The SR-tree: An Index Structure for High-Dimensional Nearest Neigh b or Queries � Norio Kata y ama Researc h and Dev elopmen t Departmen t NA CSIS (National Center for Science Information Systems) k ata y ama@rd.nacsis.ac.jp Shin’ic hi Satoh Researc h and Dev elopmen t Departmen t NA CSIS (National Cen ter for Science Information Systems) satoh@rd.nacsis.ac.jp Abstract Recen tly , similarit y queries on feature v ectors ha v e b een widely used to p erform con ten t-based retriev al of images. T o apply this tec hnique to large databases, it is required to de- v elop m ultidimensional index structures supp orting nearest neigh b or queries e�cien tly . The SS-tree had b een prop osed for this purp ose and is kno wn to outp erform other index structures suc h as the R*-tree and the K-D-B-tree. One of its most imp ortan t features is that it emplo ys b ounding spheres rather than b ounding rectangles for the shap e of re- gions. Ho w ev er, w e demonstrate in this pap er that b ounding spheres o ccup y m uc h larger v olume than b ounding rectan- gles with high-dimensional data and that this reduces searc h e�ciency . T o o v ercome this dra wbac k, w e prop ose a new index structure called the SR-tree (Sphere/Rectangle-tree) whic h in tegrates b ounding spheres and b ounding rectan- gles. A region of the SR-tree is sp eci�ed b y the in tersec- tion of a b ounding sphere and a b ounding rectangle. In- corp orating b ounding rectangles p ermits neigh b orho o ds to b e partitioned in to smaller regions than the SS-tree and im- pro v es the disjoin tness among regions. This enhances the p erformance on nearest neigh b or queries esp ecially for high- dimensional and non-uniform data whic h can b e practical in actual image/video similarit y indexing. W e include the p erformance test results that v erify this adv an tage of the SR-tree and sho w that the SR-tree outp erforms b oth the SS-tree and the R*-tree. 1 Intro duction Recen tly , similarit y queries on feature v ectors ha v e b een widely used to p erform the con ten t-based retriev al of images [1]. T o apply this tec hnique to large databases, it is required to dev elop m ultidimensional index structures e�cien tly sup- p orting nearest neigh b or queries. F or example, the Infor- media pro ject [2], a digital video library pro ject at Carnegie Mellon Univ ersit y , is w orking to incorp orate the con ten t- � This w ork is based on the researc h activit y while the authors had b een visiting at the Rob otics Institute, Carnegie Mellon Univ ersit y . Norio Kata y ama had visited at the Rob otics Institute from Marc h 18 to April 3, 1996 b y the supp ort of JSPS (Japan So ciet y for the Promotion of Science). Shin’ic hi Satoh had b een a visiting researc her at the Rob otics Institute, Carnegie Mellon Univ ersit y , from April 1995 to April 1997. Cop yrigh t c 1997 b y the Asso ciation for Computing Mac hinery , Inc. P er- mission to make digital or hard copies of part or all of this work for p ersonal or classro om use is gran ted without fee provided that copies are not made or distributed for pro�t or commercial adv an tage and that copies b ear this notice and the full citation on the �rst page. Cop yrigh ts for comp onen ts of this work o wned by others than A CM m ust b e honored. Abstracting with credit is p ermitted. T o copy otherwise, to republish, to p ost on servers, or to redistribute to lists, requires prior sp eci�c p ermission and/or a fee. Request p ermissions from Publications Dept, ACM Inc., fax +1 (212) 869- 0481, or p ermissions@acm.org. This pap er has b een published in the Pro ceedings of the 1997 A CM SIGMOD International Conference on Managemen t of Data, 13{15 Ma y 1997, T ucson, Arizona. based retriev al capabilit y in to its digital video library and exp ecting the dev elopmen t of an index structure e�cien t for similarit y queries on ten or more dimensional feature v ectors. A feature v ector is extracted from image c harac- teristics, e.g., h ue, saturation, in tensit y , texture, etc., and stored in a database along with images. Similarit y queries are p erformed b y conducting nearest neigh b or queries in the feature v ector space. A set of the images similar to a par- ticular image can b e retriev ed b y searc hing feature v ectors close to that of the giv en image. The SS-tree [3] had b een prop osed for this purp ose and is kno wn to outp erform other index structures suc h as the R*- tree [4] and the K-D-B-tree [5] in high-dimensional nearest neigh b or queries. One of its most imp ortan t features is that it emplo ys b ounding spheres rather than b ounding rectan- gles for the shap e of regions. The cen ter of a sphere is the cen troid of underlying p oin ts and the SS-tree divides p oin ts in to isotropic neigh b orho o ds b y utilizing cen troids in the tree construction algorithm. Ho w ev er, w e demonstrate in this pap er that b ounding spheres o ccup y m uc h larger v olume than b ounding rectangles with high-dimensional data and that this reduces searc h e�ciency . T o o v ercome this dra w- bac k, w e prop ose a new index structure called the SR-tree (Sphere/Rectangle-tree) whic h in tegrates b ounding spheres and b ounding rectangles. The approac h of the SR-tree is a kind of region shap e re- �nemen t whic h can b e found in the P-tree [6] and in the re- gion appro ximation metho d of the spatial join algorithm [7]. The former emplo ys m ultiple b ounding rectangles with dif- feren t orien tations and comp oses p olyhedra regions b y their in tersection. The resultan t p olyhedra region is smaller than a single b ounding rectangle and ac hiev es b etter selectivit y in the searc h. The latter exploits the use of con v ex h ulls, el- lipses, circles, etc., to ac hiev e more accurate appro ximation of spatial ob jects than using minim um b ounding rectangles. The distinctiv e feature of the SR-tree is that it sp eci- �es a region b y the in tersection of a b ounding sphere and a b ounding rectangle. The in tro duction of b ounding rectan- gles p ermits neigh b orho o ds to b e partitioned in to smaller re- gions than the SS-tree and impro v es the disjoin tness among regions. This enhances the p erformance on nearest neigh- b or queries esp ecially for high-dimensional and non-uniform data whic h can b e practical in actual image/video similarit y indexing. W e include the p erformance test results to v erify this adv an tage of the SR-tree and sho w that the SR-tree outp erforms b oth the SS-tree and the R*-tree. This pap er is organized as follo ws. Section 2 describ es related w ork. Section 3 compares b ounding spheres with b ounding rectangles b y sho wing the result of p erformance tests and discussing their prop erties. In Section 4, w e presen t the new index structure, SR-tree, and ev aluate its p erfor- mance in Section 5. Section 6 con tains conclusions. 1

Figure 1: The R*-tree structure 2 Related W o rk 2.1 The K-D-B-T ree The K-D-B-tree [5] is an index structure for m ultidimen- sional p oin t data. It is a heigh t-balanced tree similar to the B + -tree and its tree structure is constructed b y divid- ing the searc h space in to subregions with co ordinate planes recursiv ely . No des and lea v es corresp ond to subregions and a disk blo c k is allo cated for eac h of them. The distinctiv e c haracteristics of the K-D-B-tree is the disjoin tness among subregions on the same tree lev el. This mak es the searc h path of a p oin t query to b e a single branc h from the ro ot to a leaf. Therefore, the searc h time of a p oin t query is de�nitely logarithmic to the size of a data set. Ho w ev er, the forced splits, i.e., the propagation of splits from a no de to its descendan ts, are required to k eep the disjoin tness among sibling regions. A forced split o ccurs when a region of an in termediate no de is divided crossing its c hild regions. It can cause the creation of empt y or nearly empt y lea v es and no des. Therefore, the K-D-B-tree cannot ensure the minim um storage utilization. This reduces the p erformance of the K-D-B-tree on range queries and nearest neigh b or queries. 2.2 The R*-T ree The R*-tree [4], the most successful v arian t of the R-tree [8], is a m ultidimensional index structure for rectangle data. It is a heigh t-balanced tree corresp onding to a hierarc h y of nested rectangles. No des and lea v es corresp ond to rectangles in the hierarc h y and a disk blo c k is allo cated for eac h of them. The rectangle of a no de is determined b y the minim um b ounding rectangle of those of its c hildren. The rectangle of a leaf is determined b y the minim um b ounding rectangle of the data en tries con tained in that leaf. Therefore, the rectangle of the ro ot no de corresp onds to the minim um b ounding rectangle of the whole data en tries, while the rectangle of an in terme- diate no de corresp onds to the minim um b ounding rectangle of the data en tries con tained in its lo w er lea v es. The R*-tree impro v es the p erformance of the R-tree b y mo difying the insertion and the split algorithm and b y in- tro ducing the forced reinsertion mec hanism. Although the R-tree and the R*-tree is originally designed for rectangles, it can b e used solely for p oin ts (Figure 1) and kno wn to b e e�ectiv e also as a p oin t access metho d [4]. The R-tree and the R*-tree are di�eren t from the K-D-B-tree in the fol- lo wing resp ects: (1) the regions asso ciated with the no des and the lea v es are determined b y b ounding rectangles rather than disjoin t subregions and (2) the regions of the R-tree and the R*-tree are allo w ed to o v erlap eac h other. Because sibling regions can o v erlap eac h other, the searc h time of a p oin t query dep ends to the amoun t of o v erlap and is not determined b y the heigh t of the tree. On the other hand, the R-tree and the R*-tree can ensure the minim um storage utilization, b ecause they require no forced split. Figure 2: The SS-tree structure 2.3 The SS-T ree The SS-tree [3] is an index structure designed for similarit y indexing of m ultidimensional p oin t data. It is an impro v e- men t of the R*-tree and enhances the p erformance of nearest neigh b or queries b y mo difying the follo wing resp ects. Firstly , it emplo ys b ounding spheres rather than b ound- ing rectangles for the region shap e (Figure 2). The cen ter of a sphere is the cen troid of underlying p oin ts and the SS- tree p ermits to divide p oin ts in to isotropic neigh b orho o ds b y utilizing cen troids in the tree construction algorithms, i.e., the insertion algorithm and the split algorithm. On the insertion of a p oin t, the insertion algorithm determines the most suitable subtree to accommo date the new en try b y c ho osing a subtree whose cen troid is the nearest to the new en try . When a no de or a leaf is full, the split algo- rithm calculates its co ordinate v ariance on eac h dimension from the cen troids of its c hildren and c ho oses the dimension with the highest v ariance for splitting it. These algorithms divide p oin ts in to isotropic neigh b orho o ds and enhance the p erformance on nearest neigh b or queries. Another adv an- tage of using b ounding spheres for the region shap e is that it only requires nearly half storage compared to b ounding rectangles. Since a sphere is determined b y the cen ter and the radius, it can b e represen ted with as man y parameters as the dimensionalit y plus one. On the other hand, the n um b er of parameters required for a rectangle is the double of the dimensionalit y , b ecause a rectangle is determined b y the lo w er and the upp er b ound of ev ery dimension. This adv an tage p ermits almost doubling the fanout of no des and reduces the heigh t of trees. Secondly , the SS-tree mo di�es the forced reinsertion mec h- anism of the R*-tree. When a no de or a leaf is full, the R*- tree reinserts a p ortion of its en tries rather than splits it, unless reinsertion has b een made on the same tree lev el. On the other hand, the SS-tree reinserts en tries unless reinser- tion has b een made at the same no de or leaf. This promotes the dynamic reorganization of the tree structure. 2.4 The V AMSplit R-T ree The V AMSplit R-tree [9] is an optimized R-tree, i.e., it is constructed in the top-do wn manner with a giv en data set. The tree construction algorithm of the V AMSplit R-tree is based on that of the k-d tree [10], a main memory index structure for m ultidimensional p oin ts. The V AMSplit R-tree constructs a tree structure b y partitioning p oin ts recursiv ely with a co ordinate plane whic h is orthogonal to the dimension with the highest v ariance. This split algorithm has b een used b y the optimized k-d trees [11]. The V AMSplit R-tree applies this algorithm to the R-tree and re�nes the w a y of selecting a split p oin t to guaran tee the minim um n um b er of disk blo c ks to b e used. According to the result rep orted in [9], the V AMSplit R-tree outp erforms b oth the R*-tree and 2 the SS-tree. 2.5 The TV-T ree The TV-tree [12] impro v es the p erformance of the R*-tree for high-dimensional feature v ectors b y emplo ying the reduc- tion of dimensionalit y and the shift (telescoping) of activ e dimensions. Dimensionalit y is reduced b y ordering dimen- sions based on their imp ortance and b y activ ating only a few of more imp ortan t dimensions for indexing. The shift of activ e dimensions o ccurs when feature v ectors in a sub- tree ha v e the same co ordinate on the most imp ortan t ac- tiv e dimension. Then, that dimension is made inactiv e and the less imp ortan t dimension is newly activ ated for index- ing. This approac h is e�ectiv e for suc h feature v ectors that satis�es the follo wing conditions: (1) dimensions can b e or- dered b y their signi�cance and (2) there exist suc h feature v ectors that allo w the shift of activ e dimensions. As men- tioned in [3], the second condition do es not alw a ys hold for real-v alued feature v ectors b ecause their co ordinates usually ha v e wide div ersit y . If the second condition do es not hold, the e�ectiv eness of the TV-tree results in only the reduc- tion of dimensions whic h can b e commonly applied to other index structures. Th us, the e�ectiv eness of the TV-tree is dep enden t to applications. 2.6 The X-T ree The X-tree [13] is a v arian t of the R*-tree and impro v es the p erformance of the R*-tree b y emplo ying the o v erlap- free split and the sup erno de mec hanism. The o v erlap-free split enables the searc h space to b e divided in to disjoin t re- gions lik e the K-D-B-tree and impro v es the p erformance of p oin t queries. A sup erno de is an o v ersized no de whic h is arranged to circum v en t the o v erlap among no des and en- hances the I/O throughput for reading and writing no des. These approac hes are not incompatible with the SR-tree. The e�ectiv eness of these metho ds for the SR-tree is an op en question. 3 Bounding Rectangles vs. Bounding Spheres 3.1 P erfo rmance T est W e ev aluated the p erformance of the m ultidimensional in- dex structures, the K-D-B-tree, the R*-tree, the SS-tree, and the V AMSplit R-tree, to clarify their adv an tages and disadv an tages. The follo wing t w o data sets w ere used for the p erfor- mance test: (1) uniform data set (2) real data set Eac h data set consists of 16 dimensional p oin ts. The uniform data set is a syn thetic data set whic h consists of the p oin ts distributed uniformly in the range [0, 1) on eac h dimension. The real data set consists of the real feature v ec- tors of images whic h are 16-elemen t histograms computed o v er a quan tized v ersion of the color space. W e constructed indices for these data sets and measured the CPU time and the n um b er of disk reads on nearest neigh- b or queries. W e emplo y ed the nearest neigh b or searc h algo- rithm presen ted in [14]. A query is to �nd the nearest 21 p oin ts relativ e to a particular p oin t in the data set. The result w as ev aluated as the a v erage of 1,000 random trials. T able 1: The maxim um n um b er of en tries in a no de and in a leaf Index No de Leaf K-D-B-tree 30 10 R*-tree 31 10 V AMSplit R-tree 31 10 SS-tree 56 12 SR-tree 20 12 T able 2: T ree heigh ts (uniform data set) Index Data set size ( � 1000) 10 20 30 40 50 60 70 80 90 100 K-D-B-tree 4 4 4 4 4 4 5 5 5 5 R*-tree 4 4 4 4 4 4 4 4 4 4 V AMSplit R-tree 4 4 4 4 5 5 5 5 5 5 SS-tree 3 3 4 4 4 4 4 4 4 4 SR-tree 4 4 4 4 5 5 5 5 5 5 T able 3: T ree heigh ts (real data set) Index Data set size ( � 1000) 2 4 6 8 10 12 14 16 18 20 K-D-B-tree 3 4 4 4 4 4 4 4 4 4 R*-tree 3 3 4 4 4 4 4 4 4 4 V AMSplit R-tree 3 4 4 4 4 4 4 4 4 4 SS-tree 3 3 3 3 3 3 3 3 3 3 SR-tree 3 4 4 4 4 4 4 4 4 4 All tests are computed on a Sun Microsystems w ork- station, SP AR Cstation-20 (CPU: Hyp erSP AR C 125 MHz, main memory: 224 Mb ytes, OS: Solaris 2.4). All programs are implemen ted in C++ � . The size of no des and lea v es is set to 8192 b ytes to meet with the disk blo c k size of the op- erating system. The size of the data area asso ciated to eac h leaf en try is 512 b ytes. The maxim um n um b er of en tries in a no de and in a leaf are sho wn in T able 1. F ollo wing the suggestion of the R*-tree [4] and the SS-tree [3], the mini- m um utilization parameter of eac h blo c k is set to 40% for all of the index structures and the reinsert fraction parameter of the R*-tree and the SS-tree is set to 30%. The heigh ts of the constructed trees are sho wn in T able 2 and 3. F or K-D- B-trees, w e emplo y ed the split algorithm of the R + -tree [15], whic h is an extension of the K-D-B-tree to spatial ob jects, instead of the algorithm presen ted in [10], b ecause the cyclic c hoice of splitting dimensions presen ted in [10] is lik ely to cause forced splits as rep orted in [16]. The results for the uniform and the real data set are sho wn in Figure 3 and 4 resp ectiv ely . In these �gures, the graph (a) sho ws the CPU time and the graph (b) sho ws the n um b er of disk reads. The horizon tal axis indicates the size of the data set. The size v aries from 10,000 to 100,000 for the uniform data set and from 2,000 to 20,000 for the real data set. These results sho w that the V AMSplit R-tree outp er- forms the other index structures. Ho w ev er, the comparison b et w een the V AMSplit R-tree and the other index struc- tures is not necessarily fair, b ecause the V AMSplit R-tree is an optimized index structure taking adv an tage of full kno wl- edge of the data set while the others are designed to b e fully dynamic [9]. Among the dynamic index structures, the SS- tree exhibits the b est p erformance and p erforms m uc h b etter than the R*-tree and the K-D-B-tree. This supp orts the re- sults rep orted in [3] and the sup eriorit y of the SS-tree to the R*-tree is con�rmed. � The C++ library of the SR-tree is a v ailable with the C and the C++ language in terface. Please, con tact the authors to try the SR- tree. 3

(a) CPU time (b) Num b er of disk reads Figure 3: P erformance of K-D-B-trees, R*-trees, SS-trees, and V AMSplit R-trees (uniform data set) (a) CPU time (b) Num b er of disk reads Figure 4: P erformance of K-D-B-trees, R*-trees, SS-trees, and V AMSplit R-trees (real data set) 3.2 Prop erties of Bounding Rectangles The signi�can t feature of the test results in Section 3.1 is the sup eriorit y of the SS-tree to the R*-tree and the K-D- B-tree. The SS-tree p erforms m uc h b etter than b oth the R*-tree and the K-D-B-tree esp ecially for the real data set. The SS-tree is ab out four times faster than the R*-tree. This sup eriorit y can b e explained b y the follo wing prop- erties of the SS-tree and the R*-tree: � The SS-tree divides p oin ts in to isotropic neigh b orho o ds b y utilizing b ounding spheres. � The R*-tree divides p oin ts in to small regions b y uti- lizing b ounding rectangles. T o v erify these prop erties, w e measured the v olumes and the diameters of the leaf-lev el regions of the SS-trees and the R*-trees constructed for the uniform data set in Section 3.1. Here, the diameter of a region means the diameter of a b ounding sphere for the SS-tree and the diagonal of a b ounding rectangle for the R*-tree. The results are sho wn in Figure 5. Figure 5-(a) and 5-(b) graph the a v erage v olume and the a v erage diameter resp ectiv ely . These results sho w that the a v erage v olume of b ounding rectangles is m uc h smaller than that of b ounding spheres. The former is ab out 2% of the latter. By con trast, the a v- erage diameter of b ounding rectangles is m uc h longer than that of b ounding spheres. The former is ab out 2.5, while the latter is ab out 1.5. Th us, the SS-tree divides p oin ts in to short-diameter regions, while the R*-tree divides p oin ts in to small-v olume regions. This is wh y the SS-tree outp erforms the R*-tree. Since the diameter of regions has more in uence on the p erformance of nearest neigh b or queries than their v olumes, the SS-tree, whose a v erage diameter is smaller than that of the R*-tree, exhibits b etter p erformance on nearest neigh b or queries. It ma y seem strange that a region with a smaller v olume has a m uc h longer diameter. Ho w ev er, it is p ossible for a rectangle in high-dimensional space, b ecause the di�erence b et w een its edge length and its diagonal length gro ws as the n um b er of dimensions increases. F or example, the diago- nal length of a D -dimensional unit cub e is p D though its edge length is just one, e.g., p 2 for a 2-dimensional unit square and 4 for a 16-dimensional unit h yp ercub e. There- fore, a b ounding rectangle do es not necessarily ha v e a short diameter ev en if its v olume is small. With the ab o v e measuremen t and the consideration, w e can conclude that the reason of the sup eriorit y of the SS- tree is the shortness of region diameters and that a b ounding rectangle of the R*-tree su�ers from the di�erence b et w een 4

(a) V olume (b) Diameter Figure 5: The a v erage v olume and the a v erage diameter of the leaf-lev el regions of the SS-trees and the R*-trees constructed for the uniform data set Figure 6: The a v erage v olume and the a v erage diameter of the leaf-lev el regions of the SS-trees constructed for the uniform data set its edge length and its diagonal length in high-dimensional space. 3.3 Prop erties of Bounding Spheres The SS-tree outp erforms the R*-tree b y emplo ying a b ound- ing sphere whose cen ter is the cen troid of underlying p oin ts. Ho w ev er, as sho wn in Figure 5-(a), the b ounding spheres of the SS-tree o ccup y m uc h larger v olume than the b ounding rectangles of the R*-tree. Regions with larger v olume tend to pro duce more o v erlap among themselv es. This reduces the searc h e�ciency of range queries and nearest neigh b or queries. Th us, b ounding spheres are not necessarily sup erior to b ounding rectangles in ev ery resp ect. They are disadv an- tageous in terms of v olume. T o clarify this prop ert y , w e measured the a v erage v olume of the leaf-lev el regions of SS-trees when they are determined b y b ounding rectangles instead of b ounding spheres. The re- sult of the SS-trees constructed for the uniform data set in Section 3.1 is sho wn in Figure 6. The horizon tal axis indi- cates the size of the data set and the v ertical axis indicates the a v erage v olume of the b ounding spheres and the b ound- ing rectangles. The a v erage v olumes of the leaf-lev el regions of the R*-trees are also plotted for comparison. These re- sults sho w that the a v erage v olume of the b ounding rectan- gles of the SS-tree lea v es is m uc h smaller than that of the b ounding spheres. When the data set size is 100,000, the a v erage v olume of the b ounding rectangles of the SS-tree lea v es is ab out 1 = 900 of that of the b ounding spheres and ab out 1 = 18 of the b ounding rectangles of the R*-tree lea v es. This means that the a v erage v olume of the leaf-lev el regions of the SS-trees will b e ab out 1 = 900 if the regions are deter- mined b y b ounding rectangles instead of b ounding spheres. 3.4 Discussions According to the p erformance test and the measuremen t ab o v e, the prop erties of b ounding rectangles and b ounding spheres are summarized as follo ws: � Bounding rectangles p ermit to divide p oin ts in to small- v olume regions. Ho w ev er, they ha v e m uc h longer di- ameters than b ounding spheres, b ecause of the di�er- en t b eha vior of their edge length and their diagonal length esp ecially in high-dimensional space. � Bounding spheres p ermit to divide p oin ts in to short- diameter regions. Ho w ev er, they tend to ha v e larger v olumes than b ounding rectangles. Th us, b ounding rectangles and b ounding spheres ha v e b oth merits and demerits. Bounding rectangles are adv an- tageous in terms of v olume. On the other hand, b ounding spheres are adv an tageous in terms of diameter. F or nearest neigh b or queries, b ounding spheres are more adv an tageous than b ounding rectangles, b ecause the lengths of region di- ameters ha v e more in uence to the p erformance on nearest neigh b or queries than the v olumes of regions. Ho w ev er, the most desirable prop ert y is to divide p oin ts in to regions b oth with small v olumes and with short diameters. Based on these consideration, w e come to think of the com bined use of a b ounding rectangle and a b ounding sphere. Because their prop erties are complemen tary to eac h other, their in tersection seems to p ermit dividing p oin ts in to re- gions with small v olumes and short diameters. T o realize this idea, w e dev elop ed the SR-tree (Sphere/Rectangle-tree) presen ted in the next section. The e�ectiv eness of this com- bination will b e disclosed in the rest of this pap er. 5

Figure 7: The SR-tree structure (a) Leaf lev el (b) No de lev el Figure 8: Regions sp eci�ed b y the in tersection of a b ounding sphere and a b ounding rectangle 4 The SR-T ree 4.1 Index Structure The structure of the SR-tree is based on that of the R-tree [8], in common with the R*-tree [4] and the SS-tree [3], and corresp onds to the nested hierarc h y of regions as sho wn in Figure 7. Ho w ev er, the distinctiv e feature of the SR-tree is that it sp eci�es a region b y the in tersection of the b ounding sphere and the b ounding rectangle of underlying p oin ts as sho wn in Figure 8. A leaf of the SR-tree has the follo wing structure: L : ( E 1 ; : : : ; E n ) ( m L � n � M L ) E i : ( p , data ). A leaf L consists of en tries E 1 ; : : : ; E n ( m L � n � M L ) where m L and M L are the minim um and the maxim um n um b er of en tries in a leaf. Eac h en try con tains a p oin t p and its attribute data . This structure is the same with that of the SS-tree. A no de of the SR-tree has the follo wing structure: N : ( C 1 ; : : : ; C n ) ( m N � n � M N ) C i : ( S ; R ; w ; child p ointer ) : A no de N consists of en tries C 1 ; : : : ; C n ( m N � n � M N ) where m N and M N are the minim um and the maxim um n um b er of en tries in a no de. Eac h en try corresp onds to a c hild of the no de and consists of the follo wing four comp o- nen ts: a b ounding sphere S , a b ounding rectangle R , the n um b er of p oin ts w , and a p oin ter to the c hild child p ointer . The w a y to compute S and R is explained in the next sec- tion. The v ariable w is the total n um b er of p oin ts con tained in the subtree whose top is the c hild p oin ted b y child p ointer . The di�erence of this structure to that of the SS-tree is the in tro duction of the b ounding rectangle R . On the other hand, the di�erence of this structure to that of the R*-tree is the in tro duction of the b ounding sphere S and the n um b er of p oin ts w . 4.2 Insertion The insertion algorithm of the SR-tree is based on that of the SS-tree. W e applied the cen troid-based algorithm of the SS-tree to the SR-tree, b ecause its e�ectiv eness for nearest neigh b or queries is con�rmed through our p erformance test as sho wn in Section 3.1. Since the algorithm of the SS- tree can b e understo o d b y referring to the pap ers of the SS-tree [3] and its predecessors, i.e., the R-tree [8] and the R*-tree [4], w e only men tion its outline and the di�erence b et w een the algorithm of the SS-tree and that of the SR- tree. The insertion algorithm of the SS-tree determines the most suitable subtree to accommo date the new en try b y c ho osing a subtree whose cen troid is the nearest to the new en try . When a no de or a leaf is full, the SS-tree reinserts a p ortion of its en tries rather than splits it unless reinsertion has b een made at the same no de or leaf. Otherwise, the split algorithm calculates its co ordinate v ariance on eac h dimension from the cen troids of its c hildren and c ho oses the dimension with the highest v ariance for splitting it. The insertion algorithm of the SR-tree di�ers from that of the SS-tree in the w a y of up dating regions on the insertion of a new en try . The SR-tree needs to up date b oth b ound- ing spheres and b ounding rectangles, while the SS-tree only needs to up date b ounding spheres. The w a y of up dating b ounding rectangles is the same with that of the R-tree and the R*-tree. Ho w ev er, the w a y of up dating b ound- ing spheres is di�eren t from that of the SS-tree. Because a region of the SR-tree is the in tersection of a b ounding rectangle and a b ounding sphere, the SR-tree determines the b ounding sphere of a paren t no de b y utilizing b oth the b ounding spheres and the b ounding rectangles of its c hildren as follo ws: (1) The cen ter of a b ounding sphere, x ( x 1 ; : : : ; x i ; : : : ; x D ), is computed as follo ws: x i = n X k =1 C k :x i � C k :w n X k =1 C k :w (1 � i � D ) ; where k (1 � k � n ) is an index to the c hildren C 1 , : : : , C n , i (1 � i � D ) is an index to the dimensions, C k :x i denotes the i -th co ordinate of the cen ter of the c hild C k , and C k :w denotes the n um b er of p oin ts con- tained in the subtree whose top is the c hild C k . This de�nition is the same with that of the SS-tree. (2) The radius of a b ounding sphere, r , is computed as follo ws: r = min ( d s ; d r ) ; d s = max 1 � k � n ( k x � C k : x k + C k :r ) ; d r = max 1 � k � n ( M AX D I S T ( x ; C k : R )) ; where k (1 � k � n ) is an index to the c hildren C 1 , : : : , C n , i (1 � i � D ) is an index to dimensions, C k : x and C k :r denote the cen ter and the radius of the b ounding sphere of the c hild C k , and C k : R denotes the b ounding rectangle of the c hild C k . The function M AX D I S T ( p ; R ) computes the maxim um distance from a p oin t p to a rectangle R and is de�ned as fol- lo ws: 6

(a) CPU time (b) Num b er of disk accesses Figure 9: Insertion cost of R*-trees, SS-trees, and SR-trees (uniform data set) M AX D I S T ( p ; R ) � max q 2 R ( k p � q k ) : This can b e computed easily b y pursuing suc h a v ertex of the rectangle R that is the farthest from the p oin t p . In the ab o v e de�nition, d s denotes the maxim um distance from the cen ter of a paren t no de to the b ounding spheres of its c hildren, and d r denotes the maxim um distance from the cen ter of a paren t no de to the b ounding rectangles of its c hildren. Although the SS-tree determines the radius r b y d s , the SR-tree determines the radius r b y c ho osing the smaller one b et w een d s and d r . This p ermits the radius of the SR-tree to b e smaller than that of the SS-tree and reduces the o v erlap of b ounding spheres. 4.3 Deletion In common with the R*-tree and the SS-tree, the deletion algorithm of the SR-tree is the same with that of the R- tree [8]. When the deletion of an en try causes no under- utilization of an y leaf or no de, the en try is simply remo v ed from the tree. Otherwise, the under-utilized leaf or no de is remo v ed from the tree and orphaned en tries are reinserted to the tree. 4.4 Nea rest Neighb o r Sea rch In common with the R*-tree and the SS-tree, the nearest neigh b or searc h of the SR-tree is p erformed b y applying the algorithm presen ted in [14]. This algorithm �nds a n um b er of p oin ts nearest to some giv en p oin t. It is a depth-�rst searc h and consists of t w o stages. Firstly , it collects the giv en n um b er of p oin ts to mak e a candidate set. Secondly , it revises the candidate set with visiting ev ery leaf whose region o v erlaps the range of the candidate set. It terminates when there are no more lea v es to visit and the �nal candidate set is the searc h result. The tree is tra v ersed in order of the distance from the searc h p oin t to eac h region. A t ev ery visited no de, the distance from the searc h p oin t to the region of eac h c hild is computed and the closer c hild is visited prior to the farther ones. Although the tra v ersal algorithm is common to the R*- tree, the SS-tree, and the SR-tree, the SR-tree di�ers from b oth the R*-tree and the SS-tree in the w a y of computing the distance from a searc h p oin t to eac h region. Because a region of the SR-tree is the in tersection of a b ounding sphere and a b ounding rectangle, the minim um distance from a searc h p oin t to a region is de�ned as the longer one b et w een the minim um distance to its b ounding sphere and the minim um distance to its b ounding rectangle. Therefore, the minim um distance from a searc h p oin t p to the region of a c hild C k , whic h is denoted b y d , is computed as follo ws: d = max( d s ; d r ) ; d s = max(0 ; k p � C k : x k � C k :r ) ; d r = M I N D I S T ( p ; C k : R ) ; where C k : x and C k :r denote the cen ter and the radius of the b ounding sphere of the c hild C k , and C k : R denotes the b ounding rectangle of C k . The function M I N D I S T ( p ; R ) computes the minim um distance from a p oin t p to a rect- angle R and is de�ned as follo ws: M I N D I S T ( p ; R ) � min q 2 R ( k p � q k ) : The algorithm of computing this function is presen ted in [14]. In the ab o v e de�nition, d s denotes the minim um distance from the searc h p oin t p to the b ounding sphere of the c hild C k , and d r denotes the minim um distance to the b ounding rectangle of the c hild C k . While the R*-tree determines the minim um distance d b y d r and the SS-tree b y d s , the SR-tree determines the minim um distance d b y c ho osing the longer one b et w een d s and d r . This pro vides the b etter estimation of the distance from the searc h p oin t p to the nearest p oin t in a region and enhances the p erformance of nearest neigh b or searc hing. 5 Evaluation of the SR-tree 5.1 P erfo rmance T est W e measured the p erformance of the SR-tree under the same conditions with the test in Section 3.1. The maxim um n um- b er of en tries in a no de and in a leaf are sho wn in T able 1 and the heigh ts of trees are sho wn in T able 2 and 3. Figure 9 sho ws the a v erage cost of inserting a new en try in to SR-trees, SS-trees, and R*-trees for the uniform data set. Figure 9-(a) 7

(a) CPU time (b) Num b er of disk reads Figure 10: P erformance of SR-trees (uniform data set) (a) CPU time (b) Num b er of disk reads Figure 11: P erformance of SR-trees (real data set) and 9-(b) sho w, resp ectiv ely , the CPU time and the n um- b er of disk accesses, i.e., the total n um b er of disk reads and disk writes. The SR-tree and the SS-tree require less CPU time than the R*-tree, b ecause the cen troid-based insertion algorithm of the SS-tree requires signi�can tly less CPU time than the algorithm of the R*-tree [3]. The SR-tree requires more CPU time and more disk accesses than the SS-tree, b ecause the SR-tree con tains not only b ounding spheres but also b ounding rectangles. Although the SR-tree requires more creation cost than the SS-tree, it enhances the query p erformance remark ably . Figure 10 and 11 sho w the results of the SR-tree for the uniform and the real data set resp ectiv ely . The results of the SS-tree and the V AMSplit R-tree, whic h are already sho wn in Section 3.1, are also plotted for comparison. They clearly depict that the SR-tree outp erforms the SS-tree for b oth data sets. F or the uniform and the real data set, the SR-tree reduces the CPU time to 91% and 67% of the SS- tree and the n um b er of disk reads to 93% and 68% of the SS-tree resp ectiv ely . In comparison with the V AMSplit R- tree, the V AMSplit R-tree outp erforms the SR-tree for the uniform data set. Ho w ev er, the SR-tree sligh tly outp erforms the V AMSplit R-tree for the real data set. It is remark able that the SR-tree exhibits the comparable p erformance to the V AMSplit R-tree, considering that the SR-tree is a dynamic index structure while the V AMSplit R-tree is a static, i.e., optimized, index structure. 5.2 The Advantage of the SR-tree The SR-tree outp erforms the SS-tree b y dividing p oin ts in to regions with b oth small v olumes and short diameters. T o clarify this adv an tage of the SR-tree, w e measured the v ol- umes and the diameters of the leaf-lev el regions of the SR- trees constructed for the p erformance test in Section 5.1. The results for the uniform and the real data set are sho wn in Figure 12 and 13. Figure 12-(a) and 13-(a) graph the a v erage v olume of the leaf-lev el regions, while Figure 12-(b) and 13-(b) graph the a v erage diameter of the leaf-lev el re- gions. The results of the R*-tree and the SS-tree are also plotted for comparison. F or the SR-trees, the precise v olume and the precise di- ameter are not measured, b ecause it is quite di�cult to com- pute them for the in tersection of a sphere and a rectangle. Instead, w e measured the v olumes and the diameters of their b ounding spheres and b ounding rectangles. These measure- men ts indicate the upp er limit of the real v olume and the real diameter, b ecause a region, whic h is the in tersection of its b ounding sphere and its b ounding rectangle, has a smaller v olume and a shorter diameter than its b ounding sphere and its b ounding rectangle. Therefore, the real a v- 8

(a) V olume (b) Diameter Figure 12: The a v erage v olume and the a v erage diameter of the leaf-lev el regions of R*-trees, SS-trees, and SR-trees (uniform data set) (a) V olume (b) Diameter Figure 13: The a v erage v olume and the a v erage diameter of the leaf-lev el regions of R*-trees, SS-trees, and SR-trees (real data set) erage v olume of the leaf-lev el regions of the SR-tree is not larger than the a v erage v olume of their b ounding rectangles whic h is mark ed b y � in Figure 12-(a) and 13-(a), and the real a v erage diameter of the leaf-lev el regions of the SR-tree is not longer than the a v erage diameter of their b ounding spheres whic h is mark ed b y 2 in Figure 12-(b) and 13-(b). These results exhibit the follo wing c haracteristics: (1) Figure 12-(a) and 13-(a) sho w that the leaf-lev el re- gions of the SR-tree ha v e smaller v olumes than those of the R*-tree and the SS-tree on a v erage. They are ab out 1 = 1000 of those of the SS-tree for the uniform data set and ab out 1 = 10 9 of those of the SS-tree for the real data set. (2) Figure 12-(b) and 13-(b) sho w that the leaf-lev el re- gions of the SR-tree ha v e as short diameters as those of the SS-tree. These c haracteristics v erify that the SR-tree divides p oin ts in to regions with b oth smaller v olumes and shorter diame- ters. Moreo v er, their v olumes are ev en smaller than those of the R*-tree. This impro v es the disjoin tness among regions and enhances the p erformance on nearest neigh b or queries as sho wn in Section 5.1. 5.3 The F anout Problem It had b een p oin ted out that the fanout, i.e., the maxim um n um b er of branc hes in an in termediate no de, decreases in the higher dimensionalit y , b ecause the size of a no de en try gro ws as dimensionalit y increases [3]. Since a no de en try of the SR-tree con tains b oth a b ounding sphere and a b ounding rectangle, its size is three times larger than that of the SS- tree and one-and-a-half of that of the R*-tree. Therefore, the fanout of the SR-tree is one third of the SS-tree and t w o thirds of the R*-tree. The reduction of the fanout ma y require more no des to b e read on queries and p ossibly cause the reduction of the query p erformance. T o analyze this problem, w e measured the n um b er of no de-lev el reads and leaf-lev el reads separately . Figure 14 sho ws the results for the real data set. The SR-tree incurs more no de-lev el reads than the SS-tree. Ho w ev er, the total n um b er of disk reads of the SR-tree is smaller than that of the SS-tree, b ecause the SR-tree sa v es leaf-lev el reads more than the increase of no de-lev el reads. Th us, the SR-tree reduces the n um b er of disk reads, ev en though it su�ers from the fanout problem. 9

(a) No de lev el (b) Leaf lev el Figure 14: The n um b er of no de-lev el reads and leaf-lev el reads (real data set) 5.4 Evaluation on Dimensionalit y and Distribution T o in v estigate the c haracteristics of the SR-tree, w e mea- sured the p erformance of the SR-tree with v arying the di- mensionalit y and the distribution of data. First, w e measured the p erformance of the SR-tree for the uniform data set with v arying its dimensionalit y from 1 to 64. The data set size is �xed to 100,000 for ev ery di- mensionalit y . Figure 15-(a) and 15-(b) sho w the CPU time and the n um b er of disk reads resp ectiv ely . Figure 16 sho ws the prop ortion of accessed lea v es, and Figure 17 sho ws the minim um, the a v erage, and the maxim um of the distances b et w een the p oin ts within the uniform data set. F or all �gures, the horizon tal axis indicates dimensionalit y . These results sho w that the uniform data set is unsuitable for ev al- uating index structures on nearest neigh b or queries in high dimensionalit y , b ecause the uniform data set is to o hard for the touc hstone. As sho wn in Figure 16, the prop ortion of ac- cessed lea v es reac hes 100% in 32 and 64 dimensions for b oth the SR-tree and the SS-tree. This means that these indices completely failed to divide p oin ts in to neigh b orho o ds and are forced to access all lea v es. This failure deriv es from the distribution of the distances b et w een the p oin ts within the uniform data set. As sho wn in Figure 17, the minim um of the distances gro ws drastically as dimensionalit y increases and the ratio of the minim um to the maxim um increases up to 24% in 16 dimensions, 40% in 32 dimensions, and 53% in 64 dimensions. This means that the v ariation in the distances reduces as dimensionalit y increases and that eac h p oin t con tained in the uniform data set has similar dis- tances to the others in high dimensionalit y . This prop ert y of the uniform data set mak es it essen tially di�cult to divide p oin ts in to neigh b orho o ds. Th us, the uniform data set is un- suitable for ev aluating the p erformance of index structures on nearest neigh b or queries in high dimensionalit y . Therefore, w e devised another data set, i.e., the cluster data set. W e designed this data set to b e more practical in high dimensionalit y than the uniform data set. This data set consists of m ultiple clusters and eac h cluster con tains a �xed n um b er of p oin ts within a sphere. Therefore, the total n um b er of p oin ts is the n um b er of clusters m ultiplied b y the n um b er of cluster elemen ts. The lo cation and the radius of eac h cluster is c hosen randomly within the unit cub e and the lo cation of eac h p oin t is c hosen b y generating a p oin t on the sphere surface uniformly and then shifting it along radius randomly . W e measured the p erformance of the SR-tree for the cluster data set in whic h the n um b er of clusters is 100 and the n um b er of cluster elemen ts is 1000. The results are sho wn in Figure 18. Figure 18-(a) and 18-(b) sho w the CPU time and the n um b er of disk reads resp ectiv ely . These results sho w that the SR-tree is e�ectiv e from the lo w er di- mensionalit y to the higher dimensionalit y and impro v es the p erformance ab out 100% compared to the SS-tree. Secondly , w e measured the p erformance of the SR-tree with v arying the distribution of data. T o pro duce v arious distributions, w e v aried the n um b er of clusters from 1 to 100,000 for the cluster data set with �xing the dimension- alit y to 16. The total n um b er of p oin ts is �xed to 100,000. Therefore, the n um b er of p oin ts in a cluster is 100,000 di- vided b y the n um b er of clusters. F or the cluster data set, v arying the n um b er of clusters corresp onds to v arying its uniformit y . When the n um b er of clusters is 1, p oin ts are dis- tributed in a single sphere. When the n um b er of clusters is greater than 1 and less than 100,000, p oin ts are distributed in m ultiple spheres lo cated within the unit cub e. When the n um b er of clusters is 100,000, p oin ts are uniformly dis- tributed within the unit cub e. The results are sho wn in Figure 19. Figure 19-(a) sho ws the CPU time and Figure 19-(b) sho ws the n um b er of disk reads. The horizon tal axis indicates the n um b er of clusters. These results sho w that the SR-tree impro v es the p erformance more when the data set is less uniform. F or example, the SR-tree impro v es the SS-tree b y 42% when the n um b er of clusters is 1, 88% when the n um b er of clusters is 100, and 36% when the n um b er of clusters is 100,000. This prop ert y is consisten t with the result of Section 5.1 where the SR-tree exhibits more p er- formance impro v emen t for the real data set than for the uniform data set. These results imply that the SR-tree is more e�ectiv e for less uniform data sets. 6 Conclusions In this pap er, a new m ultidimensional index structure called the SR-tree is prop osed for high-dimensional nearest neigh- b or queries. The distinctiv e feature of the SR-tree is the com bined utilization of b ounding spheres and b ounding rect- angles. The p erformance test of the R*-tree and the SS-tree rev ealed that b ounding spheres p ermit to divide p oin ts in to regions with short diameters and that b ounding rectangles p ermit to divide p oin ts in to regions with small v olumes. Al- though the SS-tree outp erforms the R*-tree b y taking ad- 10

(a) CPU time (b) Num b er of disk reads Figure 15: P erformance of SR-trees and SS-trees with v arying dimensionalit y (uniform data set) Figure 16: The ratio of the accessed lea v es to the whole lea v es Figure 17: The maxim um, the a v erage, and the minim um of the distances b et w een the p oin ts con tained in the uniform data set v an tage of b ounding spheres, w e demonstrated that b ound- ing spheres o ccup y larger v olumes than b ounding rectangles on a v erage and that this ma y reduce the disjoin tness among regions. The SR-tree p ermits to divide p oin ts in to regions with b oth small v olumes and short diameters b y sp ecifying a region with the in tersection of its b ounding sphere and its b ounding rectangle. This impro v es the disjoin tness among regions and enhances the p erformance on nearest neigh b or queries. The p erformance test v eri�es that the SR-tree di- vides p oin ts in to regions with b oth small v olumes and small diameters and sho ws that the SR-tree outp erforms the SS- tree and the R*-tree. The p erformance ev aluation tests sho w that the SR-tree is esp ecially e�ectiv e for high-dimensional and non-uniform data sets whic h can b e practical in actual image/video similarit y indexing. Although the creation cost of the SR-tree is higher than that of the SS-tree, the p er- formance enhancemen t b y the SR-tree w ould b e adv an ta- geous to the applications whic h require suc h an index struc- ture that are e�cien t for high-dimensional nearest neigh b or queries. Ackno wledgments The authors w ould lik e to express their gratitude to the sta� of the Informedia pro ject, a digital video library pro ject at Carnegie Mellon Univ ersit y , for pro viding them with the data set of real feature v ectors. The authors also w ould lik e to express their gratitude to Prof T ak eo Kanade, Director of the Rob otics Institute, Carnegie Mellon Univ ersit y , and JSPS (Japan So ciet y for the Promotion of Science) for giving us the c hance to start this researc h. References [1] M. Flic kner, H. Sa whney , W. Niblac k, J. Ashley , Q. Huang, B. Dom, M. Gork ani, J. Hafner, D. Lee, D. P etk o vic, D. Steele, and P . Y ank er, \Query b y Image and Video Con ten t: the QBIC System," IEEE Com- puter, V ol.28, No.9, pp.23{32, Sep. 1995. [2] H. D. W actlar, T. Kanade, M. A. Smith, and S. M. Stev ens, \In telligen t Access to Digital Video: Informe- dia Pro ject," IEEE Computer, V ol.29, No.5, pp.46{52, Ma y 1996. [3] D. A. White and R. Jain, \Similarit y Indexing with the SS-tree," Pro c. of the 12th In t. Conf. on Data Engineer- ing, New Orleans, USA, pp.516{523, F eb. 1996. [4] N. Bec kmann, H.-P . Kriegel, R. Sc hneider, and B. Seeger, \The R*-tree: an E�cien t and Robust Access 11

(a) CPU time (b) Num b er of disk reads Figure 18: P erformance of SR-trees and SS-trees with v arying dimensionalit y(cluster data set) (a) CPU time (b) Num b er of disk reads Figure 19: P erformance of SR-trees and SS-trees with v arying the distribution(cluster data set) Metho d for P oin ts and Rectangles," Pro c. A CM SIG- MOD, A tlan tic Cit y , USA, pp.322{331, Ma y 1990. [5] J. T. Robinson, \The K-D-B-tree: a Searc h Structure for Large Multidimensional Dynamic Indexes," Pro c. A CM SIGMOD, Ann Arb or, USA, pp.10{18, Apr. 1981. [6] H. V. Jagadish, \Spatial Searc h with P olyhedra," Pro c. of the 6th In t. Conf. on Data Engineering, Los Angeles, USA, pp.311{319, F eb. 1990. [7] T. Brinkho�, H.-P . Kriegel, R. Sc hneider, B. Seeger, \Multi-Step Pro cessing of Spatial Joins," Pro c. A CM SIGMOD, Minneap olis, USA, pp.197{208, Ma y 1994. [8] A. Guttman, \R-trees: a Dynamic Index Structure for Spatial Searc hing," Pro c. A CM SIGMOD, Boston, USA, pp.47{57, Jun. 1984. [9] D. A. White and R. Jain, \Similarit y Indexing: Al- gorithms and P erformance," Pro c. SPIE V ol.2670, San Diego, USA, pp.62{73, Jan. 1996. [10] J. L. Ben tley , \Multidimensional Binary Searc h T rees Used for Asso ciativ e Searc hing," Comm. of the A CM, V ol.18, No.9, pp.509{517, Sep. 1975. [11] R. Sproull, \Re�nemen ts to Nearest-Neigh b or Searc h- ing in k-Dimensional T rees," Algorithmica, V ol.6, No.4, pp.579{589, 1991. [12] K.-I. Lin, H. V. Jagadish, and C. F aloutsos, \The TV- tree: An Index Structure for High-Dimensional Data," VLDB Journal, V ol. 3, No. 4, pp.517{542, 1994. [13] S. Berc h told, D. A. Keim, and H.-P . Kriegel, \The X- tree: An Index Structure for High-Dimensional Data," Pro c. of the 22nd VLDB Conf., Bom ba y , India, pp.28{ 39, Sep. 1996. [14] N. Roussop oulos, S. Kelley , and F. Vincen t, \Nearest Neigh b or Queries," Pro c. A CM SIGMOD, San Jose, USA, pp.71{79, Ma y 1995. [15] T. Sellis, N. Roussop oulos, and C. F aloutsos, \The R + - tree: a Dynamic Index for Multi-Dimensional Ob jects," Pro c. of the 13th VLDB Conf., Brigh ton, England, pp.507{518, Sep. 1987. [16] D. Greene, \An Implemen tation and P erformance Analysis of Spatial Data Access Metho ds," Pro c. of the 5th In t. Conf. on Data Engineering, Los Angeles, USA, pp.606{615, F eb. 1989. 12