
SEGMENTATION ALGORITHM BY MULTICRITERIA REGIONMERGINGB. MARCOTEGUICentre de Morphologie Math�ematique, Eole des Mines de Paris35, rue Saint-Honor�e, 77305 Fontainebleau Cedex, Franetel : 64 69 47 06 Email : marotegui�mm.ensmp.frAbstrat. This paper presents a segmentation algorithm for image sequenes, by multiriteriaregion merging. The output of a onneted �lter is simpli�ed by iteratively merging the two mostsimilar adjaent regions, while a given representation quality is preserved. We have de�ned severalregion-similitude riteria: grey-level, texture and motion resemblane. Texture and motion riteriaintrodue a feedbak \segmentation-oding step" that improves oding eÆieny.Key words: segmentation, region merging, image sequenes, image oding1. IntrodutionAn objet-oriented image ompression system splits up the image to be oded intoregions that orrespond as muh as possible to the objets present in the sene.Then, the ontours of the partition and the ontent of eah region are separatelyoded.Usually segmentation and oding steps are two independent stages, whih anlead to two undesirable situations:� the partition ontains several regions that would have been orretly oded asone region with a lower oding ost;� the partition is too poor and the texture oding does not represent orretlythe ontent of the regions.The algorithm presented in this paper introdues a feedbak between the segmen-tation and the oding steps, improving the ode eÆieny. The idea is to merge theregions that are satisfatorily represented together. The gain in oding ost omesfrom the fat that:� only one set of texture or motion parameters is used to desribe the resultingregion;� ontour pixels (whih must be oded) \disappear" in the merging proess.Thus, the oding ost is redued while the visual quality is not signi�antly a�eted.We have developed a region merging algorithm, able to use various types ofriteria. Several merging riteria, taking into aount oding information, have beenintegrated.The algorithm is applied to image sequenes and we an distinguish two di�erentworking modes:� INTRA mode, or initializing mode. The whole sene is unknown and must beentirely oded.



2 B. MARCOTEGUI� INTER mode, only hanges with respet to the previous time are transmitted.The evolution of the objets of the sene are oded by means of a motion vetor,next the predition error is orreted.We will refer to both modes in the following.Setion 2 desribes the implemented region merging algorithm. Setion 3 de-sribes the onditions in whih the algorithm is applied. Setion 4 presents thedi�erent merging riteria we have developed. The results are illustrated in se-tion ??.2. Region Merging AlgorithmThe at-zones (regions) of an image are the largest onneted omponents of pixelspossessing the same funtion value. An original image ontains a large amountof small at-zones and segmentation onsists in produing larger zones in smallernumber.The main harateristi of onneted operators [?℄ is that they proess at-zonesinstead of isolated pixels. This has two major advantages:� The merging of at zones removes existing ontours but never generates newones. This fat allows the preservation of the objet shapes.� After a ertain number of fusions, based on a simple riterion suh as on-trast, the resulting regions may aept more omplex attributes than pixels, forexample a texture or a motion representation.The region merging algorithm onsists in iteratively merging the two most similaradjaent at-zones until a stop riterion is reahed (similitude measure and stopriterion will be de�ned in the following). These suessive fusions de�ne a seriesof partitions that desribe the image with a dereasing preision degree: it is abottom-up segmentation algorithm.The algorithm needs to handle easily all the possible fusions of an image. It anbe implemented in an eÆient way with a graph struture whose verties and edgesare valuated. When assoiating a graph to a segmented image, verties representthe segmented regions and edges the neighborhood relations among them. Figure. 1shows the relationship between images and graphs.
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(a) Input Image (b) AssoiatedgraphFig. 1. Images and GraphsEdges orrespond to the pairs of adjaent regions. Their valuations, whih orre-



SEGMENTATION ALGORITHM BY MULTICRITERIA REGION MERGING 3spond to a measure of similarity between two adjaent regions, provide the mergingpriority: the edge of lowest valuation will be the �rst edge to be removed beause itseparates the two most similar regions.The algorithm an be split up into the following steps:� Compute the graph assoiated with the input image� Valuate the edges of the graph aording to a merging priority� Find the lowest valuation edge and:= merge the regions orresponding to the edge, that is, remove the edge fromthe graph= update the similarity measure of edges around the resulting new regionIterate this point until reahing the stop riterion� Generate the image assoiated with the new graphHierarhial queues [?℄ are used to store the ranking order of edges so that theyan be eÆiently aessed in inreasing order of their valuation.The region merging algorithm needs a stop riterion in order not to redue theimage to one region. This riterion may be one of the following: a number of outputregions, a number of output ontour points, a ompression rate (a ombination of thenumber of regions and of the number of ontour points), another riterion (dependingon the merging riterion).3. Appliation of the algorithm3.1. Pre-proessingThe algorithm applied diretly to an original image has two major drawbaks:� it leads to an expensive implementation in terms of omputation time.� it preserves a lot of regions of only one pixel that do not orrespond to importantdetails of the image but to noise or to strong transitions.Both drawbaks are avoided by means of a pre-proessing step. We use onneted�lters of Mathematial Morphology (i.e. �lters by reonstrution, area �lters [?℄...)that remove small details (essentially noise) produing at-zones. Sine these �ltersonly at on the extrema of the image, very small at-zones remain in transitionareas; they are then assigned to larger adjaent at-zones, on the basis of a ontrastriterion. The result of this proedure is a �rst partition with a large number ofregions.3.2. Proessing in \intra"-modeThe region merging algorithm produes an intra-segmentation avoiding the tradi-tional problem of morphologial segmentation: \the a priori marker seletion". Infat, in a oding ontext, a good segmentation is the one that gives the best visualquality at the lowest oding ost; it is not easy to derive from this riterion a setof markers for generi images. This is why we have investigated a method whih,instead of starting the merging proess from a set of markers, allows to merge anytwo adjaent regions (as proposed in [?℄). The merging riteria may then take intoaount the representation and oding power of the subsequent stages of the ode:two adjaent regions whih may be represented by a unique texture model should be



4 B. MARCOTEGUImerged. Coding them as separate entities would unneessarily inrease the odingost.3.3. Proessing in \inter"-modeIn video oding, a good time stability in the segmentation is the key for obtaininghigh ompression rates. The reason is that a oherent time segmentation an beorretly predited by means of motion ompensation whereas any new objet in thesene has to be fully desribed and oded. In order to obtain time stability we use twosuessive frames as in [?℄; the �rst frame ontains the previous segmentation, theseond the urrent frame. In [?℄ previous regions are extended into the urrent time(step alled \projetion") and afterwards markers of new regions are extrated fromthe residue and added to the segmentation. The advantage of this approah is thetime stability imposed by the projetion step (a region growing algorithm taking asmarkers the previous segmented regions). On the other hand, new regions require amarker extration from the residue, that is a omplex problem in a general ase. Theregion merging algorithm avoided this problem. It produes a segmentation withoutarti�ially imposing a set of markers. We ombine the advantages of both methodsin the following way: we introdue in the region merging algorithm the notion ofmarker, signaling an important region. Thus, all marked regions will be presentin the �nal segmentation. In ontrast with a region growing algorithm, the regionmerging algorithm allows the presene of not marked regions in the segmentation. Inother words, in a region merging algorithm with markers, any two adjaent regionsan merge, exept if both are markers. Thus, regions that are non marked mayrystalize independently from markers.In order to segment an image sequene we use a region merging algorithm takingas markers the regions of the previous segmentation. The results of this proedureare the following:� regions of frame t � 1 are \projeted" into frame t (by fusions of regions t � 1with regions t).� new regions may spontaneously appear by independent rystallization in theurrent time (fusions of regions t), without an external marker seletion.Table I summarizes the behavior of region growing and region merging algorithms.Region Growing Region MergingMarker with Non-Marker Allowed Fusion Allowed FusionNon-Marker with Non-Marker Forbidden Fusion Allowed FusionMarker with Marker Forbidden Fusion Forbidden FusionTABLE IBehavior of Region Growing Algorithm and Region Merging AlgorithmWith MarkersWe have desribed the region merging algorithm and its framework. Now we willpresent the implemented merging riteria.



SEGMENTATION ALGORITHM BY MULTICRITERIA REGION MERGING 54. Merging Criteria4.1. Contrast based mergingThe ontrast riterion is the simplest one, and it is used at the �rst stages of simpli-�ation of an input image. The edge valuation is the grey level di�erene betweentwo adjaent regions.4.2. Texture based mergingThe idea is to merge those regions whose union is orretly represented by thetexture model used in the ode. In this way the oding ost is redued whereasvisual quality is not signi�antly a�eted [?℄. To do so, we need a measure thatvaluates the texture resemblane of adjaent regions.4.2.1. Texture resemblane measures of adjaent regionsResemblane of texture parameters This measure is based on the omparisonof the texture parameters themselves. Sine the texture parameters we use aredependent on the shape of the regions (i.e. orthogonal polynomials) this measure isnot adapted to our purposes.Loss of quality aused by a fusion When two regions merge, only one set oftexture parameters (instead of one set by region) represents the union of them. Thisfat leads to a loss of quality. If we merge regions with the smallest loss of quality, weobtain a segmentation optimized from the point of view of the quality of its regions.The problem of this measure is that it is based on a relative riterion. The sameloss of quality is allowed for regions of initial good quality as well as for those whoseinitial quality was poor. The result is an image of inhomogeneous quality in whihdefets are aentuated.Quality of adjaent regions after fusion This measure is based on the repre-sentation quality of regions after fusion. In ontrast with the previous measure, itprodues images of homogeneous quality, whih leads to better visual aspets. Thisis the riterion we are going to use in the following. The quality estimation aftera fusion is not omputed on the resulting merged region. Quality is independentlyestimated in eah of both regions and their minimum is onsidered. Otherwise,small regions would be highly damaged when merging with bigger ones, beausetheir ontribution to the error would be negligible.4.2.2. Region merging algorithm based on textureThe exhaustive algorithm that maximizes the �nal quality for a given ompressionrate would be:� �nd the ouple of regions whose merging preserves the best quality.� merge them.� reevaluate edges around the new region.� iterate.



6 B. MARCOTEGUIHowever, the omputational ost forbids this solution. It requires the ompu-tation of a texture model for eah ouple of adjaent regions. As a suboptimal(and pratial) solution, a non exhaustive searh algorithm is implemented. Neigh-borhood graph edges are valuated with a simple similarity measure (i.e. ontrastriterion) and onsidered one by one in inreasing order of this valuation. Beforeremoving an edge (merging two regions), the merging is validated by a quality ri-terion: if the quality after fusion is satisfatory, the merger is performed; otherwise,both regions remain as two di�erent regions in the �nal segmentation.4.3. Motion based mergingThe oding of an image in INTER mode onsists in ompensating in motion the pre-vious oded image and next in oding the predition error (of ontours and texture).Thus, we need a motion vetor for eah segmented region. But if several regions havea oherent motion (whih is frequently the ase), they an be orretly ompensatedtogether, with the onsequent redution of the oding ost (less ontour pixels, lessmotion vetors and less parameters of texture orretion).To implement this riterion we have to fae the same problems than in the pre-vious setion. The solutions we have adopted are the following:� we have to de�ne a motion similarity riterion: motion resemblane valuationis based on the ompensation quality after their fusion. Quality is estimatedindependently on both regions and the min of them is onsidered.� due to the fat that the omputation of a motion vetor for eah ouple ofadjaent regions leads to an expensive algorithm in terms of omputationaltime, we have implemented a suboptimal algorithm. Instead of alulating amotion vetor for a ouple of regions, we onsider ~v1 (motion vetor of R1) and~v2 (motion vetor of R2) as two approximations of ~v (motion vetor of R1[R2)and we hoose between them the one that leads to a better ompensation quality.Figure 2 illustrates this proedure.
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Fig. 2. Suboptimal omputation of the ompensation quality after fusion.



SEGMENTATION ALGORITHM BY MULTICRITERIA REGION MERGING 75. ResultsSimulations have been performed using Foreman test sequene in QCIF format (176x 144).Fig. ?? shows intermediate stages of the intra segmentation. Fig ??(a) ontainsthe original image and �g. ??(b) the oversegmentation, with 735 regions, obtainedafter the pre-proessing stage. We apply to this oversegmentation a region mergingalgorithm based on ontrast and the resulting segmentation (�g. ??()) ontains 99regions. This image is simpli�ed by a texture based merging: regions whose qualityafter fusion are over 29 dB are merged. The resulting segmented image ontainsonly 52 regions while the quality of the oded image is not signi�antly a�eted.An example of the motion based region merging algorithm is presented in �g-ure ??. Figures ??(a) and (b) show the two original images. Using bakward motionestimation of [?℄ with the segmentation of �gure ??() (92 regions) we obtain theimage of �gure ??(d). The quality of this ompensation is 28.5 dB. Merging thoseregions that an be ompensated together we obtain the segmentation of the �g-ure ??(e) (35 regions). The resulting ompensated image is presented in �gure ??(f).Its quality is 26.7 dB.
(a) Original Image () Result of ontrastbased fusions (e)Result of texturebased fusions

(b) Pre-proessed Image (d) Coded image usingsegmentation() (f)Coded image usingsegmentation(e)Fig. 3. Texture simpli�ation6. ConlusionA region merging algorithm has been implemented that gives a great exibility tointrodue omplex riteria in the segmentation stage. We have presented riteria thattake into aount oding information in order to improve the eÆieny of the ode.
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(a) Original Image 1 ()Segmentation of image(b) (e) Motion simpli�ed seg-mentation
(b) Original Image 2 (d)Compensated Imageusing segmentation () (f)Compensated Imageusing segmentation (e)Fig. 4. Motion simpli�ation.For the segmentation of a real image we use a ombination of these riteria. Fusionriteria are used one after the other in inreasing order of omplexity: ontrast-based merging produes a �rst segmentation that is simpli�ed by texture and motionriteria.Finally, we have ombined the advantages of a marker approah with the re-gion merging algorithm in order to produe stable segmentations in time for imagessequenes.Referenes1. LEP. First results of motion predition based on a di�erential estimation method. InSIM(94) 35 COST 211, Tampere, June 1994.2. B. Marotegui, J. Crespo, and F. Meyer. Morphologial segmentation using texture and odingost. IEEE Workshop on Non Linear Signal/Image Proessing, Juin 1995.3. F. Meyer. Algorithmes �a base de �les d'attente hi�erarhique. Tehnial Report NT-46/90/MM,Eole des Mines de Paris, Centre de Morphologie Math�ematique, September 1990.4. O. Monga. Segmentation d'Images par Croissane Hi�erarhique de R�egions. PhD thesis,Universit�e Paris Sud. Centre d'Orsay, 1988.5. M. Pard�as and P. Salembier. Time-reursive segmentation of image sequenes. In EUSIPCO-94,Edinburgh, Sept 1994.6. J. Serra and P. Salembier. Conneted operators and pyramids. In Proeedings of SPIE, SanDiego, 1993.7. L. Vinent. Greysale area openings and losings, their eÆient implementation and applia-tions. In Workshop on Mathematial Morphology, Barelona, pages 22{27, May 1993.


