (�n; �n), and the back-7



ground is also normally distributed with parameters (�0; �0). If the means aresigni�cantly di�erent, the variances are small, and none of the objects is verysmall in size, then the histogram for the image will contain n + 1 peaks. Thevalley locations T1; T2; � � � ; Tn can be determined, and pixels with gray values ineach interval (Ti; Ti+1] can be assigned to the corresponding object (see Figure4).
T T1 3T 2

0 255Figure 4 : Histogram for an image containing several objectswith di�ering intensity valuesThis approach can be more robust and e�cient by using a Gaussian �lteringapplied to the histogram, before running the algorithm detecting peaks. Thisremoves the noise in the histogram and preserves the important information onthe position of the clusters.2.4.3 Iterative Threshold SelectionAn iterative threshold selection method starts with an approximate thresholdand then successively re�nes this estimate. It is expected that some propertyof subimages resulting from the threshold can be used to select a new thresholdvalue that will partition the image better than the �rst threshold. The methodis given in Algorithm 2.1. Select an initial estimate of the threshold T. A good initial value is theaverage intensity of the image.2. Partition the image into two groups, R1 and R2, using the threshold T.3. Calculate the mean gray value �1 and �2 of the partitions R1 and R2.4. Select a new threshold : T = 12(�1 + �2):5. Repeat steps 2-4 until the mean values �1 and �2 in successive iterationsdo not change.Algorithm 2 : Iterative Threshold Selection
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2.4.4 Adaptative ThresholdingIf the illumination in a scene is uneven, then the above automatic thresholdingschemes may not suitable. The uneven illumination may be due to shadowsor due to the direction of illumination. In all such cases, the same thresholdvalue may not be usable throughout the complete image. Adaptative methodsanalyse a histogram of the entire image.Methods to deal with uneven illumination or uneven distribution of grayvalues in the background should look at a small region of an image and thenanalyse this subimage to obtain a threshold for only that subimage. Sometechniques have been developed to deal with this kind of situation.A straightforward approach to segment such images is to partition the imageinto m�m subimages and select a threshold Tij for each subimage based on thehistogram of the ijth subimage (1 � i; j � m). The �nal segmentation of theimage is the union of the regions of its subimages. The results of this methodare shown in Figure 5.
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Figure 5 : The process of adaptative thresholding on an imagewhich is not amenable to regular thresholding2.4.5 Variable ThresholdingAnother 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 orbiquadratic. The function �t is determined in large part by the gray valueof the background. Histogramming and thresholding can be done relative tothe base level determined by the �tted function. This techniques is also calledbackground normalization.
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2.4.6 Double ThresholdIn many applications, it is known that certain gray values belong to objects.However, there may be additional gray values that belong to either objectsor the background. In such a case, one may use a conservative threshold T1to 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 thespeci�c application. Common approaches include using another threshold toaccept pixels if they have a neighbour that is a core pixel or by using intensitycharacteristics, such as a histogram, to determine points to be included in theobject region. A simple approach is to accept all points that are below a secondthreshold T2 and are connected to the original set of points. This approach isoutlined in Algorithm 3.1. Select two thresholds T1 and T2.2. Partition the image into three regions : R1, containing all pixels with grayvalues below T1; R2, containing all pixels with gray values between T1 andT2, inclusive; and R3, containing all pixels with gray values above T2.3. Visit each pixel assigned to region R2. If the pixel has a neighbour inregion R1, then reassign the pixel to region R1.4. Repeat step 3 until no pixels are reassigned.5. Reassign any pixels left in region R2 to region R3.Algorithm 3 : Double Thresholding for Region Growing2.5 ConclusionAs discussed above, one may use information in the histogram of an image toselect an appropriate threshold for segmentation. This approach is useful inthose applications where objects have constant gray-level values. If the illumin-ation is di�erent in di�erent part of a scene, then a single threshold may notbe su�cient to segment the image, even if the image contains only one object.In such cases one must use techniques that e�ectively partition an image arbit-rary, and select thresholds for each subimage independently. If the images arecomplex, these approaches will also perform poorly.The most basic limitation of the histogram-based approaches, that we seeabove, is due to the fact that a histogram throws away spatial informationabout the intensity values in an image. The histogram describes the globalintensity distribution. Several images with very di�erent spatial distributionsof gray values may have similar histograms. It does not exploit the importantfact 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 e�cient. Thus, we will present a new methodcalled clustering algorithm in the next chapter, including also the notion ofquantization.
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Chapter 3Clustering and QuantizationAlgorithmsWe now discuss about one method called cluster analysis to segment an imagewith 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 theunderlying structure of the extracted feature data from the image is available.Information such as the number of clusters in the image (corresponding to thenumber of clusters in the feature space) and the form of probability density offeatures are not known. Thus, truly non-parametric clustering techniques needto 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 bythe fact they are not totally non-parametric and automatic. Thus we used onewhich have these characteristiques [6] using the quantization notion. Moreover,we introduced some improvments and new ideas.Concerning the colour representation, we worked with two di�erent models,namely RGB and YUV [7] [8].Before presenting the clustering method, we will introduce the notion ofhistogram generation in the multidimensional space.3.1 Histogram generation in the multidimensionalspaceThe �rst step toward the generation of the histogram is the quantization ofthe L-dimensional feature space into non-overlapping cells. As a result, eachcell will encompass a certain number of data points (feature vectors) and thehistogram is generated by counting the number of vectors falling into eachcell. Since the dynamic range of the vectors in each dimension can be quitedi�erent, the cell size for each dimension should be di�erent. Hence, the cellswill be hyperboxes. Each cell is then represented by an L-dimensional index,12



C(d1; d2; � � � ; dL), where dk is an integer, dk 2 f1; 2; � � � ; Qg and Q being thetotal number of quantization levels. Hence, the kth side of the hyperbox denotedby CS(k) can be expressed asCS(k) = fmax(k)� fmin(k)Q k = 1; 2; � � � ; Lwhere fmax(k) and fmin(k) stand for the maximum and the minimum valuesof the kth dimension. The labelling convention of the cell indices for a two-dimensional space is illustrated in Figure 6
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C(4,1)Figure 6 : An example of the labelling conventionof the cell indices in a two-dimensional spaceThe construction of the histogram involves �nding, for each feature vector,its corresponding cell location in the discrete space. Hence, all feature vectorswithin a cell would be assigned L integer coordinates corresponding to theindices of the cell they fall in. This is accomplished by �nding the correspondingcell index for each dimension of the considered feature vector. The kth cellindex, dk, for a cell in which a feature vector ~f = [f(1); f(2); � � � ; f(L)] falls in,is found bydk = ( INT (f(k)�fmin(k)CS(k) ) + 1 if f(k) < fmax(k)Q if f(k) = fmax(k) ; k = 1; 2; � � � ; Lwhere INT represents the integer part of the function. A cell list is createdcontaining the coordinates of each non-empty cell, their histogram value (num-ber of samples captured) and their \link address" which will be discussed in thenext section. Thus, the corresponding cell coordinates are determined for eachfeature vector and compared against the current cell list. If the cell is alreadyincluded in the list, its counter is incremented by one, otherwise the cell list isupdated by adding that cell to it.3.2 Clustering MethodThe 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 numberin each cell represents a hypothetical count of the feature vectors captured by13



that cell. By examining the counts of the 8-neighbours of a particular cell, alink is established between that cell and the closest cell having the largest countin the neighbourhood. If two or more neighbouring cells have the same countfor a particular cell, one of them is arbitrarily chosen as a parent. At the endof the link assignment each cell is linked to one parent cell, but can be a parentof more than one cell.
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Figure 7 : Illustration of the peakclimbing approach in a two-dimensional spaceA peak is de�ned as being a cell with the largest density in the neighbour-hood, i.e. a cell with no parent. At this point, a speci�c test is included inorder to avoid any two or more peaks to be neighbours of each other. Figure 8illustrates this situation in two dimensions where the two cells with a count of50 are neighbours of each other. If those two particular cells were linked to thecell having the largest count in the neighbourhood, as shown in Figure 8(a), acycle would occur. To overcome this potential problem, both of the cells areconsidered as peaks. At the end of the link assignment process, the locationof each peak cell is examined with respect to the others. If two or more peaksare 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 peaksbelong to the same cluster which is a justi�able assumption.A peak and all the cells which are linked to it are taken as a distinct clusterrepresenting a mode of the histogram. Thus, the clustering process starts fromeach peak and identi�es all the other cells linked to its peak. A low densityregion characterizes a valley in the histogram, hence, a boundary between twomodes.The clustering operation requires the examination of all the neighbouringcells of all non-empty cells. The number of neighbouring for each discrete cellis a function of the dimension of the space. Because of the discrete nature ofthe space, the number of possible neighbours in the two or three dimensionalrepresentation are 8 and 26 respectively. A generalization of the neighbourhood14
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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 neighbourhoodsince this could remove some signi�cant peaks. After some experience, wefound that a neighbourhood with the radius of 3 is a good choice.
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5 12 15 20 3 7 8 15 13 18 111 40 412(a)Figure 10 : (a)Clustering algorithm with a direct 2-neighbourhood.(b)Clustering algorithm with a direct 6-neighbourhood.To be more e�cient, by using a recursive procedure we can immediately�nd the peak that is linked to each cell, as shown in Figure 11. This has theadvantage to be more e�cient. For example when one wants to �nd a peakcorresponding to a given gray-level (colour) value.
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3.4 Quantization MethodThe quantization method plays a major role in the non-parametric and auto-matic clustering algorithm. A very small cell size would produce a 
at histo-gram with no signi�cant peaks, while too large a quantization may combineseveral peaks into a single mode, giving erroneous results. It is the aim of thequantization method to select the best cell size.As we work with gray and colour image, we will use one method who iscalled \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" methodThis approach consists of evaluating the partition for several di�erent quant-izations (di�erent cell sizes) and evaluating the goodness of each partition ac-cording to some criterion. The main advantage of this method is to provide agood insight of the ability of the data to form clusters, that is, the evolution ofthe di�erent modes present in the data-set.The histogram is generated for di�erent values of the cell size CS(k) rangingfrom small to large. The cell size value for the kth dimension using the ithquantization level isCSi(k) = (fmax(k)� fmin(k)Qi ); k = 1; 2; � � � ; Lwith Qi = 1; 2; � � � ; Nkwhere Nk represents the size of the kth dimension. For each quantization level,the clustering is performed and the number of peaks along with their connectedcells are identi�ed. Next, a measure of the goodness of each cluster, whichtakes into account its compactness and isolation, is evaluated. Let D(m)i be thedensity of the mth cluster using Qi. It is de�ned asD(m)i = N (m)siN (m)ciwhere N (m)si and N (m)ci represent the number of data vectors and non-emptycells of the mth cluster using Qi respectively.A quantitative measure S(m)i is then de�ned on D(m)i s which re
ects thecompactness of the mth clusterS(m)i = jD(m)i �D(j�)i jd(m)iwith d(m)i = minj(j 6=m)kC(j)i � C(m)i k; j = 1; 2; � � � ;Kiwhere j� represents the value of j obtained from the above minimization.17



In the above expression, Ki is the total number of clusters found using Qiand C(j)i denotes the coordinate of the jth peak cell. In simple terms, S(m)imeasures the di�erence between the density of the mth cluster and that of itsnearest cluster weighted by the inverse of the distance between their peaks.An overall goodness measure for Qi can be de�ned asSi = KiXm=iS(m)iA small value of Si would indicate a partition with compact and well isolatedclusters. Thus Si is computed for di�erent values of Qi and the clusteringcorresponding to that Qi which minimizes Si is selected as the best one.3.4.2 ImprovementsThe 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 a�ectthe e�ciency of the whole procedure. Especially for a 3 dimensional space, i.efor a colour image. Although the computational burden is very heavy, the im-provement resulting from the parallelization of this method makes this approachmore appealing, we can further decrease the computation time required (for thecolour 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 �nding all the clusters in 3-dimensional, we work in 1-dimensionalfor the Red, Green and Blue colour independently like a gray value. It is clearthat the it is just an approximation but we found it su�ciently good for col-our images. Moreover, by using a di�erent colour model for the same image,the position and shape of the peaks will change and this could facilitate thedetection of peaks.The \S" method described above �nds the best quantization level. It isimportant 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 numberof clusters (peaks) that we detect. The idea is to specify the number of clusterthat one would like for each colour component and use the \S" method to �ndthe best quantization for these numbers :� Calculate the number of clusters for various quantization levels� When the number of clusters desired is reached, use the \S" method toselect the best one.Of course, if the number of cluster speci�ed does not exist, we take theclosest number of cluster that we can �nd.The power of this algorithm is that it is independent of the clustering andquantization algorithm and we can control the compression ration and image18



quality. Also, a di�erent clustering or quantization algorithm could be appliedto our technique, for example the one presented on [9].
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Chapter 4CompressionAs we have seen in the last chapter, we can control the number of clusters in animage. It is now time to design a compression algorithm using this property.We will introduce the 1D CCITT Standard and the 2D CCITT Standardalgorithms these developed for digital facsimile transmission [10] [11]. We hadto modify these algorithms to remove the correction mechanism introduced tocope with transmission errors because it is not required by our application. Inaddition 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 separatelylike as gray-level value.We �rst introduce the original algorithm, following by description of themodi�cation introduced during the research.4.1 1D CCITT StandardTo understand how the 1D CCITT Standard coding scheme works, let us �rstexamine one line of a bi-level image shown in Figure 12.
3b 2w3w4w 1bFigure 12 : One line of a bi-level imageIn 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 whitepixels. 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 e�cientenough. Since the probabilities of runs are di�erent, we certainly can take ad-vantage of this by using a variable length code to achieve a better compressione�ciency.The 1D CCITT Standard coding scheme uses a variable length code, theModi�ed Hu�man (MH) code. A line of an image is encoded as a series of vari-20



able length code words and each code word represents a run length of either allwhite or all black. The Modi�ed Hu�man code has two types of code words :Terminated code words and Make-up code words. Terminating code words areused to represent run lengths in the range of 0 to 63 pixels. Each make-upcode word in conjunction with a terminating code word is used for encoding arun 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 inthe 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 thecode words of the �rst 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. Sixconsecutive 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
ow chart shown in Figure 13 in appendix A. Terminated code, make-up code,and additional make-up codes can be �nd in [11].4.2 2D CCITT StandardThe 2D CCITT Standard coding uses the Modi�ed Human code and the Modi-�ed Relative element address designate (MR) code. The main advantage of the2D CCITT Standard coding over the 1D CCITT Standard coding is that com-pression e�ciency is improved. This is due to the fact that the two-dimensionalcoding explores correlation of pixels in two successive lines.To understand how the 2D CCITT Standard coding works, the de�nitionsof the following terms are necessary :Term De�nitionColour of an element Black or whiteChanging element An element whose colour is di�erent from thatof the previous element along the same scan lineCoding line The current scan lineReference line The previous scan lineCoding mode A method to code the position of each changingelement along the coding lineReference element An element whose position determines a codingmodeThe 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 respectto the position of a corresponding reference element. The reference element islocated on either the coding line or the reference line. After the coding linehas been coded, it becomes the reference line for the next coding line. In orderto limit the facsimile transmission error, a Modi�ed Human coded line (i.e.,one-dimensional coded line) is sent periodically. This period is referred to as21



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 beany 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-dimensionalcoding.In the 2D CCITT Standard coding, there are �ve changing picture elementas listed following :Changing Element De�nitiona0 The reference element on the coding linea1 The next changing element to the right of a0 onthe coding linea2 The next changing element to the right of a1 onthe coding lineb1 The next changing element on the reference lineto the right of a0 and of opposite colour of a0b2 The next changing element to the right of b1 onthe reference lineAt the starting of the coding line, the changing element a0 is �rst set onan imaginary white changing element located just before the �rst element onthe coding line. During the encoding, the position of a0 is determined by theprevious coding mode.An example of these �ve changing elements is shown in Figure 14.
a 0

a 1 a
2

b
2b 1

Figure 14 : An example of changing picture elementsIn the 2D CCITT Standard, there are three coding modes : Pass Mode(P), Vertical Mode (V), and Horizontal Mode (H). Depending on the positionof a changing element along the coding line, one of three coding modes can beidenti�ed. These three coding modes are listed following :Coding Mode ConditionPass Mode When the position of b2 lies to the left of a1Vertical Mode When the relative distance between a1 and b1 isless than or equal to 3Horizontal Mode When neither pass mode nor vertical modeoccur 22



In the vertical Mode, depending on the relative distance between a1 and b1,seven possible cases can be identi�ed :� V (0) : a1 just under b1,� VR(1) : a1 one pixel to the right of b1,� VR(2) : a1 two pixel to the right of b1,� VR(3) : a1 three pixel to the right of b1,� VL(1) : a1 one pixel to the left of b1,� VL(2) : a1 two pixel to the left of b1,� VL(3) : a1 three pixel to the left of b1.Besides three modes, there is also an optional extension of two-dimensionalcoding scheme for an uncompressed mode.The code words for three coding modes (pass, horizontal and vertical codingmodes) can be �nd in [11]. Examples of these three coding modes are shown asin Figure 15.The coding 
ow chart of 2D CCITT Standard scheme is shown in Figure16 in appendix A.The decompression procedure can be implemented through searching a codetree for modi�ed READ code as shown in Figure 17.4.3 Modi�cationsSince our application is not a facsimile transmission, the �rst modi�cation is toremove all the bits needed for transmission. Thus, the EOL (End-Of-Line) andRTC (Return To Control) code word were removed. These code word are notneeded because the number of pixels in the image is constant and known to thedecoder by the code �le. Moreover, for the 2D CCITT Standard algorithm, theone-dimensionally coded line is sent periodically, in our implementation thisfeature was also removed. The �rst line of the image still has to be encodedby the one-dimensional algorithm since it is a reference line. It seems that theExtension mode is also not needed.The second important modi�cation was to extend these algorithms to copewith 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, whichallocates colours to regions, has to be built (as shown in Figure 18) and encodedin the header of the code �le.Each region plays the same role and is encoded in the same way. It is thechanging element a0 who determines the reference region. At the starting ofthe coding line, the changing element a0 is �rst set on an imaginary region (the�rst region in the look-up table) changing element located just before the �rstelement on the coding line. During the encoding of the coding line, the position23
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(e)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, VL(1).
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Gray Value Code word

000

001

010

011

100

101

34

78

90

210

167

124

Gray Value Code word

0

89

145

220

00

01

11

10

(a) (b)Figure 18 : Examples of a look-up table, which allocates coloursto regions for (a) 4 colours, (b) 6 colours.
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a0 is determined by the appropriate code mode. After encode of all region, bymapping gray-level to region indices, we use the original algorithm with theexception that the �rst di�erent colour encountered plays the role of the nextchanging element (see Figure 19).
a 0

a 1 a
2

b
2b 1

Figure 19 : An example of changing picture elements for gray-level valuesThe new coding 
ow chart for the gray-level values scheme is shown inFigure 20 in appendix A.
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Chapter 5Experiments and ResultsExperiments were carried out with the RGB and YUV colour models. We usedthe PPM format �le (Lenna.ppm) for the RGB model. Concerning the YUVmodel, 2 image sequence formats of di�erent sizes namely QCIF and CIF wereused. The QCIF format is of size 176 (width) by 144 (height), whereas theCIF format has images with the size 352 by 288. We used the �rst image �le(Akiyo.qcif and Akiyo.cif) for our experimentation.At �rst we present the results for the clustering and quantization algorithmsfollowed by the 2D CCITT Standard algorithm. A comparison with JPEGwill be made. To complete our experiments, we use a �lter namely MajorityFiltering described in appendix B.
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5.1 RGB Model with Lenna.ppm

Lenna.ppm Lenna.jpg

Lenna1 Lenna2

Lenna3 Lenna4
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File Description Size (in bytes)Lenna.ppm Original Image containing 47 red clusters,71 green clusters and 43 blue clusters 198163Lenna.jpg Lenna coding by JPEG 13847File Clustering and quantization 2D CCITTStandard (inbytes)Lenna1 Lenna with 12 red clusters, 18 greenclusters and 11 blue clusters 73639Lenna2 Lenna with 12 red clusters, 18 greenclusters and 11 blue clusters + majority�ltering 37530Lenna3 Lenna with 5 red clusters, 7 green clustersand 4 blue clusters 30522Lenna4 Lenna with 5 red clusters, 7 green clustersand 4 blue clusters + majority �ltering 15567We noticed that the quality of the image is good in comparison with thenumber of clusters :� Lenna1 and Lenna2 have 4 times less than the number of clusters of theoriginal image (Lenna.ppm).� Lenna3 and Lenna4 have 10 times less than the number of clusters of theoriginal image (Lenna.ppm).It is also interesting to notice the important e�ect of the Majority Filteringconcerning the compression : the size of the �ltering image is half that of thecorresponding un�ltered image. It is due to the fact that this �lter removessome pixels noising a region as shown in Figure 21 in appendix B. Thus the runlength of the data is larger.In comparison with the JPEG algorithm, our results are less satisfactory inthe quality of the image and in the compression ratio.
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5.2 YUV Model5.2.1 Qcif with Akiyo.qcif
Akiyo.qcif Akiyo.jpg
Akiyo1 Akiyo2
Akiyo3 Akiyo4
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5.2.2 Cif with Akiyo.cif

Akiyo.cif Akiyo.jpg

Akiyo5 Akiyo6

Akiyo7 Akiyo8
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File Description Size (in bytes)Akiyo.qcif Original Image containing 52 Y clusters,44 U clusters and 23 V clusters 38016Akiyo.jpg Akiyo coding by JPEG 2176File Clustering and quantization 2D CCITTStandard (inbytes)Akiyo1 Akiyo with 13 Y clusters, 11 U clustersand 6 V clusters 6538Akiyo2 Akiyo with 13 Y clusters, 11 U clustersand 6 V clusters + majority �ltering 4949Akiyo3 Akiyo with 5 Y clusters, 4 U clusters and2 V clusters 2188Akiyo4 Akiyo with 5 Y clusters, 4 U clusters and2 V clusters + majority �ltering 1656� Akiyo1 and Akiyo2 have 4 times less than the number of clusters of theoriginal image (Akiyo.qcif).� Akiyo3 and Akiyo4 have 10 times less than the number of clusters of theoriginal image (Akiyo.qcif).File Description Size (in bytes)Akiyo.cif Original Image containing 47 Y clusters,38 U clusters and 17 V clusters 152064Akiyo.jpg Akiyo coding by JPEG 5559File Clustering and quantization 2D CCITTStandard (inbytes)Akiyo5 Akiyo with 12 Y clusters, 10 U clustersand 4 V clusters 19524Akiyo6 Akiyo with 12 Y clusters, 10 U clustersand 4 V clusters + majority �ltering 13429Akiyo7 Akiyo with 5 Y clusters, 4 U clusters and2 V clusters 7760Akiyo8 Akiyo with 5 Y clusters, 4 U clusters and2 V clusters + majority �ltering 5156� Akiyo5 and Akiyo6 have 4 times less than the number of clusters of theoriginal image (Akiyo.cif).� Akiyo7 and Akiyo8 have 10 times less than the number of clusters of theoriginal image (Akiyo.cif).This time, we noticed that our compression ratio can be close or better thanJPEG to the detriment of the quality of the image. We still see the role of theMajority Filtering on the compression.32



Chapter 6ConclusionThe results concerning the clustering and quantization algorithms are rathersatisfactory and encouraging. The quality of the image is good in comparisonto 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 e�cient to just use the previous line toencode a image which means that we must encode the colour for a same regioneach time it is met. An e�ort can be made in this direction to encode a regionin one pass, thus an improvement in the compression ratio and/or the qualityof the image by taking more clusters.Lastly it will be interesting to use the methods presented to try to encodeimage sequences. We can easily use the advantages of the histograms. Forexample, if histograms of 2 images are su�ciently close, we can take one asa reference for both images. We could afterwards use the notion of motionestimation to encode image sequences.
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Appendix A
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ow chart
34



EOL+0

Start

EOL+1

Put a0 just before first pixel

First line of

K lines ?

Detect a1

Detect b1

Detect b2

of a1 ?

b2 to the left

|a1 b1| < 4 ?

Detect a2

Put a0 on a2

Horizontal mode coding

Vertical mode coding

Put a0 on a1

Pass mode coding

Put a0 just under b2

End of Line ?

End of Image ?

EOL

RTC End

One-dimensional coding

Yes

No

No

Yes

No

Yes

No

Yes

Yes

No

Figure 16 : 2D CCITT Standard coding 
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Appendix BMajority FilteringThe idea of this �lter is very simple. For each pixel in the image, create a localhistogram and assign the most common into the pixel as shown in Figure 21.
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Figure 21 : An example using the Majority Filtering
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