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Abstract

Spatial indexes, such as the PMR quadtree, are important in spatial databases for efficient execution of
gueries involving spatia constraints, especially when the queries involve spatial joins. We investigate the
issue of speeding up building PMR quadtrees for a set of objects and develop two approaches to achieve
thisgoal. In an empirical study, we find that the better method of the two offers significant improvementsin
execution time, and present evidence of the usefulness of spatial indexing for executing spatial join queries.
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1 Introduction

Traditional database systemsempl oy indexes on a phanumeric data, usually based on the B-tree, to facilitate
efficient query handling. Typically, the database system allows the users to designate which attributes (data
fields) need to be indexed. However, advanced query optimizers also have the ability to create indexes on
un-indexed data or temporary results (i.e., resultsfrom a part of the query) as needed. In order for thisto be
worthwhile, theindex creation process must not be too time-consuming, as otherwise the operation could be
executed more efficiently without an index. In other words, the index may not be particularly useful if the
execution time of the operation without an index is several times faster than the total time to execute it when
the timeto build the index is included.

Of course, indexes are often used even though the speed of constructing them is slow when the resulting
indexed datais queried many times. In thiscase, thetimeto build theindex is amortized over the number of
gueries made on the indexed data before a new index needs to be constructed (e.g., on account of updates).
Thisisthe case when the database is static.

In the research reported here, we focus on the situation where the database is dynamic. Thisis an often-
neglected issuein the design of spatial databases. The problem isthat most often the index is chosen on the
basis of the speed with which queries can be performed and on the amount of storagethat is required. The
gueries usualy involveretrieval rather than the creation of new data. This emphasis on retrieva efficiency
may lead to a wrong choice of an index when the operations are not limited to retrieval. Thisis especialy
evident for a query such as the spatia join. As an example of this query, supposethat given aroad relation
and ariver relation, we want to find all locations where aroad and river meet (i.e., locations of bridges and
tunnels). This can be achieved by computing a spatial join of the two relationswhich isrealized by joining
thetwo relations. The join condition isone that resultsin extracting all tupleswhose spatia attribute values
have at |east one point in common.

The spatial join is an interesting operation because its output has both arelationa and a spatial compo-
nent. In practical terms, for example in the case of line segments, we don’'t always want to just report the
object pairs (i.e., lines or the names of the rivers and roads in our example) that intersect. In particular, we
want to report their locations as well so that they can serve as input to subsequent spatial operations (i.e., a
cascaded spatia join as would be common in a spatia spreadsheet). Therefore, we also need to construct a
map for the output, which means that we need to construct a spatial index. In other words, the time to build
the spatial index plays an important role in the overall performance of the index in addition to the time re-
quired to perform the spatia joinitself whose output is not always required to be spatial. Interestingly, most
traditional studies of the effect of spatial indexing on the efficiency of the spatial join (e.g., [1, 5]) only fo-
cused on the relational component of the output, while very few (e.g., [6]) included a spatial component in
the output.

In this paper we examine the efficiency of building the spatial index. In particular, we focus onthe PMR
quadtree spatial index [9]. The PMR quadtreeis of particular interest as we showed in an earlier study [6]
that the PMR quadtree performs quite well for a spatial join in contrast to other spatial data structures such
as the R-tree (including variants such as the R*-tree) and the R™ -tree.

Improving the performance of building a quadtree spatial index is of interest to usfor a number of addi-
tiona reasons. First of all, the PMR quadtree is used asthe spatial index for the spatia attributesin aspatial
database system built by us called SAND (Spatial and Non-Spatial Data) [3]. SAND employs a datamodel
inspired by the relational algebra. The basic storage unit is an attribute, which may be non-spatial (e.g., in-
teger or character string) or spatia (e.g., points, lines, polygons, etc.). Attributesare collected into relations,
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and relation data is stored as tuplesin tables, each of which isidentified by atuple ID. SAND usesindexing
to facilitate speedy access to tuples based on both spatial and non-spatia attribute values. Second, quadtree
indexes have started to appear in commercial database systems such as the Spatial Data Option (SDO) from
the Oracle Corporation [10]. Thus speeding their construction has an appeal beyond our SAND prototype.

One problem with using the PMR quadtree as an index is that despite the results of our previous com-
parative study [6], we still find that building a PMR quadtree is a time-consuming process. Our godl isto
speed up the process of building a PMR quadtree from a set of objectsin order to make the PMR quadtree
more useful for spatia indexingin SAND. In particular, thiswould make it possiblefor the query optimizer
to build indexeson thefly astheneed arises. Thisisespecially important for queriesthat involvespatial joins
as we saw in the example above.

We use the term bulk-loading to characterize the process of building a disk-based spatial index for an
entire set of objects without any intervening queries. The approach taken in this paper is based on the idea
of trying to fill up memory with as much of the quadtree as possible before writing some of its nodes on
disk. Although our presentation and experiments are in terms of the PMR quadtree, our results hold for any
variant of the quadtree. Therest of thispaper isorganized asfollows. Section 2 describesthe PMR quadtree
and its implementation in SAND which serves as the prototype whose construction time is being speeded
up. Section 3 presents our approach. Section 4 discusses the results of our experiments, while concluding
remarks are drawn in Section 5.

2 PMR Quadtrees and their Implementation

By theterm quadtree[11] we mean aspatial datastructure based on adisjoint regular decomposition of space.
Each quadtree block (sometimes referred to as a cell) covers a portion of space that forms a hypercubein d-
dimensions, usually with aside length that is a power of 2. Quadtree blocks may be further divided into 2¢
sub-blocks of equal size. Oneway of conceptualizing aquadtreeisto think of it as an extended 2¢-ary tree!.
Another way isto focus on the space decomposition, in which case it can be thought of as being an adaptive
grid. Usually, there is a prescribed maximum height of the tree, or equivalently, a minimum size for each
quadtree block.

The PMR quadtreeisadynamic spatia data structure based on theidea of a quadtree, where objects are
stored only inleaf blocksthat intersect them. If, uponinserting an object o into aquadtree block b, the number
of objectsin b exceeds a splitting threshold 7" and b is not at the maximum level, then b is split into 2¢ sub-
blocks, and the objectsin b (including o) arereinserted into the newly created blocksthat they intersect. Note
that the sub-blocks are not split further during the insertion of o, even if they contain more than 7' objects.
This aspect of the PMR quadtree gives rise to probabilistic behavior in the sense that the order in which the
objects are inserted affects the shape of the resulting tree.

Since the PMR quadtree gives rise to a disjoint decomposition of space, and objects are stored only in
leaf blocks, thisimplies that non-point objects may be stored in more than one leaf block. The part of an
object that intersects a leaf block that containsit is often referred to as a g-object.

Quadtrees can be implemented in many different ways. One method, inspired by viewing them as trees,
is to implement each block as a record, where non-leaf blocks store 27 pointers to block records, and |eaf
blocksstore alist of abjects. However, this pointer-based approach isill-suited for implementing disk-based
structures. A general methodology for doing this isto represent only the leaf blocks in the quadtree. The

L An extended k-ary tree is atree where each node is either aleaf node or contains k children.
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location and size of each leaf block isencoded in some manner, and theresultisused asakey into an auxiliary
disk-based data structure. This approach istermed alinear quadtree[4].

Theimplementation of the PMR quadtree used in the SAND spatia databaseisbased on ageneral linear
guadtree implementation called the Morton Block I ndex (abbreviated as MBI). The size of the space covered
by an MBI has side length of 2* with 0 as the origin for each dimension, and the minimum side length of
a quadtree block that can be represented is 1. The MBI encodes quadtree blocks using a pair of numbers
(termed aMorton block value): the Morton code of the quadtree block along with the sidelength of the block
(storedinlog, form). The Morton code of aquadtree block is constructed by bit-interleaving the coordinate
valuesof thelower-left corner of theblock. Not all possibleMorton block values correspondto legal quadtree
blocks. For example, for a 2-dimensional quadtree, the only quadtree block that can have alower-left corner
of (1, 1) has aside length of 1. However, each Morton code can correspond to many quadtree blocks, e.g.,
the point with coordinate values (0, 0) can be the lower-left corner of blocks of any size from 1 through 2.
Notice that the fact that the range of the Morton codes is from 0 to 2% for each dimension is not realy a
limitation, as it is a simple matter to transform coordinates in any other range into the range of a Morton
code, and vice versa

Morton codes provide a mapping from a d-dimensiona point to a one-dimensional scalar, the result of
whichisknown as aspace-filling curve. When the d-dimensional pointsare ordered on the basis of their cor-
responding Morton codes, the order is called a Morton order. It isaso known as a Z-order sinceit traces a
‘Z’ patternintwo dimensions. Many other space-ordering methods exist, such asthe Peano-Hilbert, Cantor-
diagonal, and spiral orders. However, of those, only the Morton and Peano-Hilbert orders are useful for or-
dering quadtreeblocks. The advantage of the Morton order isthat it ismuch simpler, thereby making it com-
putationally much less expensive, to convert between aMorton code and its corresponding coordinate val ues
(and vice versa) than between a code based on Peano-Hilbert order and its corresponding coordinate val ues.
In addition, various operations on Morton block values can be implemented through simpl e bit-manipulation
operationson Morton codes. Examplesinclude computing the Morton block valuesfor sub-blocks, for acon-
taining block as well as for the neighboring blocks of a quadtree block.

The MBI uses a B-tree to organize the Morton block vaues, employing a lexicographic sorting order
on the Morton code and side length. Note that this corresponds to a Z-order on the quadtree blocks. For a
quadtreeleaf nodewith £ objects, the corresponding Morton block valueisrepresented 4 timesin the B-tree,
once for each object. The B-tree uses a small amount of buffering of B-tree nodes, storing only the B-tree
nodes from the root to the current node being searched, as well as possibly the sibling of the current node
(e.g., when splitting and merging).

3 Our Approach

Our implementation of the PMR quadtree as described in Section 2 is very flexiblein severa respects. The
MBI supports any number of dimensions, an underlying space with a side width of up to 232, and the size
of the object (in terms of the number of bytes) stored inthe MBI isunlimited. The splitting threshold of the
PMR quadtree is aso unlimited. Nevertheless, we found its performance to be respectable for dynamic in-
sertions and a wide range of queries. However, for loading a large number of objects simultaneoudly (i.e.,
bulk-loading), this flexibility proved to degrade performance. One reason for thisinefficiency isthat, in ad-
dition to the cost of B-tree operationswhen traversing the tree structure implied by the quadtree, node splits
arevery costly. Thisisduetothefact that when aquadtree nodeissplit, references to objects must be del eted
from the B-tree, and then reinserted with Morton block valueidentifiers of the newly created quadtree nodes.
The deletionsfrom the B-tree may cause merging of B-tree nodes, and the subsequent reinsertions of the ob-
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jects with their new Morton block values will then cause splitting of these same nodes. This causes alot of
disk activity.

We devel oped two approaches in an attempt to speed up bulk-loading. One attacks the problem on the
B-tree level, while the other attacks it on the PMR quadtree level. The first approach is to dramatically in-
crease the amount of buffering done by the B-tree (the B-tree buffering approach). The second approach is
to reduce the number of accesses to the B-tree as much as possible by storing parts of the PMR quadtree in
main memory (the quadtree buffering approach).

3.1 B-tree Buffering

In the B-tree buffering approach, we use a buffer to store recently used B-tree nodes, and employ an LRU
(least recently used) replacement policy to make space for anew node. A node locking mechanism ensures
that the nodes on the path from the root to the current node are not replaced. Such extensive buffering was
not included in our original implementation becauseit wasfound to offer little performance improvement for
dynamic insertion aswell as many query types. Thisis dueto thefact that for such use, B-tree nodestend to
have been replaced by the time they are needed again, as quadtree blocks are requested in alargely random
manner. Also, it is mostly uselessfor processes that access the whole quadtree in Z-order (such as done by
some spatia join algorithm), asthey give rise to a sequentia scan of the MBI B-tree.

In order to make the most of the B-tree buffering approach, it is best that quadtree nodes be visited in Z-
order, sincethat order correspondsto how they are sorted in the B-tree. By sorting the set of objectsto insert
in Z-order on their centroid, we will approach that goal (as they will tend to localize insertions within the
top-most B-tree nodes, i.e., the ones storing the largest Morton block values). Sorting a set of objects prior
to insertion is a small price to pay, asit is usually a much less expensive process than the cost of building
the spatia index. It is a common approach for statically built spatial data structures (e.g., Hilbert-packed
R-trees [7]).

3.2 Quadtree Buffering

In the quadtree buffering approach, we build a pointer-based quadtree in main memory, thereby bypassing
the MBI B-tree. Of course, this can only be done as long as the entire quadtree fits in main memory. Once
availablememory isused up, parts of the pointer-based quadtree are flushed (i.e., written) onto disk (i.e., into
the MBI). When al the objects have been inserted into the pointer-based quadtree, the entire tree isinserted
into the MBI. In order to maintain compatibility with the MBI-based PMR structure, we use Morton block
values to determine the space coverage of quadtree blocks. Notethat it is not necessary to store the Morton
block valuesin the nodes of the pointer-based structure (each node correspondsto aquadtree block), as these
can be computed during traversalsof thetree. However, acareful analysisof execution profilesreveal ed that
alarge percentage of the execution time was spent on bit-mani pulation operations on Morton block values.
Thus, we chose to store the Morton block values in the nodes, even though this increased their storage re-
quirements.

We use a set of heuristicsto choose which quadtree blocks (also referred to as nodes) to flush. The god
isto flush quadtree blocksthat will not be needed later on, i.e., no subsequently inserted object intersectsthe
block. In general, it isimpossibleto attain thisgoal for arbitrary insertion patterns. However, sorting the set
of objects prior to building the spatial index makes it possibleto get closeto the goa. Asin the case of the
B-tree buffer approach, sorting the objectsin Z-order doesthetrick. Using such an ordering would mean that
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the insertion activity would be rather localized in the tree, so once nothing has been inserted into anode «
for along time, a will most probably not be inserted into again.

The process of choosing quadtree blocks to flush makes use of a set of statistics that is maintained for
each node a:

1. Thetime at which thelast insertion was made into the quadtree block corresponding to a.

2. The number of g-objectsin the subtree rooted at « (recall that a g-object is the part of an object that
intersects a containing leaf block).

3. The number of nodesin the subtree rooted at «, not counting the node « itself (for leaf nodes, thisis
aways0).

After anode in the pointer-based quadtree is flushed to the MBI, its contents (i.e., child nodes for non-
leaf nodes or object listsfor leaf nodes) are deallocated, and the node is marked as an MBI node. The node
is kept around in case there are subsequent insertionsinto it, in which case the MBIl-based PMR quadtree
insertionroutineisinvoked for that quadtree block. The amount of memory used by asubtreeis proportional
to the number of g-objectsand hodesin the subtree. Thus, the flushing processis guaranteed to free acertain
percentage @), termed the flushing quotient, of the g-objects or nodes. The decision processis recursive on
the pointer-based quadtree nodes and starts at theroot. Initially, the number of g-objects, V,, and nodes, V,,,
tofreeisset at ¢) timesthetotal number of g-objectsand nodesin the memory-based structure. Each time a
nodeis flushed, N, and NV,, are reduced as appropriate, terminating the processiif either value reaches zero
(actually, N,, never reaches zero unlessitisamultipleof 2¢, so either it can be made amultipleof 2¢ initially,
or the terminating condition can be made that it is less than 27).

A recursive invocation of the flushing method proceeds as follows, where » is the node under consid-
eration. If n isaleaf node, it isflushed. For a non-leaf node, if the number of g-objects and nodes in the
subtree rooted at 7 is less than or equal to NV, and IV, respectively, then the whole subtree rooted at 7 is
flushed to the MBI. Otherwise, the child nodes of » are considered in the order of their last insertion time
(i.e., nodes that have not been inserted into the longest are considered first). The flushing processis applied
recursively to the child nodes that have not yet been flushed and whose number of g-objectsis at least 21_d
times the number of g-objectsin the whole subtreerooted at » (recall that » has 2¢ child nodesimplying that
this quantity is the average number of g-objects in the child nodes). The latter rule is a heuristic that tends
to flush nodes that will not be inserted into again, given that objects are inserted in Z-order, asit makes sure
that only child nodeswith an above average number of g-objectsare processed. Notethat often, only thefirst
few child nodes of n are looked at, since the process terminates once enough g-obj ects and nodes have been
freed from memory.

In additionto controlling how much memory isfreed, the flushing quotient providesameansfor control-
ling how deep into the tree the recursive flushing process descends in its search for nodesto flush. In other
words, asmall flushing quotient will cause a deeper descent into the tree than will alarge flushing quotient.
Also, note that we don’t require both N, and N,, to fall down to zero. The reason is that this tends to cause
too many nodes to be flushed (i.e., objects are highly likely to be inserted into many of the flushed nodes).
Thereason for basing the heuristic process on both the number of g-objectsand nodesisthat it providesmore
consistent results (in terms of the amount of memory that isfreed) than using only one, especially for small
buffer sizes.
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4 Empirical Results

We implemented both of our approaches to speeding up the bulk-loading of quadtrees and ran experiments
with two-dimensional line data, both real-world and randomly generated. The real-world data consists of
three data sets from the TIGER/Line File[2]:

1. Washington DC: 19,185 line segments.
2. Prince George's County, MD: 59,551 line segments.
3. Roads in Washington DC metro area: 200,482 line segments.

Therandomly generated data sets have 64,000, 128,000 and 256,000 line segments and were constructed
by generatingrandominfinitelinesin amanner that isindependent of transl ation and scaling of the coordinate
system [8]. These lines are clipped to the map area to obtain line segments, and then subdivided further at
intersection points with other line segments so that at the end, line segments meet only at endpoints.

In our experiments, we chose to store the entire geometry of the objectsin the PMR quadtree. The side
length of the space containing the data was 2!° = 32768 and the splitting threshold was set at 8. Larger
splittingthresholdsmakethe quadtree buffering approach even more attractive. However, as8isacommonly
used splitting threshold, thisis the value we used.

The programs we used were compiled with the GNU C++ compiler with full optimization (—O3), and the
experimentswere conducted on aSUN SPARCstation 5 Model 70 (rated at 60 SPECint92 and 47 SPECfp92)
with 32MB of memory.

Figure 1 shows the speedup in the insertion time for five buffering methods when the line segments are
inserted in Z-order (including thetimefor sorting the line segments) in comparison to inserting the segments
intheir original order without buffering. In thefigure, “BB-large” and “BB-small* denote B-tree buffering
with alarge buffer and a small buffer (100 nodes occupying 400K), respectively. The large buffer sizefills
amost al available memory, and is large enough to hold the entire quadtree except for the two largest data
sets. Similarly, “ QB-large* and“QB-small” denote quadtree buffering withalarge and asmall buffer (100K),
respectively. Again, the large buffer for quadtree buffering islarge enough to hold entire quadtree for all but
the largest data sets. The reason for including the cases using the large buffers is to reveal the maximum
speedup that can be achieved with buffering, as in this extreme case no flushing of quadtree nodes needs to
be done until the whole tree has been built. This gives a useful yardstick for assessing the performance of
our flushing heuristics when using a small buffer. While 100K may not seem like avery small buffer, itis
neverthelessasmall fraction of thesize of theindex, or lessthan 4% for the DC data set, and even lessfor the
others. Furthermore, in an era when 32MB of main memory is considered small, 100K is not very “large’.
Finaly, “Both-small” is the result of using both buffering methods simultaneously with a small buffer size
for both. We used a flushing quotient of .25 for the quadtree buffering method.

The most startling observation we can make from Figure 1 isthat quadtree buffering is up to more than
8 times faster than not using any buffering when the quadtree buffers are large, while being about 5 times
faster when the quadtree buffers are small.
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Figure 1: Improvements of the buffering methods over no buffering, taking sort-
ing time into account.

5 Concluding Remarks

We have shown that quadtree buffering enabled usto build aquadtreein time that was an order of magnitude
smaller than our original PMR quadtree implementation. Even when using modest amounts of memory for
the buffering, theimprovement was considerable (afactor of 5). The B-tree buffering approach offered some
improvements over the original implementation that did not use any buffering, but not nearly as much asthe
quadtree buffering approach, even for large buffer capacity when disk activity is kept at a minimum. This
demonstratesthat the linear quadtreestorage methodishighly CPU intensive, at least for insertions. A signifi-
cant portion of the CPU timeis spent in computing operationson Morton block val ues, acost that was avoided
in the quadtree buffering approach by storing the Morton block values in the pointer-based quadtree struc-
ture. Other factors that explain the difference in performance are the higher overhead involvedin traversing
the quadtree through the MBI as well as the repeated splitting and merging of B-tree nodes resulting from
guadtree node splits due to deletion and reinsertions of Morton block values.

Future work includes investigating whether our buffering strategies for bulk-loading may be used to
speed up dynamic insertionsand queries. Also, thefact that our system can build PMR quadtrees efficiently
will enable us to build a spatial query processor for SAND that exploitsthisto construct spatial indexes for
temporary results (e.g., results from other, possibly non-spatial, queries), or for un-indexed spatial relations,
prior to spatial operationsonthem. Thisisparticularly important for complex operationssuch as spatial joins.
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