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Abstract

R-tree data structures are widely used in spatial dataliass®re, manage and manipulate spatial
information. Because the data volume of such databasesisatly very large, the query operation
on R-tree data structure has an important impact on the npeafice of spatial databases. To boost
the performance of R-tree search operations, we propose aellel R-tree search algorithm, which
utilizes an adjacency matrix representation for an R-treeerforms the search using binary arithmetic
among matrix elements. When the algorithm is implementedaimilmare, we demonstrate through our
simulation that the run-time complexity of the new algamittis only bounded by the height of an R-
tree. Furthermore, we find that the proposed algorithm imhvare is 30 times faster than its software
counterpart in solving an example search problem. In theréutmore research will be conducted to

adapt the proposed algorithm witlivide-conquer paradigm to handle large spatial data sets.

Index Terms. R-tree, Spatial Search, Parallel Algorithm, Hardware Im@atation.

. INTRODUCTION

Modern spatial related applications such as Geographiorrirdtion systems (GIS), VLSI design,
network applications and multimedia databases have inthose challenges in spatial query processing.
The reason is that non-spatial indexing cannot handle fesasuch as the distance of points and whether
points fall within certain area of interest or not. Commornatsg index approaches include Grid [10],
Quadtree [7], UB-tree [11] and R-tree [8]. Among them, thigioal R-tree, a hierarchical index-structure
derived from the B-tree, was first introduced by Gutmann in4lf. R-tree data structure, a preferred
method of spatial data indexing, is one of the keys to addnesls challenges. The structure was designed
to efficiently perform intersection queries of two-dimemsb(2D) spatial objects such that a spatial search
may require visiting only a small number of nodes. The R-tiéer® one of the most promising solutions

to store 2D spatial objects in their primitive forms while intaining versatility of its data structure.
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Used to handle indexing (X,Y) coordinates of geographieahdeach node of an R-tree corresponds
to a Minimum Bounding Rectangle (MBR) (also called boundi). Figure 1 shows an example of an
R-tree and corresponding bounding boxes. From Figure 1, we¢haedR-tree data structure splits space
with hierarchically nested and possibly overlapping MBRhEerefore, each non-leaf node in a higher
level is formed to enclose multiple child rectangles fronowér level. At the bottom level (leaf-level),
each rectangle is formed to enclose a bounding box of datecblg.g.,Rs through R19). Each node
in a non-leaf level is allowed to have a number of childrenveein lower-bound (say:) and upper-
bound (sayM) values. For instance, in Figure 1/ is 3 andm is 2. If any node has more thai/
children, it is called an overflowing node and needs to be.dplany node has fewer tham children,
the R-tree needs to be condensed [8]. TypicalR{mn, M), m < [M/2] is used to represent a particular
R-tree. The root node in an R-tree has at least two entriesslitilés the only node. Notice that there
can be multiple R-tree solutions for one spatial data sebrding to R-tree variants as described in
Section Ill.

The search operation on R-tree data structure, one of opesatnost frequently performed in spatial
databases, has a critical impact on the performance ofa$mhtiabases. Therefore, we consider R-tree
search in our study, investigate how to parallelize a seal@brithm and implement it in hardware to gain
speedup in search operations. In this report, we propos& &rieee search algorithm that uses a matrix
representation of an R-tree and conducts the search thionghy arithmetic among matrix elements.
We have demonstrated that when the algorithm is implemeintédrdware, its run-time complexity is
bounded only by the height of an R-tree. Moreover, we compaexecution time (in clock cycles) of
the algorithm implemented in hardware with its softwaresi@r and find that for the example search
problem discussed in this report, the hardware versiomi®si 30 times faster than the software version.

The rest of this report is organized as follows: Section llsifates the terms used in this paper.
Section Il reviews some R-tree variants and their respecperations. Section IV presents the proposed
parallel R-tree search algorithm. Section V describes thelware implementation of the proposed
algorithm. Section VI discusses the simulation of the prepoalgorithm and comparison between the

algorithm in hardware and its software version. Section haudes this report.

[I. TERMS AND DEFINITIONS

In this section we use Figure 1 to describe the terms used snptper.
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Figure 1. An example of R-tree and corresponding bounding boxes.

1) Minimum Bounding Rectangle (MBR): An MBR, also known as @ubding box, is a rectangle
that encloses an R-tree node and its children nodes if it isnaleaf node with minimum area. For
example,R; through Ry9 in Figure 1(a) are MBRs.

2) Node: Each node corresponds to an MBR. For examplethrough R19 in Figure 1(b) are R-tree
nodes. There are three types of R-tree nodes. In Figure R(band R, are root nodes (i.e., nodes
in the root); R3 through R; are intermediate nodes; arity through R, are leaf nodes.

3) Intermediate Node: An intermediate node is any node of dre®that has children nodes and thus
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is not a leaf node.

4) Data object: Data objects are spatial data elements am@ioned in leaf nodes of an R-tree (e.g.,
Rg through R19).

5) Height of an R-tree: The height of an R-tree is the numberi@fanchical levels in an R-tree. For
example, the height of the R-tree shown in Figure 1 is 3.

6) Full node: A full node is a node with the maximum number (M)cbfldren nodes.

[11. RELATED WORK

There are many R-tree variants, which are built in eitheicstatdynamic manner. Static methods re-
build the entire R-tree when a new data object is added. lirasi dynamic methods support adding and
removing nodes on the fly. When a new data object is added toiatingxR-tree, dynamic methods use
two major techniques to split overflowing nodes during irisartThe primary goal of the first technique
is to minimize both coverage of the sum of the areas of boundbxes and overlap with sibling nodes.
An example of node split is given in Figure 2. Figure 2(a) shdwat & node is inserted in a full node
with the maximum number (M=8) of children nodes. Figure 2(jves a split solution that minimizes
coverage of the sum of the areas of bounding boxes A and B. d-ig(m) shows a split solution that
minimizes overlap between bounding boxes A and B. As can ke $®m Figure 2(b) and Figure
2(c), it is typical that the goals to minimize coverage andnimimize overlap are contradictory. Thus,
many heuristics for node split have been developed. The demmhnique is the extension &f-tree
to d-dimension { > 2) and makes use of the centroids of bounding boxes to orderatgécts. In the
following, we summarize some of such update approaches lhasvihe original R-tree algorithm having

been proposed in the past:

M=8, m=4 M=8, m=4 M=8, m=4

JDD | =1 ‘JD—

New Nodg lew Nod B
D D A B

I | \
[ ] — ] = [ ] =
(a) Insert a new sub-node in a fulb) One solution to minimize covc) One solution to minimize
node. erage. overlap.

Figure 2. An example of node split to minimize coverage and/or overlap.
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1) Exhaustive search: When a node of an R-tree overflows, thausiitie search tries all possible
partitionings and selects the one that minimizes the sumre&saof two nodes split from an
overflowing node [8]. Thus, the complexity of the algorithm is @der of2*/~! where M stands
for the maximum number of entries in a node, which makes itrémfical for large data volume.

2) Quadratic approach: The quadratic approach, when sglitin overflowing node into two new
nodes, chooses two sub-nodes which would waste the mostfdheg were put in the same node,
to form the first entry of each node split. An example of quadrapproach is given in Figure 3,
where sub-node$ and2 are chosen to form the first entries of two new nodésand B (bolded
rectangles). Sub-noddsand2 would waste the most area if they were put in the same grow (th
rectangle drawn in dashed line in Figure 3). This is computedubtracting the sum of the areas
of the two bounding boxes from the area of the dashed re&armlering sub-nodesand?2 (i.e.,
area(dashed rectangle- area(1) — area(2)). Then, the algorithm calculates the enlargement of
the MBR of each new node needed to accommodate the rest oflinguboxes. This process is
recursively applied to the remaining bounding boxes [8].sTiiethod takes quadratic ting(1/?)
with respect to the maximum number of entries in a node.

M=8, m=4

/Original Node

] New Nade | _ _ ___ H ,,,,,,,,,,,,,

Dashed Rectangle

Figure 3. An example of quadratic approach.

3) Linear approach: Along each dimension (i.e., X or Y coaath), linear split first finds two bounding
boxes with the maximum normalized separation and then alolitg this axis. An example of linear
approach is given in Figure 4, where normalized separatimmgaX coordinates£1/x0) is larger than
normalized separation along Y coordinatd (y0). Therefore, the node is split along X-coordinate
and the remaining bounding boxes in the node are assigneuetggitting nodes with the least
enlargement [8]. This technique takes linear timé\/) with respect to the maximum number of

entries in a node.

4) R tree: R™ tree is a compromise between R-tree and K-D-B tree [12]. B-free is a data
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Figure 4. An example of linear approach.

structure that splits multidimensional spaces like an tidaiK-D tree [3], but balances the resulting
tree like a B-tree.R™ tree avoids overlapping of intermediate nodes by inseréingobject into
multiple leaves if necessarR®™ tree differs from R-tree in that: (i) nodes are not guarashteebe

at least half filled; (ii) the entries of any intermediate naldenot overlap; and (iii) an object ID may
be stored in more than one intermediate node. Because noglemtBoverlapped with each other,
query performance benefits by following a single path and thsiting fewer nodes than R-tree.
Since rectangles are duplicated, the size ofntree can be larger than that of an R-tree built on
the same data set. Construction and update operatiofs” dfee are more complex than those of
R-tree and other R-tree variants.

R*-tree: Beckmann et al. [2] introduced the R*-tree, whihas more complex criteria for the
distribution of bounding boxes. However, it is more efficieninsertion and space utilization than R-
tree. To minimize both overlap and coverage, two criteratgpically used: (i) the overlap between
the MBRs of intermediate nodes is minimized, and (ii) theimeter of each MBR of intermediate
nodes is minimized. They also propose a force-reinsert tqubrio reduce the possibility of splitting
a full node that has the maximum number of entridg)( When a node overflows, instead of
immediately splitting, first attempt is made to see if somehef dbjects in the node could possibly
be more suited to be in another node. For B+ 1 entries in an overflowing node, distances
between the centroids of their MBRs and the centroid of theRWi the node are calculated. Then,
the entries are sorted in descending order of the distafitesfirstp entries in the sorted list are
removed from the current node and reinserted in the tree. deris only split if it is found to

overflow after reinsertion takes place. Therefore, such trdalisions may prevent more expensive
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split operations, and also storage utilization is improved

6) Hilbert Method: Kamel et al. [9] proposed an improved Betrcalled Hilbert R-tree, which uses a
Hilbert space filling curve for grouping data objects and osdebjects on the basis of the Peano-
Hilbert numbers (e.g., [13]) corresponding to the cens@tiMBRs. Every node has a well-defined
set of sibling nodes, and thus, deferred splitting can bel.uSbjects are stored in B*-tree. The
Hilbert space filling curve has been shown to give a degreeadesptilization as high as is desired.

7) Priority R-tree (PR-tree): Present by [1], PR-tree is the firdtde variant that answers a window
query (i.e., query box) by accessir((N/B)'~/¢ + T/B) blocks, whereN is the number of
d-dimensional objects stored is the number of objects per block, afidis the number of objects
whose bounding boxes intersect the query window. Mored®/@riree is a linear space structure and
asymptotically optimal in terms of query performance. Eipents show that the PR-tree performs
similar to the best known R-tree variants on real-life anttieely nicely distributed data, but

outperforms them significantly on more extreme data [1].

IV. A PARALLEL R-TREE SEARCH ALGORITHM

In this section, we first introduce our R-tree data structune then describe the details of our parallel
R-tree search algorithm. Lastly, we explain how the seargordhm operates on the given example

shown in Figure 1.

A. Data structure used in our R-tree search algorithm

Adjacency matrices are widely used to represent graphsraed.tWe also use an adjacency matrix
to represent the structure of an R-tree. Assuming that are&dontaing: nodes (sayRi, Ro, ..., R;,),

our adjacency matrixRKiree) of an R-tree is defined as follows:

1 if R; is the parent node aR;,
Rtreelil[jlnxn =

0 otherwise

wheren is the number of nodes in an R-tree. Table 1 shows the adjaeeatrix representing the R-tree
shown in Figure 1(b).

We also define dree-root vector of an R-tree as follows:
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Table 1 An adjacency matrix representing the R-tree in Figure 1(b).

Ri|Ry |R3 | Ry | Rs | Re | Ry | Rs | Rg | Rig | Ri1 | Ri2 | Rig | Ruu | Ris | Ris | Rir | Ris | Ruo
Ry 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Ry | O 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0
Ry |0 0 0 0 0 0 0 1 1 1 0 0 0 0 0 0 0 0 0
Ry | O 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0
Rs | O 0 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0
Rg | O 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0
R; | O 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1
Rg | O 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Ry | O 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Rip| O 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Ri1 | O 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
R | 0O 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Ri3 |0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Ri4 | O 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Ri5 |0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Rig | O 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Ri7 |0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Rig | O 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

1 if R; is a node in the root of an R-tree
tree-root[i],, =

0 otherwise

wheren is the number of nodes in an R-tree.
In addition to the structures just introduced, the coordigaof its bounding boxes also need to be
stored in order to find overlapped MBRs with a query box. UsiKg'] coordinates, each bounding box,

as a rectangle, can be uniguely represented by the coadindits corner points, as shown in Figure 5.

y
A <18 (x2" y2)
A
b) (b
(x1®y) 2"y
B
(xl(a,) yl{a)) (xéa,) yl(a))
x1”y1™ x2" y1”)
0

Figure 5. An example of two overlapped bounding boxes.
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We use a vector consisting of four elements in the format @ff2 y1 y2] to represent a bounding
box, wherex1 < 22 andyl < y2. Hence, the example shown in Figure 1(a) needs a matrix of the
dimension19 x 4 to store the coordinates of all bounding boxes. Thus, coatdimatrixCoor]| is

defined as follows:

for j =1, coordinate x1 of the bounding box @t;,

. for j = 2, coordinate x2 of the bounding box &;,
Coor[i][jlnxa =
for j =3, coordinate yl1 of the bounding box &f;,

for j = 4, coordinate y2 of the bounding box &f;,

wheren is the number of nodes in an R-tree.

After we have the coordinates of all the MBRs, we can find outtivreor not any bounding box is
overlapped with a query box. For any two overlapped bountioxes, they are both overlapped along
X-coordinate as well as Y-coordinate as shown in Figure 5.avttetail of how we find the overlapped

nodes is revealed when we discuss the R-tree search aftgdiritithe next subsection.

B. The details of the algorithm

Now we are ready to introduce a new parallel search algorifinran R-tree. The purpose of the
search algorithm is to find all leaf nodes whose bounding boxeslap a search rectangle (i.e., a query
box). For example, a query box (denoted By) that is overlapped with a few bounding boxes is shown
in Figure 1(a). Given the query box, the search starts frommdbenode. For every non-leaf node, it has
to be decided whether or not it overlaps with the query boyeH, all children nodes of such a non-leaf
node have to be searched iteratively. When a leaf node ihedadts bounding box (i.e., rectangle) is
tested against the query box, and fetched into the resuif #eintersects the query box. Searching is
traditionally done in a recursive manner until all nodesenheen traversed.

Before we present the pseudo code of the search algoritimslérst introduce some notations. In
this article, matrix[], matrix[i][] and matrix[][j] referto as “all elements in the matrix,” “all elements of
row ¢ in the matrix,” and “all elements of columpin the matrix,” respectively. Next, the pseudo code of
the parallel R-tree search algorithm is presented in Atgoril. Explanation of the algorithm in detail

is given in the next subsection.
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ALGORITHM 1 Parallel R-tree Search Algorithm
OVERL AP(box-a-coor[1:4], box-b-coor[1:4]) // Decide whether or not bod is overlapped with box3
1 if (box-a-coor[2] < box-b-coor[1]) or (box-b-coor[2] < box-a-coor[1])
/I Two boxes are not overlapped along X-coordinate.
then overlap-x < 0

else overlap-x < 1 // Two boxes are overlapped along X-coordinate.

2
3
4 if (box-a-coor[4] < box-b-coor[3]) or (box-b-coor[4] < box-a-coor[3])
5 then overlap-y < 0 // Two boxes are not overlapped along Y-coordinate.
6 €seoverlap-y < 1 // Two boxes are overlapped along Y-coordinate.
7 return overlap < overlap-x A overlap-y // Two boxes are overlapped if they are overlapped
// along both X and Y coordinates.
R-TREE-SEARCH((tree-root[ 1:n], query-box-coor[1:4])
8 for i« 1ton/lin parallel
9 do global-overlap-results[i] < OVERLAP(Coor[i][], query-box-coor[]) // Find all nodes with their
/I bounding boxes overlapped with the query box.
10 current-search-nodes[] «+ tree-root[]
11 while current-search-nodeq] contains at least one non-zero element

12 do current-overlap-nodes[] < current-search-nodes[] A global-overlap-resulty]

/l Find out whether or not any of the nodes being visited is lapged with the query box.

13 for ¢ < 1 to n // in parallel
14 do if (current-overlap-nodeg[i] = 1) and (R; is a leaf node)
15 then Record R; as one of the qualifying leaf nodes // We find a leaf node with its bounding
/I box overlapped with the query box.
16 for j « 1 ton // in parallel
17 do current-search-nodes[j] < Vi<;<n(Rtregfi][j] A current-overlap-noded[i]) // Find all
/I children nodes whose parent nodes are found to have
/I overlaps with the query box in the current iteration.
18 return

* A andV denote bitwise AND and OR, respectively.
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C. Explanation of the algorithm with a simple example

To explain how the search algorithm works, we use the bogntioxes and their corresponding R-
tree in Figure 1. We show how the proposed algorithm finds afl neales whose bounding boxes are
overlapped with the query box (i.eR, in Figure 1(a)). We assume that the coordinates?ofto Rig

and query boxR, are set as shown in Table 2.

Table 2 Coordinates ofR; to Ri9 and query boxR, shown in Figure 1(a).

Coordinates
Ry | Ry | R3 | Ry | Rs | Rg | Ry | Rg | Rg | Rig | Ri1 | Rio | Rig | Ria | Bus | Rig | Bar | Rag | Rig | Ry
X1 |9 2 10 |16 | 34 | 3 44 | 11 | 17 | 17 25 18 38 35 4 11 45 47 48 19
X2 |43 |58 |21 |29 |42 |22 |57 |15|20|20 |28 |26 |41 |39 |8 21 |56 |50 |53 24
yl| 0 23 | 5 1 8 30 |30 |13 |6 12 | 2 20 |9 15 | 35 31 |32 |31 35 24
y2 |37 |43 |19 |36 |29 |42 | 41|18 |10 |15 |35 |25 28 |21 |41 (41 |37 |40 |39 |33

Given two nodesR; and R, in the root and the coordinates of query bf, the algorithm starts
searching from the tree root. Before the search startscheégked for the bounding box of each nodg (
throughR,9) whether or not it is overlapped with query b& by calling sub-functiorOVERLAP (lines
8 to 9). TakingR; as an example, to check whether or dots bounding box is overlapped witR,,
we compareR;’s coordinates (i.e., [9 43 0 37]) witlik,’s (i.e., [19 24 24 33]). We can see from the
fact that 21 < £1(R) < 22(Ba) < 2901 (e, 9 < 19 < 24 < 43) and y1() < y1() <
y2Wa) < 2(F) (e, 0 < 24 < 33 < 37), R, is enclosed byR;. Thus, global-overlap-results1]
is set to 1. On the other hand, takii o for instance, the coordinates of its bounding box are [48
53 35 39]. Hence, we havel(d) < 2R < 21(B) < 2R (e, 19 < 24 < 48 < 53) and
yl(Ba) < g2(Ra) < 1(F1) < 42(f) (e, 24 < 33 < 35 < 39), which means that two boxes are not
overlapped along either X-coordinate or Y-coordinate. Assult, we know that the bounding box of
Ry9 is not overlapped with query bok,, and thusglobal-overlap-results[19] is set to 0. The other
elements inglobal-overlap-resulty] can be computed in the same way. Since there is no dependency
among the computation of elementgjiobal -overlap-resulty[], we perform all the computation in parallel
in hardware. The values of the elementgiabal-overlap-resulty[] are listed in Table 3. This means that
the bounding boxes oR;, Ra, R4, Re, Ri12 and Ry are overlapped with query bak,.

After vectorglobal-overlap-resulty] is computed, two nodeR; and Rs in the root are firstly visited.
As one of the inputs t&R-TREE-SEARCH, vectortree-root[1:19], defined in Table 4, shows that’

and 2" elements are the nodes in the root of the R-tree. Next, thelsés carried out in thavhile
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Table 3 The elements in vectaglobal -overlap-resulty].

Ri |Ry | R3 | Ry | Rs | Rg | Ry | Rg | Rg | Rio | Ru1 | Rio | Ri3 | Rua | Ris | Rig | Rir | Rig | Rag
1 1 0 1 0 1 0 0 0 0 0 1 0 0 0 1 0 0 0

loop (lines 11 through 17). In the rest of this sub-sectioa,g@ through each iteration of thehile loop

until the loop ends.

Table 4 The elements in vectdree-root[].

Ri |Ry | R3 | Ry | Rs | Rg | Ry | Rg | Rg | Rio | Ru1 | Rio | Ri3 | Rua | Ris | Rie | Rir | Rig | Rag
1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

At the beginning of the first iteratiorgurrent-search-node[] is [1100000000000000000] (i.e., equal to
vectortree-root[]). Thus, the loop condition in line 11 is true, and the algenitmoves on to line 12.
In line 12, we find out which nodes currently being visited avertapped with the query box, and store

the result incurrent-overlap-nodeg[]. current-overlap-nodeq] is calculated as follows:

current-overlap-nodeg]] = current-search-nodeg[] A global-overlap-resulty[]
= [1100000000000000000] A [1101010000010001000]

= [1100000000000000000]

where A denotes bitwise AND.

From the result, we know that the bounding boxes of béthand R, are overlapped with the query
box. Then, in lines 13 to 15, we check if overlapped noffigsand R, are leaf nodes. Since neither is,
we have not found any qualifying leaf node yet. Next, in lifgsand 17, we find all children nodes
of both R, and R,, and these children nodes are searched in the next iterdtiars, for each node in
the R-tree, we need to decide whether or not it is a child nddsitber R, or Rs. For the purpose of

illustration, we show how to check whether or n®j is a child node of eitheR; or R», which is done
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by computingcurrent-search-nodeg[ 3] as follows:

current-search-nodes[3] = (Rtree[1][3] A current-overlap-nodes]1])

V(Rtreg[2][3] A current-overlap-nodes[ 2] )

V(Rtree[19][3] A current-overlap-nodes[19])
= (IALH)VOALV...V(0AO)
=1
whereV denotes bitwise OR. As seen from above equattoinent-search-nodeg[ 3] is 1, meaning that
R3 is a child node of eitheR; or R,. At the end of the first iteration, we have updated vectorent-
search-nodes[]. The new values in vectaurrent-search-nodeg[] are shown in Table 5. These new values

indicate thatR3 through R; are children nodes of eithd®; or R,. Hence, they are visited in the second

iteration.

Table 5 Values of vectorcurrent-search-nodes[] after the first iteration.

Ri |Ry |R3 | Ry | Rs | Rg | Ry | Rg | Ry | Rio | Ru1 | Rio | i3 | Raa | Ris | Rig | Rar | Rig | Rag
0 0 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0

At the beginning of the second iteration, the loop conditiemains true since vectaurrent-search-
nodes[] contains five 1s. Similar computations as in the first iteraéienperformed in the second iteration.

In line 12, we calculate vectaurrent-overlap-nodeg[] as follows:

current-overlap-nodes]] = current-search-nodes]] A global-overlap-results]
= [0011111000000000000] A [1101010000010001000]

= [0001010000000000000]

From the new values of vectaurrent-overlap-nodeq ], we know that the bounding boxes &f; (child
of Ry) and Rg (child of Ry) are overlapped with query bak,. However, neither of them are leaf nodes.
Thus, the children nodes of botR, and R are calculated and stored in vecturrent-search-nodes].

The new values of vectawurrent-search-nodeg[] at the end of the second iteration are shown in Table 6.

IUPUI 13 TR-ECE-07-05



These values indicate th#t;;, R12, R15 and Ry are children nodes of eithek, or Rg and are going

to be visited in the third iteration.

Table 6 Values of vectorcurrent-search-nodeg[] after the second iteration.

Ry | Ry | R3 | Ry | Rs | Rg | Ry | Rg | Rg | Rio | R11 | Rio | Riz | Ria | Ris | Rig | Ri7 | Rig | Rig
0 0 0 0 0 0 0 0 0 0 1 1 0 0 1 1 0 0 0

Now the while loop continues with its third iteration because veatarrent-search-nodes] consists

of four 1s. Then in line 12, vectaturrent-overlap-nodeq[] is calculated as follows:

current-overlap-nodeq] ] current-search-nodes[] A global-overlap-results[]

[0000000000110011000] A [1101010000010001000]

= [0000000000010001000]

From the result, we know that the bounding boxesigf and R are overlapped with query bak,.

Since R1» and R4 are both leaf nodes, they are fetched into the result sett iNdines 16 to 17, new
values of vectorcurrent-search-nodes]] are calculated. Because bath, and Ry are leaf nodes, neither
of them has any child node. Thus, the values of vectorent-search-nodes[] become all zeros at the

end of the third iteration as shown in Table 7.

Table 7 Values of vectorcurrent-search-nodeg[] after the third iteration.

Ry | Ry |R3 | Ry | Rs | Rg | Ry | Rg | Ry | Rio | R11 | Rio | Ri3 | Ry | Rys | Rig | Ri7 | Raig | Rag
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Since vectorcurrent-search-nodes[] now contains all zeros, thehile loop terminates. This indicates
that all nodes whose bounding boxes are overlapped withube/dox have been visited and all qualified
leaf nodes have been found. Therefore, the R-tree searctitalgderminates for this example. The result
of this search indicates that the bounding boxes of two leafes, R, and R;g, are overlapped with
query boxR,. As also can be seen, the number of iterations thatwthide loop has executed is equal
to the height of the R-tree (in our example, the R-tree hasetlayers) because the algorithm searches

one entire tree layer per iteration.
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V. HARDWARE IMPLEMENTATION

A diagram of hardware implementation of the proposed palr&ditree search algorithm is shown in
Figure 6. On the left side of Figure 6, the “Coordinates” bloekresents dozens of registers that store
the values of coordinates (i.ed, x2, y1 andy2) of the R-tree bounding boxes and the query box (values
in matrix Coor[]). On the right side, the “R-tree” block represents the tegssthat store the values of
adjacency matrixxtree. Each “RT” cell in the figure contains an element in matRixee. Elements in
vectorsglobal-overlap-results[], current-overlap-nodes[] andcurrent-search-nodes are stored in the cells
marked with “global overlap results”, “current overlap @stl and “current search nodes”, respectively.
We use the Mentor Graphics ASIC Design Kit 3.0 [4] with the TSME 2n standard cell library [15]
to synthesize the described R-Tree-Search hardware unitaf#geof a synthesized R-Tree-Search unit
is 199 units, each of which is equivalent to a minimum-siagd-input NAND gate in the library. The

simulation of such hardware unit performing the search etardescribed in Section IV-C is discussed

in next section.

Coordinates ; globle overlap rqsults R-tree nodes

[oe) [w [ - [
e[ el w e | (o] w0 (w7 [

1 current searc

OVERLAP

ol [y v e} | [ [ [ <o [

‘Query| x1 —{ current overlap nodes }7

Figure 6. Diagram of hardware implementation of the parallel R-treeclsesdgorithm.

VI. EXPERIMENTS AND DISCUSSION
A. Smulation of hardware implementation

To validate the correctness of the proposed parallel R-4$esrch algorithm, we implement it in
Verilog HDL and simulate our implementation using ModelSig2/[6]. Our implementation follows

the hardware diagram depicted in Figure 6, and performs thelseexample described in Section IV-C.

IUPUI 15 TR-ECE-07-05



Through the simulation, we demonstrate that our implemiemtdtnishes the search process described
in Section IV-C in three clock cycles, which is determined hg humber of iterations that thghile

loop (lines 11 through 17) executes. It is because the sedorty different tree branches is performed
in parallel. Thus, all nodes with overlapped bounding boxethé same tree layer are searched simulta-
neously in hardware in one iteration. Since the R-tree dsamlisn our example (Section IV-C) has three

layers, the search algorithm finishes in three cycles.

B. Comparison between hardware and software R-tree search algorithm

To investigate the benefit of implementing an R-tree searghrithm in hardware, we compare the
number of clock cycles that the proposed algorithm in hardwaeeds with that of its corresponding
software implementation in solving the same search problEne pseudo code of the R-tree search
algorithm in its software version is presented as followsteNthat the maximum number of sub-nodes

in a node in Figure 1 is 3 (i.e)/=3).

SF-RTREE-SEARCH (node, querybox)
1 if node has overlaps witlquerybox
2 then

if node has no children

then include this node into the result set

3

4

5 else
6 SF-RTREE-SEARCH (node—left-child, querybox)
7 SF-RTREE-SEARCH (node—mid-child, querybox)
8 SF-RTREE-SEARCH (node—right-child, querybox)

To ensure a fair comparison, we construct a simulated canpagstem using Mentor Graphics
Seamless [5], which can run both the hardware and softwargovenof the R-tree search algorithm.
The system contains one Motorola MPC755 processor and SRAM mpeoh@56MB. To measure the
performance of the search in hardware, we integrate thesaaedunit described in Section V within the

simulated system so that the hardware unit can be contrfifedigh a program. The program is written
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in C language and able to write values into “Coordinates” dRdree” registers shown in Figure 6 (to
fill in the coordinates and construct tree structures) argbén the search algorithm in hardware. The
recursive software implementation of the R-tree searcbrithgn follows the pseudo code 8F-RTREE-
SEARCH, and is also written in C language. Both programs are comhpiting a PowerPC-GCC cross-
compiler. We use Atalanta Real-Time Operating System (RT@8)ion 0.3 [14] to execute the programs
on the processor.

We execute both programs to solve the search problem deddrilSection IV-C and count the number
of clock cycles for each program from the moment it is stattkdét ends. According to our simulation,
the program that controls the search algorithm in hardwakest 103 clock cycles to finish the search
while the software search program takes 3,393 clock cyoddmish the search. These results show that
for a problem whose size can be accommodated by hardwareitggeerformance gain compared to
software version of the search algorithm is decent. Howeavkeile software can be conveniently modified
to deal with large data sets, it is more advisable to handigeldata sets in hardware using figide-
conquer approach instead of stretching hardware capacity. Thuse @ire costs to divide a large problem
into smaller sub-problems, manage the sub-problems andentbe results from sub-problems into a
complete solution.

We have also considered the other two optimization oppdign (i) the rows in the adjacency matrix
of an R-tree whose elements are all zeros are not used dinéngetarch and thus the “zero” lower block
can be removed, and (ii) the overlap algorithm needs to beng@d to reduce area overhead. In the
future, more research will be conducted to study about howrtperly handle problems whose sizes

exceed hardware capacity to maintain good performanceeo$diarch algorithm overall.

VIlI. CONCLUSION

R-tree is crucial data structure used to manage informatigspatial databases. The efficiency on R-
tree operations is of vital importance to the performancspaftial databases. In this report, we propose
a parallel R-tree search algorithm in hardware. When the aizhe search problem fits in the capacity
of the hardware, the run-time complexity of the proposedidtigm is bounded by the height of an
R-tree. In addition, our simulation shows that performagai of such a search algorithm in hardware
can be 30 folds faster than the same algorithm implementesbftware. Furthermore, to adapt the

proposed algorithm to solve large problems, we also desigralgorithm in such a way that it is ready
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to work under thedivide-conquer approach. In the future, more research will focus on how thuce
area overhead and integrate the proposed algorithm withlitihée-conquer approach while maintaining

good performance.
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