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Abstract cus of the work presented in the above mentioned paper
is on achieving speed-up by distributing the task of per-
We propose and study sequential non-blocking algo- forming the spatial join amongst several processors, the au
rithms for the processing of spatial joins on continuousadat thors considered non-blocking spatial join with a transien
streams with unpredictable arrival rates or on large collec  in-memory R-tree index structure.
tions of spatial data that are not indexed. Given two sets  Our work focuses on exploring the possible design space
of spatial data represented by their bounding boxes, the al-for sequential non-blocking spatial join. The result of our
gorithms immediately and continuously compute and out- study can be the basis for further studies investigating par
put the pairs of data from each set whose bounding boxesallel versions of the algorithms we present and discuss but
intersect. The different algorithms we propose take advan-also offers solutions to applications which can not deploy a
tage of different possible characteristics of the data sash  parallel computing infrastructure.
clustering of the input to build indexes or synopses to accel = The remainder of the paper is organized as follows. In
erate the production of results. We comparatively analyze Section 2 we present related work. In Section 3, we discuss
the performance of the proposed algorithms using severalthose algorithms that constitute the natural non-blockiag
synthetic and realistic data sets. tension of existing spatial join algorithms. Reflecting ba t
drawback of the R-tree based non-blocking algorithms, in
Section 4, we present a symmetric block nested loop join
1. Introduction algorithm. In Section 5, we then present an algorithm that
tries and combines the advantages of the algorithms pre-
sented before in the favorable situation where data on both

Algorithms for the processing of spatial join, such as - : .y

) . streams are sufficiently clustered. In Section 6, we empiri-

those proposed in [5, 15, 16, 19, 3], assume that the data 'Tally evaluate the proposed techniques using both syatheti
organized and readily available on local disks. These algo- Y prop 9 g y

rithms emphasize the efficient processing of the completeand realistic data sets and discuss and analyze the results.

o : Finally, in Section 7, we summarize our results and con-
result of the spatial join. We refer to these algorithms as _ ., " . : .
. IR . . tribution and outline further possible development of our
blocking spatial joinalgorithms for they require both data
. o work.
sets to be available and possibly indexed before results are
requested.
The modern information infrastructure is one of net- 2. Related Work
worked devices possibly mobile and wireless. It enables
the production and consumption of huge amounts of data. Spatial join algorithms leverage existing spatial index
The applications feeding on these data either need to pro-structures such as R-tree [8], R+-tree [23], R*-tree [4] and
cess continuous streams of spatial data or require the proPMR quad-tree [22].
cessing of quantities of spatial data so huge that they rende In [21],the authors propose the use of join indices for
the existing blocking algorithms impractical for a usertwai  grid files. In [11], the authors conducted a comprehensive
ing for results. They compel spatial join algorithms that ca study on the use of R-tree, R+-tree, R*-tree and PMR quad-
swiftly deliver initial results with the minimum negative tree for spatial queries for databases containing large lin
pact on the overall response time, ir@n-blocking spatial  segments. We follow the algorithms of the family of the
join algorithms. spatial join based on R-tree proposed in [5]. In this paper,
The first family of parallel non-blocking spatial join al- the authors assume the two R-trees are readily available for
gorithms is proposed and studied in [17]. While the fo- the join. The authors of [12] propose a breadth-first stgateg



for the join of the two R-trees. The work reported in [18] 3 R-tree Based Blocking and Non-Blocking
extends the above results to multi-way spatial joins. Spatial Joins

As discussed in [6] spatial join algorithms first filter the 3.1 Static Spatial Join
data according to their bounding boxes before they can re-
fine the results by computing the data whose actual shapes
intersect. We are primarily concerned in this paper with the
filter phase and consider the join of two incoming streams

Let us first recall the general strategy of an R-tree based
blocking spatial join. For the sake of using the performance

of bounding boxes. We assume that the refining phase car?f this algorlthm as a base I|_ne n t_he subsequent perfqr-
mance analysis, we can consider, without loss of generality

be applied to the filtered data using any of the already pro-for the non-blocking algorithms that we propose. that the

posed in-memory techniques. Such in-memory techniques . .
have been introduced in [19] and in [3] in which partition- QQta_sets are bounded. The blocking R-tree -based spatial
oin first builds two R-trees one for each incoming data set.

ing of the data space in chunks and stripes respectively i%N

used to filter data before the results are refined using com- eddo ?Ot u?e bu':: Ios\(/jrl]ng erlufhh v(\;oijldhfurther_ d(zllay the
putational geometry algorithms. production of results. en all the data has arrived, a syn-

chronized traversal of the R-tree is used to compute over-
lapping data (since we are concerned only with the filtering
In [15], the authors consider the case in which only one phase, data consist of an identifier to refer to the actual spa
of the two data sets to be joined is already indexed with antial object and the four coordinates of a minimum bounding
R-tree. The method, called the seeded tree method, usetectangle.) This strategy is the basis of algorithms such as
the top k level of the R-tree of the indexed data set to seedthose in [5, 15, 16, 19, 3] even though details of the un-
the construction of an R-tree for the second data set. Thederlying data structure and algorithms might differ. Since
same authors [16] propose a spatial hash join. The two datave consistently use R-trees, we believe that the relative pe
sets are respectively partitioned into spatial bucketsgusi formance is generally similar to the one we would obtain
the top k levels of an R-tree. Data is replicated into every with more sophisticated index structures such as R+-trees,
bucket it overlaps before data of the two respective daga set R*-trees, and their variants.
can be joined within each bucket. Figure Algorithm 1 outlines the algorithm for joining the
two data set®k and S by constructing the two R-tree3y

i ) andPs to guide join processing.
In the relational context, several non-blocking query pro- 5109 join p g

cessing operators are proposed, e.g. [24, 25, 10, 13]. Query. _ _ : : :
scrambling techniques [25] allow the modification of query ~gOrithm 1. Static Spatial Join Algorithm
execution plans at run-time in order to adapt to the delays Data  : Spatial Relations R and S

from the data feeds. In [14], the authors further introduce  Result : MBRs that overlaps fromR and S

a mid-queryreoptimizationscheme to allow the query ex- begin

ecution plan to be modified based on the size of the in- /* Build Phase */

termediate result. The CONTROL project [10] proposes [* Pr andPg are intermediate data structures */
a model for pipelining query processing algorithms in or- for Tuple te R do

der to provide sufficient feedback to influence the runtime Insert tintoPg

behavior. In [9], a family oRipple Joinalgorithms is intro- end

duced where the _stgtistics gat_hered at runtime was used are for Tuple se S do

used to tune the_ join's behavior. XJoin [24] extended the Insert s intoPs

symmetric hash join [2] to allow both in-memory data and end

disk partitions. Inter-arrival delays are taken advantafge
to perform joins for partial partitions that have been spdol

to secondary storage. This helps to improve the overall
throughput of the join as well as the early production of
data.

/* Join Phase */
Join(Pg,Ps)
end

We can identify two distinct phases in this generic frame-
work. In the Build phase the index is build. In th#oin
Following the work on parallel spatial join by [7], the phase the indices are use to guide the production of results.
authors of [17] propose a parallel non-blocking spatial joi  If extending this algorithm, non-blocking algorithms need
algorithm, which uses in-memory R-trees at each node. Theto interleave the build and join phases in order to allow the
R-trees are built and freed whenever data is re-distributed early production of results.



3.2 Fully Dynamic Spatial Join one of either set, the block of data is inserted into its cor-
responding R-tree and the disjunctive list of data is used to

The first non-blocking algorithm that comes to mind, probe the other data sets already partially build R-tree. We

considering the above discussed blocking algorithm, con-call this algorithm théolock fully dynamic spatial joialgo-

sists in the interleaving of the two phases at finest gran-rithm.

ularity. A system-based concurrent execution of the two  The algorithm is outline on Algorithm 3.

phases that would rely on concurrency control of the R-tree

accesses is not necessary since each insertion preemptiveAlgorithm 3: Block Fully Dynamic Spatial Join Algo-

locks the root of the tree to allow potential splits to retro- rithm

propagate up to the root if necessary. It suffices to program- Data : Spatial Relations R and S, BlkThreshold T

matically alternate the two phases. Namely each incom- Result : MBRs that overlaps from R and S

ing data from either set is inserted into its corresponding R pegin

tree and used to probe the other data sets already partially while (Data Available)do
build R-tree. We call this algorithm tHelly dynamic spa- Receive atuple; from either of the data
tial join.The fully dynamic spatial join algorithm is outlined source;;
on Algorithm 2. )
Inserttuple; into TupleCollection,;

Algorithm 2: Fully Dynamic Spatial Join Algorithm if (size(CupleCollection;) >= T)then

Data : Spatial Relations R and S Insert all tuples irC; into R-tree, R ;

Result : MBRs that overlaps from R and S

Use all tuples inC; to probe the corre-

begin _ sponding R-tree;
while (Data Available)do _
Read auple from either of the dataource; ; Return matches if found ;
Inserttuple into R-tree, R ; dEmptyT“Plec"”““O”i;
en
Probe other R-tree usintgple ; dend
en
Return matches if found ;
endend The size of the blocks determines the compromise be-

tween the early production of results (small blocks) and the

Clearly, this algorithm will produce the first results very ©verall performance (large blocks). For reasons of symme-
early. Yet we can expect its overall performance to be muchY (@ssuming identical arrival frequency on both data)sets
worse than the one of the blocking spatial join algorithm. @ Size of half of the buffer yields the optimum overall per-
This is noted in [15]4f we simply used R-tree and let them formance.
overflow to disk when they grow larger than main mem-
ory, performance would not be acceptabledeed one of 3.4 R-tree Based Non-Blocking Spatial Joins
the dominant costs, namely the amount of retrieval of data
pages from disk, is commensurate to the amount of probing  The R-tree based non-blocking spatial joins should yield
(ultimately the sum of the size of both data sets.) Although interesting performance in the production of early results
this cost is reduced by the use of a buffer and by an adequatgvhile not compromising the performance of the overall pro-
replacement policy such as theast recently usedr LRU duction of results as long as the input-output time saved
policy, it can only be done within the limit of the available by retrieving relevant pages thanks to the R-tree and the
space available for the buffer (a fortiori so if data sets are cpu time saved by comparing spatially related data over-

unbound). comes the cost of the repeated join phase. The questions
are whether this cross-over occurs after a sufficient peércen
3.3 Block Fully Dynamic Spatial Join age of the data has been produced and how much overhead

is incurred at completion of the join (for finite data sets).

In order to seek a compromise between the minimum In other attempts, whose full details are not reported
number of input-output operations required by the blocking here, we have considered variants of the non-blocking algo-
algorithm and the non-blocking behavior of the fully dy- rithms described above in which the partially build R-trees
namic algorithm, we propose to alternate the insert and joinare joined instead of being probed with a list of data as well
phases for blocks of data. Namely whenever we have re-as strategies for inserting data as they arrive and for mark-
ceived a predefined number of data to form a block from ing them to avoid duplicate results. The empirical analysis



showed poor performance compared to the algorithms dis-Algorithm 4: Symmetric Block Nested Loop Algorithm

cussed in this paper. Data : Spatial Relations R and S, BlkThreshold T
Result : MBRs that overlaps from R and S
4. Symmetric Block Nested Loop Algorithm begin
while (Data Available)do
The main purpose of the R-tree is to adaptively create a Read auple from either of the dataource;;

balanced partition of the data. Other partitioning techeiq
such as grids or quad-trees either degenerate if the data is
skewed in a way not captured by the partition or introduce BlkCounteg++;

may introduce similar overhead to the one of the R-tree for a if (BlkCounte >= T) then
similar granularity of partitioning. Given the expecte@dpr
hibitive cost of managing a disk resident R-tree, we can con-
sider an even more radical solution, namely an algorithm

Inserttuple into buffer B;;

For each stored page of the other data set
Join this page with the data i;;

that solely focuses on reducing the input-output operation BlkCounteg = 0;
with respect to the buffer without attempting to partitibe t end
data. In conventional relational database management sys- endend

tems, if no relevant index data structure exists on either of
the data sets to be joined, one of the most common join al-

gorithms is the Block Nested Loop Join [20]. In this section previous section. Provided pages or data are time-stamped,

we propose @ymmetric block nested loapgorithm. As  tpis feature simplifies the task of discarding outdated data
a matter of fact such an algorithm applies equally to spa- ihe application requires it.

tial and non-spatial data since no particular organization
the data is needed which depends on its spatial nature.
the relational context with adequate join conditions ompai
of attributes one can consider efficient dynamic partitigni

functions such as hash functions (yielding algorithms such
as the Xjoin [24], for instance). Such partitioning functso

so far have found no equivalent in the spatial domain, and
are not readily available for arbitrary join conditions ierg 5 Backtothe R-tree
eral in other domains.

If the data displays no particular pattern of arrival with
Ir}espect to its spatial distribution and in the impossipild
find a satisfactory and economic partitioning mechanism,
we expect the symmetric block nested loop algorithm to be
competitive.

We now consider an algorithm suitable for those applica-
4.1 Algorithm tions in which data is expected to arrive in spatial clusters
In such a case, except at the transition between two arriving

The fact that we are dealing with pages instead of data el-Clusters, we can expect a sequence of incoming data from
ements allows us a tighter control of the buffer. In the sym- One data set, say of the size of one page, to be spatially near.
metric block nested loop algorithm we partition the buffer
of size B into three groups. We allocate two buffers of 5.1 Summary R-tree
n = (B — 1)/2 frames (to hold one block of n pages) to
read in data from each of the two data sets. Two counters Based on the above assumption the algorithm we pro-
are kept to indicate when a full block of data is read from pose uses an R-tree to index pages instead of individual
either data set. When full, the block of data is joined in a data (notice that the approach naturally extend to consider
nested loop with the already disk resident data of the othering groups of several pages if the data sets are very large and
data set. In addition, a single buffer frame is reserved to the clustering sufficient). For each page of data read from
read from the disk the data to be joined. The build phaseeach data set, the minimum bounding rectangle in closing
is reduced to reading and storing the data since no index ishe data in the page is stored in the R-tree for this data set.
built. The pages in the each block are written to disk as newWe call such R-treesummary R-treesNotice that this is
data is read according to the LRU replacement policy. This different from bulk loading the actual data in the page since
occurs after the data in the buffer have been joined thus notwe do not index the actual data but the page that contains
necessitating duplicate elimination in the results. Aiton them. The size of the summary R-tree is much smaller than
4 outlines this algorithm. the one of an R-tree indexing the actual data. Figures 1 and

An additional noticeable advantage of this algorithm is 2 illustrate the layout of the data in the directory and leaf
that data is written in pages in its order of arrival as op- pagesin a complete R-tree and in a corresponding summary
posed to being reorganized as in the algorithms given in theR-tree, respectively, for the R100C5 dataset (see sec}jon 6



which contains 100K of data and has five clusters. We seeAlgorithm 5: Symmetric Indexed Block Nested Loop
that the summary R-tree still contains the five clusters al- Algorithm

though it is one level shorter. Data : Spatial Relations R and S, BlkThreshold T
Result : MBRs that overlaps from R and S
5.2 Symmetric Indexed Block Nested Loop begin
while (Data Available)do
This strategy suggests a new algorithm we callgye- Receive atuple; from either of the data
metric indexed block nested looprhe Symmetric block source;,

nested loop follows the block fully dynamic join algorithm

. ) ) ) Inserttuple; into bucketB;;
of section 3.3. The fact that we are dealing with pages in- P

stead of data elements, as in the case of the block nested BlkCounteg++;
loop algorithm, allqw_s us a tighter control of the buffer._ if (BIkCounter >= T) then

In th_e_ symmetric |nde>_<ed block_ nested loop alg(_)rlthm MBRList = List of Covering MBRS :
we partition the buffer of siz& used in the above algorithm . . )
into five groups. We allocate three frames to each R-tree. FoundList = Use MBRList as query win-
We allocate two buffers of = (B — 7)/2 frames to read in dows in the summary R-tree of the other
data from each of the two data sets. Two counters are kept data source ;
tq indicate when a bl(_)ck of full pages of data is read from Perform Block-Nested Loop Spatial Join
either data set. The size of the block is n. B, with with pages in FoundList ;

When a block of full pages of data is read, the minimum
bounding rectangles of each page in the block is inserted dBIkCountelg =0;
into the corresponding R-tree. The disjunctive list of min- enden
imum bounding boxes is used to probe the other already end
partially build R-tree. The data in the pages retrieved are
joined with the data in the pages in the block.
The pages in each block are written to disk as new data is
read according to the LRU replacement policy. This occurs for all the algorithms. One frame holds one page. The size
after the data in the buffer have been joined thus not necesof a page is 4096 bytes.
sitating duplicate elimination in the results. The aldarit

We use both synthetic and real-life datasets. Without

is presented in Algorithm 5. ) , .
Reflecting the natural clustering of the data, the summary!0SS Of generality, we do consider data sets that contain an

R-tree reduces the number of pairs of pages to be selectebdemiﬁ_er to the actual spatial object as V\_/eII as _its minimum
for joining the data they contain. The question is whether POunding rectangle. One data record is of size 20 bytes.
and at which level of clustering this savings overcome the Unless stated otherwise, inter-arrival rate is constant.

cost of creating and maintaining the summary R-tree.  1pg gynthetic data sets are generated using a generator
.ThIS -algonthm- aI;o maintains tl_we advantage that datg ISsimilar to the one described in [15]. The generation allows
written in pages in its order of arrival as opposed to being s to control the number of clusters of the original data dis-
reorganized as in the algorithms given in the previous sec-yipytion as well as the selectivity of the join. Two dataset
tion. Provided pages or data are time-stamped, this featurey sjze v are generated as follows: We first randomly gen-
simplifies the task of discarding outdated data if the appli- grater clusters centers for the first data set. For each cluster
cation requires it although entries in the summary R-tree center, we generate cluster rectang(@g, Both the length

might need to be discarded or might become obsolete.  anq width of each cluster rectangle is set at 0.2 in our exper-
iments. We assigneldV/C | data rectangles to each cluster.
6 Performance Analysis The remaining data rectangles are then randomly assigned

to any cluster. To control the selectivify, the second data
set clusters are constructed such thi#t of their area over-
laps with a cluster from the other dataset. Data from the
same cluster are contiguous. For some experiments, when
indicated, the data is randomly reshuffled.

6.1 Experimental Set-up

The algorithms are implemented in C. The experiments
run on a Pentium 4 1.6GHz PC with 512MB RAM un-
der Windows XP Professional. The input-output operations  The realistic data sets are the Greek roads and rivers [1]
simulate a state of the art disk spinning at 7200rpms yield- and the German roads and railroad lines [1]. A summary of
ing an input-output cost of 8ms. We use a 128 frames buffercharacteristics of these data sets is presented in Table 1.



Datasets Number of | # of time. Both dynamic algorithms incur a prohibitive cpu cost.
MBRs | Clusters Indeed, while the static algorithm is joining the two R-Bee

Real-life in a single depth-first traversal (see [5], for instance}hbo

Greece dynamic algorithms probe the R-trees for each individual or
Rivers 24,650 - list of minimum bounding rectangles. Their overall perfor-
Roads 23,268 - mance in response time is worse than the one of the static

Germany spatial join. The fully dynamic algorithm can produce more
Railroad Lines 36,334 - than 20% of the results faster than the static algorithm on
Roads 30,674 - this data set. The block fully dynamic algorithm can pro-

Synthetic duce more than 60% of the results faster than the static al-

R50KC5, S50KC5 50,000 5 gorithm on this data set.

R100KC5, S100KC5 100,000 5

R100KC10, S1I00KC1Q 100,000 10 6.3 Symmetric Block-Nested Loop

R100KC20, S100KC20 100,000 20

R200KC5, S200KCS | 200,000 5 In this experiment, we compare the performance of the

R400KC5, S400KC5 | 400,000 5 symmetric block nested loop (SBNL) algorithm with those

of the static spatial join algorithm. We use two synthetic

Table 1. Datasets Used data sets of 100K each, with 5 clusters each, and with a join

selectivity 0f25%.
6.2 R-tree Based Blocking and Non-Blocking Spa- Figure 4(a) reports the cumulated number of pages ac-
tial Joins tually compared during the execution of each of the three

algorithms, respectively, at varying percentage of result

In this experiment, we analyze the performance of the Produced. Figure 4(b) reports the cumulated number of
three R-tree based algorithms. input-output operations of each of the three algorithms, re

We first use two synthetic data sets of 100K each, with 5 SPectively, at varying percentage of results produced: Fig
clusters each, and with a join selectivity if%. We com- ure 4(c) reports the cumu_lated response time of each of the
pare the performance of the static spatial join, the fully dy three algorithms, respectively, at varying percentageof r
namic spatial join, and the block fully dynamic spatial join  Sults produced.

Figures 3(a), 3(b) and 3(c) report the cumulated number ~ We see that although many more pages are compared by
of input-output operations of each of the three algorithms, the block nested loop (each pair of pages, one from each
respectively, at varying percentage of results produced. O data set, is ultimately compared by this algorlthm), this is
the figure the input-output operations occurring during the franslated in a reasonably low number of input-output op-
build phase (insertion of the data and creation of the Ri-tree ergtmns thanks to the absence of the index data structure to
are in grey, while the input-output operations occurring in build and probe and thanks to the buffer. Not only the blqck
the join phase are in black. Notice that the figures have ne;ted loop can create early results f_ast_e.r than the skatic a
different scales on the y-axis. gorithm, but it creates all the results significantly fastemn

Figure 3(d) reports the cumulated response time of eachthe static algorithm. We consistently observeo_l this patter
of the three algorithms at varying percentage of results pro of pgrformance for all the data sets we have tried (see sub-
duced. section 6.5).

The response time charts confirms that both the fully dy-
namic and the block fully dynamic joins can produce results 6.4  Symmetric Indexed Block Nested Loop and
early. At what cost for their overall performance? Clustered Arrivals

By design, the build phase of the static spatial join oc-
curs before any results can be produced. Both the fully dy-  In this experiment, we analyze the effect of clustered ar-
namic spatial join and the block fully dynamic spatial join rivals on the symmetric block nested loop and the symmet-
successfully distribute the build phase and its input-outp ric indexed block nested loop (SIBNL) algorithms. We use
operations during the incremental production of results. F  two synthetic data sets of 100K each, with 5 clusters each,
the fully dynamic spatial join, the input-output cost offjei  and with a join selectivity 0£5%. In a first series of mea-
ing each individual data is prohibitive. For the block dy- surements the data is clustered as generated, while in a sec-
namic join the input-output cost remains similar to the one ond series of measurements the data from both data sets is
of the static spatial join. randomly reshuffled.

This respectable performance input-output of the block  We compare the performance of the static spatial join,
fully dynamic cannot be maintained for the overall response the symmetric block nested loop, and the symmetric in-



B execution of each of the three algorithms, respectively, at
350000 - varying percentage of results produced. Figure 5(e) report
] the cumulated number of input-output operations of each
] of the three algorithms, respectively, at varying percgata
of results produced. Figure 5(f) reports the cumulated re-
sponse time of each of the three algorithms, respectively, a
varying percentage of results produced.
The relative performance of the symmetric indexed
T ——— block nested loop and the symmetric block nested loop as
I R T shown on figures 5(b), and 5(c) is now reversed on figures
B R 5(e), and 5(f). This illustrates that the symmetric indexed
L 1 block nested loop can exploit situations in which data arriv
] in clusters yet it still performs reasonably well when tlss i
not the case.
i The results are accentuated when the data distribution is
1 more clustered and the arrival clustered for instance with
10 and 20 clusters (using R100KC®0 S100KC10 and
R100KC20x S100KC20).

200000

# Page Pair Compar

150000

100000

50000

200000

100000

50000

o e 6.5 Scalability and Real-Life Data Sets

5000

-l B ] In this series of experiments, we measure the perfor-
] mance in both input-output operations and response time
] for the symmetric block nested loop and the indexed block
g amo ] nested loop algorithms on both very large and real-life data
1 sets, respectively. For reference, we also measure the per-
ooy ] formance of the static spatial join.

T ) ] We use two groups of synthetic data sets of 200K and
400K. All data sets have 5 clusters and the selectivity is

1000

D — 25%.
TR e 0T For the two input data sets of size 200K, figure 6(a) re-
ports the cumulated number of input-output operations of

Figure 4. Comparison of spatial joins (Clus- each of the three algorithms, respectively, at varying per-

tered data) (RI00KC5 X S100KC5) centage of results produced. Figure 6(b) reports the cumu-

lated response time of each of the three algorithms at vary-
ing percentage of results produced.
. We use two very large synthetic data sets of 400K,
dexed block nested loop for both pairs of data sets. For the two input data sets of size 400K, figure 6(c) re-
For the clustered data set, the results are reported on figports the cumulated number of input-output operations of
ures 5(a), 5(b), and 5(c) as mentioned in the previous sub-gach of the three algorithms, respectively, at varying per-
section. centage of results produced. Figure 6(d) reports the cumu-
We first observed that, as motivated by the design of |ated response time of each of the three algorithms at vary-
the symmetric indexed block nested loop, it can reduce theing percentage of results produced.
number of pages being compared. This means that it does We use the Greek road and rivers and the German roads
filter relevant pages of data. Yet because of the cost ofand railroads data sets. Figure 7(a) reports the cumulated
maintaining and probing the index data structure, althoughnumber of input-output operations of each of the three al-
just a summary, this performance does not translate into agorithms, respectively, at varying percentage of resutts p
commensurate gain in input-output cost and response timeduced for the Greek data. Figure 7(b) reports the cumulated
Nevertheless, with these data sets arriving in clustees, th response time of each of the three algorithms at varying per-
symmetric indexed block nested loop manages to yield acentage of results produced for the Greece data. Figure 7(c)
better response time than the symmetric block nested loop.reports the cumulated number of input-output operations of
For the randomly shuffled data set, figure 5(d) reports theeach of the three algorithms, respectively, at varying per-
cumulated number of pages actually compared during thecentage of results produced for the German data. Figure



7(d) reports the cumulated response time of each of theby using a summary R-tree which indexes pages of data in-

three algorithms at varying percentage of results producedstead of individual data elements thus reducing the size of

for the Germany data. the index data structure and the cost of its creation without
These charts call no further analysis since they are onlycompromising the partitioning.

presented to confirm the analysis in the previous subsec- As continuation of this work, we are studying the op-

tions with more challenging data sets. portunity to build efficient and effective partition functi
based on a sample of the data. This would allow for instance
6.6 Inter-arrival Rate to efficiently process data that do not arrive in clusters but

in chunks that are representative samples of the overall dis
tribution (for instance periodic data as could be produced
by sensors). We have already started experimenting with
the creation of R-trees from representative samples oétarg

In this experiment, we illustrate the effect of non-
constant inter-arrival times on the various algorithms. We
use two synthetic data sets of 50K each, with 20 clusters

. L L . ; data sets.
each, and with a join selectivity &5%. The inter-arrival . . S
. . . ) In general, we believe that non-blocking spatial join al-
is modeled using a Poisson law with a mean of 2 seconds.

We compare the performance of the static spatial join, blockgorlthms can 0_r_1|y outperform the symmetric block nested
. L ) loop when additional knowledge about the data sets charac-
dynamic spatial join, the symmetric block nested loop, and

the symmetric indexed block nested loop teristic_s can be assunjgd and_ _exploited to create an effectiv
' and efficient but specific partitioning strategy.

We therefore also need to devise methods to make the
choice of the algorithm and the parameters of the algorithms
(e.g. block size, buffer groups) adaptive to the charasteri
tics of the data, for instance to the data distribution, ® th
distribution of the arrival and to the distribution of theen
arrival time, possibly with asymmetric characteristic$rodf
data sets.
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Figure 1. R-tree layout for R100C5

Figure 2. Summary R-tree layout for R100C5
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Figure 3. Comparison of R-tree Based Spatial Joins (R100KC5 X S100KC5)
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Figure 7. Performance on Real-Life Data Sets



	upload.pdf
	TRA204.pdf
	Table 1 Datasets



	1: 


