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1. ABSTRACT

Spatial joins constitute one of the most active
research topics in spatial query processing. This
paper deals with the processing of clique
intersection joins using R-trees. A clique
intersection join will retrieve all n-tuples of
objects that pair-wise overlap. The corresponding
MBR-based filter step retrieves n-tuples of
rectangles that intersect at some common point.
Here we modify three algorithms, first proposed
in [13], for the specific problem and
experimentally evaluate their performance using
data sets of various densities.
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are joined using the spatial predicateoss The main
difficulty in processing spatial joins, is the fact that there
does not exist a total ordering of objects in the
multidimensional space that preserves spatial proximity.
This characteristic does not permit the application of
traditional relational join algorithms such as sort-merge
join. As a consequence, several specialized methods have
been developed for the computation of spatial joins. These
methods can be classified in two categories.

The first category includes approaches (e.g., [3], [10])
which assume that the relations to be joined are indexed on
the spatial attributes, an assumption which is true for most
modern spatial databases, since spatial indexing facilitates
fast execution of selection queries. Methods in the second
category do not take under consideration an existing spatial
index on the joined attributes, but instead they either use
special built indices for spatial joins [14], or employ on-the-
fly indexing mechanisms [11].

Spatial queries can be classified in two major categoriesA complete query processor should be able to handle join
[3]: the first one includesingle-scanueries, which apply ~ of multiple (>2) inputs, without interrupting data between
a selection condition over a spatial relation. A typical query the join operators [5]. Unfortunately, the above techniques
in this category is the range query (e.g. find all cities within do not consider this issue; in other words, there is no
300km distance from Hong Kong). The cost of single-scan Systematic way to handle multi-way spatial joins. To the
queries is at most linear to the number of participating best of our knowledge, previous work on multi-way joins
objects in the spatial relation. The second category included’as concentrated mainly on the relational model. Query
multiple-scanqueries that involve more than one spatial evaluation techniques for muItipIe relational joins include
relations. Objects may have to be accessed several time§omputation of optimal execution orderings [15], and
and, in general, the execution time is superlinear to the sizéParallel execution engines [6].

of participating relations. The most important representative An interesting fact about multi-way joins is that they can be
of multiple-scan queries is the spatial join. seen as constraint satisfaction problems (CSPs). A CSP [12]

The spatial join operation selects from two spatial relationsis defined as a set of variables, whose domain values are

the pairs that satisfy some spatial predicate. A typical restricted by a number of constraints. A solution to a CSP is

spatial join example is “find all cities that azepssed bya an assignment of a value to each variable, such that all

river”. Here, two spatial relations, “Cities” and “Rivers”, constraints are satisfied. Although CSPs are in general NP-
complete, there exist several systematic search algorithms
that solve moderate size problems. One such algorithm,
experimentally proven [1] to outperform the rest for a wide
range of application domains,farward checkind9].

In [13] we investigated the computation of multi-way joins
that involve a set of spatial relations given in a specific
order determined by some cost model [16]. Assuming that
the spatial relations are indexed Bytrees we presented
three hybrid algorithms, which enhance forward checking



by taking advantage of spatial indexing. In this paper we different insertion algorithm in order to minimize the
adapt the algorithms to deal witique intersection joins  overlapping area of R-tree nodes.

(the join condition isoverlap between all pairs of spatial  The most influential approach for efficiently computing
relations) and experimentally evaluate their performance.pair_wise, intersection joins using R-trees is presented in
Figure 1 illustrgtes three object; that pa.ir-wise ove_rlap.[3]_ The algorithm is based on tkeclosure propertyif
Observe that if any set of objects satisfy the clique g intermediate nodes of the R-trees to be joined do not
intersection property, their minimum bounding rectangles jhtersect. there can be no MBRs below them that intersect.
(MBRs) have a non-empty intersection (gray area). The algorithm first joins the high level nodes of the trees
and then follows the links in order to find qualifying pairs
below them:

SpatialJoin(R,S: R_Nod#&) R,S have equal height */

\// FOR (all 50 S) DO/* for all entries in S */

/
\\

FOR (all & O R with Br.rectn Esrectz 0) DO
IF (R is a leaf page)
THEN output (k, Es)

Figure 1: Clique intersecti ELSE
igure 1: Clique intersections ReadPage(Eef): ReadPage(gef):
The paper is organized as follows: Section 3 describes the SpatialJoin¢gref, Es.ref)

common approach for computing pair-wise spatial joins Two CPU time optimization techniques, namelgarch
using R-trees. The relation between multi-way spatial joins space restrictiorandplane sweepare used to improve the
and CSPs, as well as a description of the general forwardcpU speed of the above algorithm. In addition, [3] applies
checking algorithm are given in section 4. In sections 5,6,1/0 time optimization methods to determine an optimal
and 7 we describe three systematic algorithms for page fetching policy during spatial joins. [10] extends
computing clique intersection joins. Section 8 presents aSpatialJoin by introducing an on-the-fly indexing
performance comparison of the algorithms for a range of mechanism to optimize the execution order of matches at
data sets and join sizes. Finally, section 9 concludes th@ntermediate levels of the joined trees, while [4] exploits
paper. parallel execution of pair-wise spatial joins. In the rest of

3. BACKGROUND ON SPATIAL JOINS _the paper we gpply CSP search techniques to process clique
) . . . intersection joins.
The R-tree [7] is a multi-dimensional extension of the B-

tree, used in many commercial GIS and DBMS. The MBRs 4. MULTIWAY SPATIAL JOINS AS CSPs
of the actual data objects are stored in the leaf nodes of th@ constraint satisfaction problem [12] is defined over a

tree and intermediate nodes are built by grouping rectanglesinite set of variables, each with a finite domain of potential
at the lower level. Each node of the tree corresponds to &alues. Formally, a binary CSP consists of:

disk page and is associated with some rectangle which
enclosesll rectangles that correspond to lower level nodes. *
The processing of a traditional overlap query in R-trees”® .
involves the following procedure: Starting from the top potential Va“_*es . . .
node, exclude the nodes that are disjoint with the query® FOf €ach pair of variables;V; a binary constraint C
window, and recursively search the remaining ones. Among ~ Which is simply a subset of;B D;. If (u,u) U C; then
the entries of the leaf nodes retrieved, select the ones that the assignment {V— u, V; « u} is consistent
overlap the query window.

A set ofn variables, V, Vs, ... ,V,
For each variable M\ finite domain P={uy,..., w} of

A solutionis an assignment {} u,, ... ,V, « u}, such
When two MBRs are disjoint we can conclude that the that for all ij: {V; — U, V, « u} is consistent. A spatial
objects that they represent are also disjoint. If the MBRS join can be mapped to a CSP as follows:

however share common points, no conclusion can be drawn
about the spatial relation between the objects. For this’
reason, spatial queries involve the following two step
strategy: first dilter step uses the tree to rapidly eliminate
objects that could not possibly satisfy the query. The result® _ X § -
is a set of candidates, which includes all the results and ~ SPatial refation R(e.g., R is the set of cities). Mcan
possibly some false hits. Then duringefinementstep each only take as a value a rectangiefiom relation R
candidate is examined (by using computational geometry® Each join predicate (e.g. "crossed by") corresponds to
techniques) and false hits are detected and eliminated. @ binary Sp_atlal constraint. In cllque.mtersecgon joins
Several variations of the original R-trees have been the constraint isverlapbetween all pairs of variables.
proposed to increase efficiency. In our implementation we One of the most effective algorithms for solving CSPs is
use R*-trees [2] which employ the same data structure but &orward checking (FC) [9]. FC works as follows: when a
variable V is assigned a valug,ithe domain of eactuture

Each joined attribute is a variable, e.g., the query “find
all cities that arecrossed bya river” contains two
variables, \{ and \5, for rivers and cities respectively.
The domain of each variable; ¥6 the corresponding



(un-instantiated) variable;\Ws pruned according to w&nd V3 and 4, respectively, the algorithm backtracks twice to
the constraint ¢ (all values that are inconsistent with C V, to change its value tg,r Notice that when ¥is un-
and y are removed from [0 the values of variables assigned the valug,s the domain of Ybecomes again {3,
V4,...,V; will constitute aconsistent partial solutignand ras, because the eliminated valugs due to b = r, is

the domains of the future variables ¥{<j<n) will be restored. FC continues and completes the solution set {(r
consistent with all constraints,Owhere ki. F21, Taa, 42), (T2, 122, T33, 142), (12, T2z, Fa4, Ta2)}-

The above procedure is calletieck forward If, after a ’“D ne— |, fa) fa fa——
check forward, the domain of a future variable is exhausted, 21@ o T fg—

FC un-assigns the current variable’s value, and restores th n 2 a3 Wy
corresponding eliminated values of future variables. When 0 o m— i U

the domain of the current variable is exhausted the L o ror ror
algorithmbacktracksto the previous variable and assigns a Figure 2: Example of FC

new value to it. FC outputs a solution whenever the lastpuring the backtracking phase, values of future variables
variable is given a value, and terminates when it backtracksexcluded due to an inconsistent instantiation should be

from the first variable. restored. In order to keep track of the consistent values for
FC() each variable at every instantiation level, FC usgésmaain
i := 1;/index to the current variable*/ table of size O(AN), wheren is the number of the variables
WHILE (TRU',E_){ N (usually < 10) andN the size of the domain. If the size of
new_value := getNextValue(i); L s .
IF new_value = NULL*empty domain®/ the (_jomaln_|s proh|b|t|vely Ia_rge, as is the_ case for most
THEN IF i=1/*first variable*/ spatial applications, the algorithm is inapplicable. Another
THEN RETURN;7*termination of the algorithm*/ drawback of plain FC is the fact that it does not utilize

ELSE i:=i-1; CONTINUE/*backtrack*/

ELSE /non-empty domain®/ possibly existing spatial indices. In the next sections we

propose some methods that combine the basic idea of FC

instantiations[i] := new_valuéstore instantiation*/ ] N, g - .

IF i = n/*last variable instantiated*/ with spatial indexing and can effectively compute clique
THEN output_solution(instantiations); intersection joins for large spatial databases.
ELSH*intermediate variable instantiated*/

IF check_forward(i)*successful instantiation*/ 5. THE ADAPTED WR ALGORITHM
by o _ . _
THEN i = i+Ifproceed to the next variable*/ ., In this section, we present and analyze a version of the
ELSE restore_eliminationsfijestore eliminated values*/ . . . )
} fend WHILE* Window Reduction(WR) algorithm, proposed in [13],
BOOLEAN check_forward(int i) adap_ted for the _cllque |nters_ec_t|on join. probler_‘n. This
FOR j = i+1 TO n DQ*for all uninstantiated variables*/ algorithm, assuming that the joined spatial relations are
FOR all not already eliminated valuggiD; indexed by R-trees, considers the domains of the variables
IF inconsistent (instantiationsif) u as windows and takes advantage of spatial indexing to

THEN eliminate ju/*var. V; cannot take value, &/ . . T .
IFD=0 /the whole domain of Ahas been eliminated * avoid main memory limitations and accelerate the retrieval

THEN RETURN FALSE; of qualifying tuples.
RETURN TRUE; The original WR algorithm incrementally assigns values to
The application of FC for computing multi-way spatial variables, just like plain FC does. After an assignment,
joins is illustrated though the following example. Consider instead of updating the domain of the future variables, it
the multi-way intersection join of the spatial relationgs R calculates thedomain windows,which contain all the
R,, Rs, R4, as shown in Figure 2. The problem is to find all potential values for each future variable. For instance after
4-tuples (g, raj, Tai Ty M1 O Ry, 1oy O Ry, r3 0 R, 14y O Ry, V; is instantiated to W the domain window dyy of
such that, ry, rs, ry4 Share some common point. (subsequent) variable; ¢ontains all the possible values for

Initially, V,=r,,. Check forwardreduces the domain of,V Vj, which are consistent with, @nd the input constraints.

to {Ion, o) as these are the only rectangles that intersect R stores the domain windows of the variables ir<a n
the current value of ¥ i.e., r;. Moving one step further, all ~ array (instead of ¥nxN for simple forward checking),
values from the domain of\are eliminated. At this point, —analogous to the domain table of FC, in order to facilitate
there is no reason for proceeding to variabjebécause all ~ restoration of the domain windows after backtracking.
assignments having\= r;; are inconsistent with R FC When WR reaches at instantiation level i (for variablg V
now sets V = r,,. After checking forward, the domains of it performs a window query on relation, Rsing the domain
future variables ¥ Vi, Vi become {51, 2}, {fsa I3 window dw;. After choosing a value for;\the algorithm

{r 42}, respectively. No future variable has been eliminated, UPdates the domain windows of the future variables. Hence,
thus we can proceed to the next instantiation level. After While moving forward, the domains of the last variables
setting \b = Iy, I35 is eliminated from R FC goes forward become gradually smaller. If the domain window of a
twice, and outputs the first valid assignmens, (f1, s, variable becomes empty, the variable has been eliminated

rs). As 1y and K, were the only valid values for variables and the algorithm backtracks.



The adapted version of WR for clique intersection joins
(WR-l), has the following differences from the original
WR:

The domain window of all future variables is the same

6. THE ADAPTED JWR ALGORITHM

Although WR-I works fast once the first variable has been
instantiated, it seems to suffer from the large number of
values \{ has to take, most of which may be redundant. To

and equal to the intersection area of the instantiations scaddress this issue, we implemented a modified version of

far (because of the non-empty intersection of MBRs as
in Figure 1). Thus, WR-I does not need to keep the
domain windows in axn array, rather they are keptin a

one dimensional array as opposed to the original WR.

When backtracking, restoring is done using the previous

level's domain window.

As a result of the previous property, WR-l can be
thought of as type of forward checking with depth 1. If
new_value is the rectangle assigned to currently
instantiated variable Y the new domain window
becomesiw,;=dw;nnew_valudor all future variables.

WR-I(RTree rt[])
i :=1; /* index to the current variable */
domainWindow[1] = U; /* the first variable has universal domain */
WHILE (TRUE) {
new_value := getNextValue(i, rt[i], domainWindowf(i]);
IF new_value = NULI*empy domain*/
THEN IF i = Y*first variable*/
THEN RETURNj*termination of the algorithm*/
ELSE i := i-1; CONTINUH*backtrack*/
ELSE*non-empy domain*/
instantiations[i] := new_valuéstore instantiation*/
IF i= n*last variable has been instantiated*/

THEN output_solution(instantiations);

ELSHF*update the window for all next variables */
domainWindow[i+1] = domainWindowfilnew_value;
i=i+1f*proceed to the next variable*/

} I*end WHILE*/

To comprehend the functionality of WR-I consider the

the Join Window ReductiofJWR) [13] for the specific

problem. The following JWR-1 algorithm applies
SpatialJoin[3] to first compute the pair-wise overlap join
of the first two variables. It then employs the window
reduction technigue to compute the desired multi-way join.

JWR-I(Rtree rt[])
i ;= 2;/*values for the first 2 variables come as pairs*/
WHILE (TRUE) {
IF i = 2 [*values of first two variables*/
THEN IF getNextPair(rt[1], rt[2], instantiations) = NULL
THEN RETURN#termination-backtrack from first 2 variables*/
ELSE domainWindow[3] := instantiationsfijnstantiations[2];
ELSE /*values of third and subsequent variables*/
new_value := getNextValue(i, rt[i], domainWindowfi]);
IF new_value = NULF*empy domain for '8 or later variable*/
THEN i := i-1; CONTINUE/*backtrack*/
ELSE/*non-empy domain for'3or later variable*/
instantiations[i] := new_value;
IF i = n*last variable has been instantiated*/
THEN output_solution(instantiations);
ELSPupdate the window for all next variables */
domainWindow[i+1] = domainWindowfilnew_value;
i =i+l
} /¥ end WHILE */
The main difference between JWR-I and WR-I is the
introduction ofgetNextPair() which returns a joined pair of
values for the first two variables. This function is the
SpatialJoinalgorithm (with the two CPU-time optimization
techniques [3]). In the 3-way join example of Figure 3

JWR-I retrieves one by one the pairg,lfg and (a,b,)

example of Figure 3. Suppose that we want to join the threeusing.SpatialJoin and then app.lies the window reduction
images which are indexed by the respective R-trees. Théechnique to complete the solutions.

domain window of the first variable is the whole data space;
WR-I cannot avoid assigning all possible values to the first
variable. After \{ gets value a dw, becomes Wa, = &;

all candidate values for )\should intersect;a A window
search in Rretrieves b as candidate value for,\And dw
becomes dynby, i.e. anb,. Next, the algorithm searches
in R; for rectangles that intersect ¢ghand gets ¢ After
finding solution (gby,cy), the algorithm backtracks fronsV

to V, and subsequently backtracks from, \because no
other value in Rintersects a Similarly, WR-I finds the
second solution ¢z, c3) and finishes, after it fails to find
values in Rthat intersectaa, and a.

la]a]a] [bufb] | [bs[bu] |

(e[

ALY

[aa] ]

N B N B N B
Figure 3: Three images and their respective R-trees

7. THE ADAPTED MFC ALGORITHM

An alternative multi-way spatial join algorithm ultilevel
Forward Checking(MFC) [13]. MFC is an extension of
SpatialJoin that takes advantage of the enclosure property
of the high level R-tree nodes to prune out the search space.
Here we present MFC-I, an adapted MFC for the clique
intersection joins problem. The key idea behind MFC-I is
the fact that if the intermediate nodes at the high levels of
the R-trees do not pair-wise intersect, there can be no
rectangles under these nodes that may pair-wise intersect.
Following this observation, we can apply FC to the
intermediate nodes of the trees and follow the links from
solutions at the high levels to find solutions at the lower
levels of the trees.

To clarify the above idea, consider again the three images
of Figure 3. Observe that since,(B,,C,) do not formulate

a solution to the problem (they do not pair-wise intersect),
there can be no combination of valuesb(&), a L1 A,, b

U B, o U G, such that (gb,c) is a solution. This
property is very useful especially when it excludes
combinations of nodes at high-levels of the indices, as the
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rst row) and disk accesses (second row) for various dessifie

data sets. The values on the x-axis correspond to the number of relations and the parentheses enclose the number of solutions.

search space can be dramatically reduced. A pseudo-codsolution, and after going up from the root, the algorithm

for MFC-I is given below:
MFC-I(RTreeNode[] nodes)

i ;= 1;/*index to the current variable at this level*/

WHILE (TRUE) {

new_value := getNextValue(f¥as in plain FC*/

IF new_value = NULI*empty domain*/

THEN IF i=1 THEN RETURN*return to the upper tree level*/
ELSE i:=i-1; CONTINUE;/*backtrack (at the current level)*/

ELSE /*non-empty domain*/
instantiations[i]:=new_value;
IF i = n/*last variable instantiated*/

THEN IF level>0fintermediate level*/
THEN MFC-I(instantiations, Mgo to lower level*/ I
ELSE output (instantiation$plution found*/
ELSE/*intermediate variable instantiated*/
IF check_forward(nodes,/Psuccesful instantiation*/
THEN i = i+*proceed to the next variable*/ r
ELSEunsuccessful instantiation*/
restore_eliminations(i);
} I*end WHILE*/

BOOLEAN check_forward(Node[] nodes, int i)
FOR j = i+1 TO n DQ*for all uninstantiated variables*/
FOR all not eliminated entrieg B nodes[j]

terminates.

8. EXPERIMENTS

In order to compare the performance of WR-I, JWR-I, and
MFC-I, we implemented and tested the algorithms under
several conditions. The implementation language was C++,
and all experiments were run on a SUN UltraSparc2
(200MHz) workstation with 256 MB of RAM.

For our experiments we created a number of synthetic data

sets each consisting of 10,000 uniformly distributed

ectangles. As we are interested on the behaviour of the

algorithms under several density conditipnse created 4
classes of data sets of densities 0.2, 0.4, 0.6, and 0.8,

espectively. Each class consists of 8 data sets with the

same density. Every data set was stored in an R*-tree [2] of
page size 1KB. We also implemented a cache with an LRU
buffer that fits 128 blocks (a typical value), in order to
measure the performance of the algorithms by means of 1/0O
page accesses.

IF B n instantiationsli] =J

THEN eliminate (f /*var. V; cannot take value;&/
IF Q=0 /*the whole domain of Mhas been eliminated */

THEN RETURN FALSE;
RETURN TRUE;

The parameters of MFC-I at the first call are the roots of the

R-trees of the relations to be joined. When a solution is*
retrieved at the intermediate levels of the trees, MFC-I is
recursively called, taking as parameter the references to the
underlying nodes. Solutions at the leaf level correspond to
joined tuples and are output. .

Consider again the example in Figure 3. Initially, MFC-I1 is
applied for the root level of the trees. The first solution at
this level is (A,B1,C,). After following the links and
applying forward checking at the succeeding level, MFC-I
outputs the solution (d,,c;). Next, the algorithm returns to

The experiments focus on the performance of the
algorithms when computing clique intersection joins of data
sets of the same density. Figure 4 shows the performance
for all 4 classes of data sets. From the results we observe
the following:

JWR-I outperforms WR-I in all the cases by a constant
factor. Since the only difference of the algorithms is the
calculation of the first instantiation pair, we expected
this constant factor improvement.

JWR-I behaves totally differently from MFC-I. As an

overall conclusion, we can say that JWR-I is better
than MFC-I only when the joined data sets are sparse
(density 0.2, 0.4) and the number of joined relations is
large (>5). In this case, MFC-I does a lot of redundant
work at the high levels of the trees, being unable to

the root level and identifies the tuple 1(B4,C,). Going
down one level again, we obtain,,(,c;). The last root-
level solution (A,B,,C,) does not lead to any leaf-level

! Density is defined as the sum of areas of all rectangles divided
by global space [16].



detect early the small fraction of successful tuples. In In our future work, we are interested in investigating page
most other cases, MFC-I outperforms JWR-I. fetching policies in order to improve the performance of
¢ JWR-l is almost always better than MFC-I by means of MFC-I in te_r ms of I/.O Page accesses. Espe“:‘?”.y for "'?"ge
I/O page accesses, even for large density files. Thenumber of JOIns, this number grows "’.‘t prohlbltlve!y h|gh
CPU-time overhead makes the overall performance Oflevels. We believe that a.good le] opt|m|zat|or_1 policy will
JWR-I worse (we typically charge 10ms for each disk make this method applicable for real spatial database
access [10]), but it is interesting to notice that the systems.
window reduction policy saves disk accesses. 10. REFERENCES
* MFC-I presents a similar behaviour under all data [1] Bacchus, F., van Run, P. "Dynamic Variable Ordering
densities; the running cost grows superlinearly to the in CSPs", International Conference on Principles and
number of joined relations, in both CPU-time and 1/O Practice of Constraint Programming, 1995.
page faults, independently of the problem conditions. 5] Beckmann, N., Kriegel, H.P. Schneider, R., Seeger, B.
The running time of JWR-I almost stabilises when the = * »Tne Rx.tree: an Efficient and Robust Access Method
number of solutions shrinks with the number of joined for Points and Rectangles". ACM SIGMOD, 1990.

relations. [3] Brinkhoff, T., H.-P. Kriegel, B. Seeger "Efficient

Ordering WR-| JWR-| MFC-I processing of spatial joins using R-trees". ACM

Dy, Do, D3, Dy | 17.24 1808 | 12.71 1494 469 1679 SIGMOD, 1993.

D4, D3, D2, Dy | 3262 | 2065| 27.31 | 1724 554 1768  [4] Brinkhoff T., Kriegel H.-P., Seeger B. "Parallel

Table 1: Performance of the algorithms (sec/page faults) for i);aCelsnstlenrgn;tf.osnpﬁtlglo‘:ﬁgzn%zngnRgr:;S I.Erf)r'?l (;.e(?_fnthe
two different orders of the same data sets. 1996 ! g Ing,

Table 1 shows the performance of the algorithms when ) ) )
Graefe G., “Query Evaluation Techniques for Large

computing the clique intersection join of 4 data setdl, [5] ; X
Ds, D4, with density 0.2, 0.4, 0.6, 0.8, respectively, in two Databases”. ACM Computing Surveys, vol. 25, no. 2,
pp. 73-170, 1993.

different orders. Observe that the order of the data sets is

crucial, especially for the window reduction algorithms. [6] Graefe G., “Volcano, An Extensible and Parallel

The optimal order for the specific problem is, D,, D, Dataflow  Query  Processing System”. |EEE

D.. Clearly, as the data sets consist of the same number of ~ Transactions on Knowledge and Data Engineering, vol.

rectangles, the density is the only remaining factor that 6, no. 1, pp. 120-135, 1994.

determines the cost of pair-wise joins [16]. The side-effects[7] Guttman, A. "R-trees: A Dynamic Index Structure for

of ordering are smaller in MFC-I because false Spatial Searching". ACM SIGMOD, 1984.

instantiations of the former variables are detected early ayg] Guting, R-H. "An Intoduction to Spatial Database

the high levels of the trees. Systems". VLDB Journal 3(4), 357-399, 1994.

9. CONCLUSIONS [9] Haralick R.M., Elliot G.L., “Increasing tree search
efficiency for constraint satisfaction problems”.
Artificial Intelligence, vol 14, pp.263-313, 1980.

[10]Huang, Y-W, Jing, N, Rundensteiner, E. "Spatial Joins
using R-trees: Breadth First Travesral with Global

A multi-way spatial join can be defined as follows: Given a
set of spatial relations {RR,, ... ,R} and a set of binary
spatial predicates {J i #j, 1< i,j < n} find all tuples {u,
L 1<i< A 1<
., |ulOR, 1<i<n}, such that for each i,j,#j, 1< Optimizations". VLDB, 1997.

i< 1

W= n UG . o [11]Koudas N., Sevcik K., “Size Separation Spatial Join”.
In this paper we dealt with a specific instance of the above  AcMm SIGMOD, 1997.

problem where for each ij the spatial prepllcal;p I . [12]Mackworth A.K. “Constraint Satisfaction”. In S.C.
overlap We adapted the three general multi-way spatial Shapiro  editor, Encyclopedia of Artificial

join algorithms proposed in [13] for this problem and tested Intelligence”. John Wiley and Sons, New York, 1987.
their performance with several spatial data sets of various

densities. The results show that if the density (and [13] Papad@s, D., Ma_mouhs, N., Pells, B. “Algorithms for

consequently the number of expected solution tuples is Querying by Spat.|al Str.ucture. - VLDB, 1998, )

large), MFC-I outperforms the other algorithms. Notice that [14]Rotem, D. "Spatial Join Indices". IEEE International

in the experimental evaluation of [13] with real data sets of ~ Conference on Data Engineering, 1991.

density around 0.2 and various types of spatial constraints[15]Swami A., Gupta A., “Optimization of Large Join

JWR ouperformed MFC by orders of magnitude, implying Queries”. ACM SIGMOD, 1988.

that the properties of the data and the types of constraint§16] Theodoridis Y., Stefanakis E., Sellis T., "Cost Models

have a serious effect on performance. for Join Queries in Spatial Databases", Proc. of tfe 14
International. Conference on Data Engineering, 1998.



