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Abstract. The polygon amalgamation operation computes the bound-
ary of the union of a set of polygons. This is an important operation
for spatial on-line analytical processing and spatial data mining, where
polygons representing different spatial objects often need to be amalga-
mated by varying criteria when the user wants to aggregate or reclassify
these objects. The processing cost of this operation can be very high
for a large number of polygons. Based on the observation that not all
polygons to be amalgamated contribute to the boundary, we investi-
gate in this paper efficient polygon amalgamation methods by excluding
those internal polygons without retrieving them from the database. Two
novel algorithms, adjacency-based and occupancy-based, are proposed.
While both algorithms can reduce the amalgamation cost significantly,
the occupancy-based algorithm is particularly attractive because: 1) it
retrieves a smaller amount of data than the adjacency-based algorithm;
2) it is based on a simple extension to a commonly used spatial indexing
mechanism; and 3) it can handle fuzzy amalgamation.

Keywords: spatial databases, polygon amalgamation, on-line analytical
processing (OLAP), spatial indexing.

1 Introduction

Following the success and popularity of on-line analytical processing (OLAP)
and data mining in relational databases and data warehouses, an important
direction in spatial database research is to develop spatial data warehousing,
spatial OLAP and spatial data mining mechanisms in order to extract implicit
knowledge, spatial relationships, and other interesting patterns not explicitly
stored in spatial databases [7,14]. Huge amounts of spatial data have been accu-
mulated in the last two decades by government agencies and other organizations
for various purposes such as land information management, asset and facility
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Fig. 1. An example of polygon amalgamation.

management, resource management, and environment management. With the
maturity of commercial spatial database management systems (SDBMS), it is a
trend to migrate spatial data from proprietary file systems to an SDBMS. Thanks
to various national spatial data initiatives and international standardization ef-
forts, it is now both feasible and cost-effective to integrate spatial databases from
different sources. Dramatic improvements have been made on the accessibility
to extensive and comprehensive data sets in terms of geographical coverage, the-
matic layers and time. With huge amounts of integrated spatial data available,
it is an imminent task to develop powerful and efficient methods for the analysis
and understanding of spatial data and utilize them effectively.

For efficient OLAP and mining of spatial data, a spatial data warehouse
needs to be built [15]. The cost of building a spatial data warehouse is intrinsi-
cally higher than building a relational data warehouse. Spatial operations are
both I/O-intensive (for retrieving large amounts of spatial objects from database)
and CPU-intensive (for performing complex spatial operations). Design of effi-
cient spatial indexing structures and algorithms for processing various spatial
operations and queries have been the focus themes in spatial database research
[1,3,6,10-13,20,21, 23,24, 26]. Satisfactory performance has been achieved for
many spatial database operations. However, in the process of evolving SDMS
towards spatial OLAP and spatial data mining, the performance of spatial data
processing becomes the bottleneck again since these new applications analyze
very large amounts of complex spatial data using costly spatial operations.

Among many spatial operations, we have found that special attention needs
to be paid to one particular operation, the polygon amalgamation operation.
Given a set of source polygons, this operation computes a new polygon (called
the target polygon) which is the boundary of the union of the source polygons.
Figure 1 (b) shows the target polygon from merging the source polygons shown
in Figure 1 (a). While both intersection and union are basic operations on poly-
gon data, the polygon amalgamation problem, unlike the polygon intersection
problem, has received little attention so far in the context of spatial databases.
This operation, however, becomes a fundamental operation for emerging new
applications such as spatial OLAP and spatial data mining.



Consider a typical scenario in spatial OLAP. A region is partitioned into a
set of areas (represented as polygons), where each area is described by some
non-spatial attributes (for example, area name, time, temperature and precipi-
tation). Using the spatial data warehouse model proposed in [15,17], a spatial
data cube can be constructed with a spatial dimension (e.g., area) and several
non-spatial dimensions (e.g., area name, time, temperature, precipitation). The
measures used here can be non-spatial such as daily, weekly or monthly, or spatial
such as combined areas according to certain concept hierarchy. Typical OLAP
operations such as drill-down and roll-up can be applied to both spatial and
non-spatial dimensions. A roll-up operation, such as generalizing temperature
from degrees as recorded in the database into broader categories such as ‘cold’,
‘mild’” and ‘hot’, requires to merge areas according to their temperature degrees.
Target polygons generated from such a generalization operation can be used for
further operations (e.g., overlay with another spatial layer such as soil types). To
spatial data mining, the polygon amalgamation operation is also important. For
example, the user may want to group similar or closely related spatial objects
into clusters, or to classify spatial objects according to certain feature classes
(such as highly developed vs. poorly developed regions) [8,17,18]. Such mining
will lead to combining polygons into large groups for high level description or
inductive inference, using the polygon amalgamation operation.

The above discussion shows that an OLAP operation on a spatial dimension
or a clustering operation on a group of spatial objects can result in new polygons
at a high level of abstraction. Because of high processing cost associated with the
polygon amalgamation operation, it is desirable to pre-compute target polygons
and store them in the data cube in order to support fast on-line analysis. Obvi-
ously, it is a trade-off between the on-line processing cost for computing target
polygons and the storage cost for materializing them. A similar problem in re-
lational OLAP has been investigated by several researchers (e.g., [4,16]). While
materializing every view requires a huge amount of disk space, not materializing
any view requires a great deal of on-the-fly and often redundant computation.
Therefore, the cuboids (which are sub-cubes of a data cube) in a data cube are
typically partially materialized. Even when a cuboid is chosen for materializa-
tion, it is still unrealistic to pre-compute every possible combination of source
polygons when there are a large number of source polygons due to a prohibitive
amount of storage required for newly generated polygons [15]. In other words,
some polygon amalgamation tasks have to be performed on the fly. Moreover,
certain types of multi-dimensional analysis require dynamic generation of hi-
erarchies and dynamic computation of polygon amalgamation. In the previous
example, different users may define different temperature ranges for ‘cold’, ‘mild’
and ‘hot’. It might be necessary for some spatial data mining algorithms to try
different classification (e.g., adding two more categories ‘very cold’ and ‘warm’
in order to find relationships between temperature and vegetation distribution).
This type of analysis also demands dynamic polygon amalgamation.

Efficient polygon amalgamation is crucial for both building a spatial data
warehouse and on-line processing. A straightforward method for polygon amal-



gamation is to retrieve all source polygons from database, and then merge them
using some computational geometry algorithm such as described in [22]. Such
a simplistic approach can be very time-consuming when the number of source
polygons is large. We observe that there exist some internal polygons which do
not contribute to the boundary of the target polygon. For example, if it is suf-
ficient to use only the polygons shown in Figure 1 (c) to compute the target
polygon in Figure 1 (b), a saving can be made by not to fetch and process other
internal polygons. Savings from such an optimization can be significant as the
number of polygons to be processed is reduced to be proportional to the perime-
ter of the target polygon, as opposed to its surface area. Obviously, the CPU
cost of polygon amalgamation can be reduced by processing a smaller number of
polygons. Whether the I/O cost can also be reduced depends on if those internal
polygons can be identified without retrieving them from the database.

In this paper, we propose two novel methods for identifying internal polygons
without retrieving them from the database. The first method uses the informa-
tion about polygon adjacency, and the other takes an advantage of spatial index-
ing. Both algorithms are highly effective in reducing CPU and I/O costs. The
latter, however, is particularly attractive for several reasons. Comparing with
the adjacency-based algorithm, it takes less time in identifying internal poly-
gons. More importantly, it is based on a simple extension to a popular spatial
indexing mechanism that is supported by many SDBMSs. Thus, this algorithm
can be incorporated easily and efficiently into the SDBMSs supporting that
type of indexing mechanism. Another advantage comes when there are holes in
target polygons. For spatial OLAP and spatial data mining applications, it is
sometimes desirable to ignore holes smaller than certain threshold. These small
holes might be insignificant to applications, or caused by imperfect data quality
(for example, a small area with a high temperature surrounded by areas with
low temperatures can be a ‘noise’). We call it fuzzy amalgamation if the holes
smaller than a specified threshold are to be ignored when merging polygons.
Unlike the adjacency-based algorithm, the occupancy-based method can handle
fuzzy amalgamation without incurring extra overhead for removing small holes.

The remaining of the paper is organized as follows. In Section 2, we give a
basic amalgamation algorithm that processes all source polygons. The adjacency-
based and occupancy-based algorithms are discussed in Section 3. A performance
study of these algorithms is reported in Section 4. We conclude our discussion
in Section 5.

2 A Simple Approach

In this section, we give a simple amalgamation algorithm that processes all source
polygons. This algorithm provides a reference for evaluating the performance of
other algorithms.



Fig. 2. Polygon representation

2.1 Polygon Representation

Let D be the data space, and P = {p;|¢ = 1..n} be a set of polygons inside D
where p; also denotes the identifier of polygon p;. Polygon identifiers are unique
in P. The boundary of a polygon may be disconnected. For example, the State
of New South Wales (NSW) encloses the Australian Capital Territory (ACT),
and ACT consists of two disconnected areas. We call a connected component
of a polygon a ring. Thus, ACT is defined by two rings, and NSW is defined
by three rings (one for its outer boundary and two for excluding ACT). In this
paper we assume that a ring does not intersect with itself. We also assume that
polygons in P do not overlap with each other. We use #(S) to denote the target
polygon amalgamated from a set S C P of source polygons. A polygon p is a
boundary polygon of S if it shares its boundary with that of ¢(S). All boundary
polygons of S are denoted as 9S. The polygons in (S — 9S5) (i.e., in S but not
in 0S) are internal polygons.

A point is represented by its coordinates (z, y). A line segment, [ is represented
by its start and end points (I.s, l.e). A polygon is represented as a sequence of
points. For a polygon with k points v; - - - vg, its boundary is defined by k£ + 1
connected line segments (vy, v2), --- (Vg_1, Vi), (vg, v1). After a polygon is
fetched from the database, it is unfolded into the form of line segments following,
for example, the clockwise order (as in Figure 2). In other words, we view a
polygon as a sequence of line segments in this paper. Thus, the polygons in
Figure 2 (a) are represented as:

h = <(aa b)a (ba C), (C, d): (da a))a
D2 <(eaf)a(fag)a(gah')a(hae»a
b3 = <(67i)7 (ZJJ)J (.77 k), (k7€))

All the line segments in a polygon p are said to be in S if p € S. We use |S| and
[|S]| to denote the number of polygons and the number of line segments in S.

Among many possible relationships between two line segments [ and I’ on D,
we are interested in two relationships which are informally defined as:

1. congruent: | and ' are congruent if they are between the same pair of points
(iie,l.s=1l'.sand l.e =1".e, or l.s =1'.e and l.e = I'.s). In this case we also
say these two line segments are identical.



2. touching: [ touches I’ if there exists one and only one common point v (termed
the joint point) between [ and I’, such that v is an end point of [ (i.e., v = [.s
or v = l.e) and v is not an end point of I’ (i.e., v # I'.e and v # I'.s). For
example, (b, c) touches (e, f) at point ¢ in Figure 2 (a).

The boundary of ¢(S) consists of some existing line segments in S, and possibly
some new line segments each of which is defined with at least one joint point.
The polygon in Figure 2 (b) consists of a set of existing line segments in S =
{p1,p2,ps} in Figure 2 (a), plus three new line segments (¢, f), (h,7) and (k, d)
where ¢, h, and d are joint points. For any algorithm to compute a target polygon,
it is necessary to find at least the joint points that define the target polygon.
In order to avoid costly operations of splitting lines at joint points, we apply a
pre-processing step such that whenever a line segment [ of polygon p touches I’
of polygon p' at point v, I in p’ is replaced by two new line segments (I'.s, v) and
(v, l'.e). Note that how lines split here depends only on data set P, regardless
which subset of P is to be amalgamated. Thus, this operation can be done at
the time of building spatial data cubes on P. After such a pre-processing step,
the polygons in Figure 2 are represented in the database as

1= <(a’7 b): (b7 C), (C, e) ( ) (d a)):
2 = <(6,C),(C, f)a(fag) ( ) ( )>7
3 = <(eah)a(hal)a(la.7)a( ) ( 7(d7e)>

2.2 Removing Identical Line Segments

Under the above assumptions, it is clear that there are no identical line segments
in a polygon. Further, a line segment [ is on the boundary of ¢(S) if and only if
it has no identical line segments in S. Therefore, a straightforward algorithm to
amalgamate polygons is to remove all identical line segments in S. Below is a
sketch of such an algorithm:

Algorithm SIMPLE
Given a set of source polygons S, find #(.5).

1. (Retrieve data) fetch all the polygons in S into a set L of line segments, with
the middle point of each line segment calculated.

2. (Remove identical line segments) sort line segments by their middle points
(by z then y), and remove all line segments whose middle points appear
more than once in L.

3. (Finish) return the remaining line segments in L as #(S).

Since we assume that there are no overlapping polygons or self-intersecting
rings in source data, in this algorithm we use the middle point to represent
a line segment for identification of identical line segments. It is simpler and
more efficient to process points than line segments. An additional advantage of
representing a line segment by a point is that it becomes possible to apply a hash
function to avoid sorting all line segments together [26]. That is, space D can be



divided into cells, and a data bucket is associated with each cell. A line segment
is mapped into the bucket whose corresponding cell contains the middle point of
the line segment. After line segments are mapped into buckets, all identical line
segments must be inside the same bucket. Thus, it is sufficient to sort the line
segments bucket by bucket, instead of sorting them all together. This hashing-
based method is particularly useful when the memory is not large enough for
storing all line segments of S as it is now possible to apply those well-known
methods developed in relational databases to handle similar problems (such as
the hybrid join algorithm [5]).

3 Identifying Boundary Polygons

In this section we investigate two methods of identifying a subset S C S such that

t(S) = t(S). The performance of these algorithms will be discussed in Section 4.

3.1 Using Adjacency Information

Two identical line segments must come from two adjacent polygons. Strictly
speaking, polygons can be adjacent to each other by edge or by point. There
is no need to consider the latter because our interest here is to identify iden-
tical line segments. Using the data structures discussed in Section 2, one can
simply define that two polygons are adjacent to each other if they have at least
one pair of identical line segments. Moreover, the adjacency table of a set P
of polygons is defined as a two column table ADJACENCY(p,p’) where p, p’ are
identifiers of polygons in P. A tuple (p, p') is in table ADJACENCY if and only
if polygon p is adjacent to polygon p'. The adjacency relation is reflective. For
two adjacent polygons p and p', one can record the adjacency information re-
dundantly (i.e., recording both (p, p') and (p', p)). Alternatively, a total order
among polygon identifiers can be imposed (e.g., the alphabetical order if the
identifiers are character strings) such that (p, p') in the adjacency table only
if p < p'. As to be discussed in Section 4, this decision is an implementation
issue, which has implications on the efficiency of the database queries to identify
boundary polygons. For presentation simplicity, we assume the redundancy ap-
proach hereafter. Below is the adjacency table for the four polygons in Figure 3

(a) where P = {p1,p2,ps,p4 }:
{(p1,p2), (P1,p3), (P1,P4), (P2,P3), (P2, 1), (P3,P4), (P2, D), (p3, D), (ps, D)}

where (p, D) means p has at least one line segment adjacent to no P polygons
(in this case we say p is adjacent to a dummy polygon also labeled as D). For
S C P, by definition we have

9S = {p|lp € S,3(p,p') € ADJACENCY,p' ¢ S}

That is, a polygon is on the boundary of ¢(S) if and only if it is inside S and it
has at least one adjacent polygon which is not in S. Using the adjacency table,
0S can be easily identified using SQL queries.
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Fig. 3. An example of shadow ring

Unfortunately, it is not sufficient to use only 95 to produce t(S). When
0S C S (i.e., a true subset), two rings can be produced by removing all identical
line segments in 8.S. For example, when merging the four polygons in Figure 3 (a)
using 0S = {p2,p3,pa}, two rings are produced as shown in Figure 3 (b) where
the inner ring is actually not part of ¢(S). We call such an unwanted ring a
shadow ring. The reason of producing shadow rings is simple: some line segments
which would be otherwise found as identical cannot be recognized because their
counterpart line segments are from polygons not in 3S. In general, as a result
of using only a subset of polygons, for each ring r which is part of ¢(.S) (called
a boundary ring), there may exist a corresponding shadow ring r'. Note that
r can either enclose or is enclosed by its shadow ring 7' (the latter happens
when r defines a hole of the target polygon). A shadow ring can be a boundary
ring at the same time (e.g., when S = {p,,p3,ps4} in Figure 3). The following
example illustrates that it is not possible to tell whether a ring is a shadow ring
by only looking at 8S. While the inner ring in Figure 3 (b) is a shadow ring
when S = {p1,p2,p3,p4}, it defines a hole in ¢(S) when S = {p2,ps,ps}. In
order to identify possible shadow rings, we need to use a supplementary data
set ST C S where St contains those S polygons adjacent to but not in S
polygons. That is,

aSt = {p|p € (S—0S),3Ip' € 8S, (p,p') € ADJACENCY}

We call the polygons in 8S and ST the boundary polygons and the sub-boundary
polygons respectively. For a line segment | € 95, if there exists a line segment
I" € S and !’ is identical to [, I’ must be in either &S or 8ST. In other words, no S
line segments can form a shadow ring if 85 polygons are processed together with
O0S™T polygons. Of course, after removing identical line segments in S U ST,
all line segments from 9S™ need to be discarded.

Algorithm ADJACENCY
Given the adjacency table ADJACENCY for a set P of polygons and S C P, find
t(S).

1. (Find 8S) 8S = @; for each p € S, add p to 8S if (p,p') € ADJACENCY and
PéES.



2. (Find 8S*) 8S* = ; for each p € 8S, add p' € (S —9S) to ST if (p,p') €
ADJACENCY.

3. (Retrieve data) retrieve all polygons in S = S U 8St into a set L of line
segments, and mark the line segments from 8S™T as ‘auxiliary’.

4. (Remove line segments) remove identical line segments in L (as in Algorithm
SIMPLE).

5. (Remove ST line segments) remove all the ‘auxiliary’ line segments from
L.

6. (Finish) return the remaining line segments in L as #(S).

Algorithm ADJACENCY computes t(S) from S = S U ST, where S and
08T are found using the adjacency table which contains no spatial data. That is,
the internal polygons can be excluded from further processing without fetching
and examining their spatial descriptions. It is not necessary to fetch all polygon
identifiers for the database, as the adjacency table is a simple relational table
and the first two steps in algorithm ADJACENCY can benefit from indices on
both columns of the table. Note that the adjacency table only needs to be built
once, independent of S. However, 8S and St have to be built when S is given.

Like the filter-and-refine approach which is a standard approach in spatial
data processing [3,11, 26], algorithm ADJACENCY uses the adjacency table to
perform a non-spatial filtering step to reduce the number of spatial objects to
be processed. Because of the extra cost in constructing 8S and S, Algorithm
ADJACENCY is efficient only when |S| << |S|. As we will show in Section 4,
even though |0S™| can be many times larger than |0S|, this filtering step is still
very effective in improving the overall performance.

3.2 Using Occupancy Information

The adjacency-based approach above can be described as object-centric as it
focuses on identifying boundary polygons. Now we propose a space-centric ap-
proach, which decomposes space D into small irregular regions and identifies a
set of boundary regions.

Z-values All SDBMSs support one or several spatial data access methods for
fast retrieval of spatial objects. Spatial access methods have received extensive
attention in the past from the spatial database research community (see [10] for
a survey). Represented by the spatial indexing mechanisms based on the R-trees
[13], R*-trees [24] and the z-values [2], a spatial data access method establishes
certain relationship between the data space and spatial objects or their approxi-
mations such as minimum bounding rectangles. The z-ordering technique is one
of the most widely used spatial indexing mechanisms [2, 20, 23]. It approximates
a given object’s shape by recursively decomposing the embedding data space into
smaller sub-spaces known as Peano cells. The z-ordering decomposition works
as follows. The whole space D (represented as a rectangle) is divided into four
smaller rectangles of the same size. The four quadrants are numbered as 1 to 4
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Fig. 4. Z-order and object approximation using z-values

following certain order (e.g., the z-order as shown in Figure 4). These quadrants
can be further divided and numbered recursively. In such a way, D can be decom-
posed into a set of quadrants, or Peano cells, of varying sizes. Each Peano cell
has a z-value, which can be determined elegantly by bit-interleaving [23]. The
following is a simple description of one way to assign z-values (see Figure 4):

1. The z-value of the initial space, D, is 1;
2. The z-values of the four quadrants of a Peano cell whose z-valueis z = 21...2,,
1<2;<4,1<i<mn,arezl, 22, 23 and z4 respectively following the z-order;

Thus, the z-values of the minimum Peano cells containing polygon p; and p, in
Figure 4 are 14 and 1221 respectively. The z-values can have different length,
reflecting different Peano cell sizes. The maximum number of decomposition
level, also called resolution, determines the maximum length of z-values. In order
to simplify processing, a number of ‘O’s are often appended at the end of shorter
z-values to make the length of all z-values identical (i.e., the maximum length).

Spatial objects can be approximated using a set of Peano cells. A polygon
can be assigned with the z-value of the minimum Peano cell which fully encloses
the polygon (so the z-values of polygons p; and ps in Figure 4 are 14 and 1221
respectively). The accuracy of approximation can be improved by assigning mul-
tiple z-values to a polygon (e.g., p1 in Figure 4 can be approximated by three
Peano cells whose z-values are 141, 142 and 143). The issue of approximating
polygons by multiple z-values is a subject of several previous studies [2,9, 19].
From a mathematical viewpoint, this decomposition is a transformation of a two-
(or higher) dimensional object into a set of one-dimensional points (i.e., the z-
values) which can be represented as numbers and therefore can be maintained
by a ubiquitous one-dimensional access method such as the Bt-tree [1].

Let ¢ and ¢ be two Peano cells. If ¢ is nested inside ¢’ and the z-value of ¢’
has k non-zero digits, then ¢ must have at least k non-zero digits, and they are
digit-wise identical to the first k£ digits of the z-value of ¢. In other words, the
containment relationship among Peano cells can be easily recognized by looking
at their z-values. This property has a wide range of applications. For example,
for selecting objects inside a given region, one can first find a set Z of z-values
of the Peano cells covering the query region. Subsequently, the objects inside

10



the query region can be quickly identified, using a BT -tree index on z-values for
example, by comparing their z-values with the z-values in Z.

Z-values with Occupancy Let C be the set of all Peano cells with which S
polygons overlap with. If ¢ € C is not completely occupied by S polygons, we
call ¢ a boundary cell. An S polygon overlapping with a boundary cell is likely
to be a boundary polygon. Now we look at how to use z-values to find boundary
cells by extending the traditional z-value based spatial indices.

The spatial indices using z-values associate objects with Peano cells. That is,
each index entry is of the form (z, p), stating that object p overlaps with Peano
cell z. There is no information about what percentage of the cell is occupied by
p, thus it is not sufficient to determine if a Peano cell is completely occupied by
a set of objects. Therefore, we extend the index entry to the form of (z, p, )
where « is the occupancy ratio. Let pN z be the polygon produced from clipping
polygon p by the Peano cell z, then

__area(pN z)

area(z)

In other words, we record not only which polygons overlap with a Peano cell, but
also the percentage of the area that each polygon occupies. The structure of the
spatial indexing mechanisms based on traditional z-values, and the algorithms
using such indices, need little modification to accommodate this additional piece
of data, though some more efficient algorithms can be designed to take advantage
of the occupancy information (e.g., the spatial join algorithm in [25]).

Identifying Boundary Peano Cells With the occupancy ratio for a polygon
in a Peano cell, a boundary cell with respect to S can be identified simply by
adding up the occupancy ratios of all S polygons overlapping with the cell. On
the other side, we want to ensure that all S polygons which do not overlap with
any boundary cells are internal polygons thus can be ignored by our amalgama-
tion algorithm. While this is in general true, there is an exception when polygon
p has a line segment [ which coincides with the boundary of a Peano cell. One
extreme case is a polygon that is of the same shape and size with a Peano cell.
To solve this problem, we introduce zero-occupancy. That is, we use (p, z, 0)
if p is adjacent to but not inside cell z. In such a way, if p is a boundary cell
but cannot be recognized by other cells, it can be picked up by cell z if z is a
boundary cell. Now the problem of finding boundary polygons of S can be solved
by finding all Peano cells which are not fully occupied by S polygons.

The algorithm for finding boundary cells can be complex because Peano cells
are typically of different sizes, and some Peano cells may be nested inside others.
Assume that c is nested inside ¢'. If ¢ is an internal cell (i.e., fully occupied by S
polygons), this fact needs to be propagated to its parent cell ¢ in order to find if ¢/
is also fully occupied. This upwards propagation can be done using an algorithm
of controlled-traversal similar to the one used in [20]. However, if a parent cell ¢’
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is not fully occupied but one of its sub-cell ¢ might be, it is difficult to translate
the occupancy ratio from ¢’ to ¢. This translation requires polygon clipping and
re-calculation of the occupancy ratios in ¢ for the polygons approximated in c'.
In addition to a more complex algorithm to identify boundary cells, allowing
nesting cells may lead to another disadvantage. That is, it is no longer possible
to use simple SQL queries to find boundary cells; rather, all spatial index entries
need to be pulled out and processed outside of the underlying DBMS.

On the other side, it is not efficient if there are too many polygons asso-
ciated with a Peano cell. All source polygons associated with a boundary cell
will be processed as possible boundary polygons. Thus, a number (termed high
watermark (HWM)) is chosen such that a cell is to be further decomposed into
quadrants when the number of polygons overlapping with the cell exceeding the
high watermark. To avoid nesting cells, once a cell is decomposed all polygons
approximated in that cell will be re-approximated at the lower level. In other
words, while cells in the spatial index can be different sizes, there are no nesting
cells.

Algorithm OCCUPANCY
Given a set S C P of source polygons and a z-value-with-occupancy index I =
{e1,...e,} for P where each e; is of the form (z, p, @), find ¢(S).

1. (Identify boundary cells) select Z = {e;.z|le; € I,e;.p € S,
100%}.

2. (Identify S) S = 0; add p to S if (2, p, do-not-care) € I and z € Z.

3. (Fetch S polygons and do line-clipping) fetch polygons whose id in S, and
add the line segments which intersect with at least one cell in Z into L.

4. (Remove duplicate line segments) remove identical line segments in L (as in
Algorithm SIMPLE).

5. (Finish) return L as t(S);

ecl,e.z=e;.z e.a<

Algorithm OCCUPANCY identifies boundary Peano cells and computes the
target polygon using the occupancy information. Note that the first two steps
in this algorithm can be implemented using a single SQL query with a group-by
clause (i.e., “group by z having sum(a) < 100%”). Because a boundary cell tells
not only which polygons to be fetched but also which parts of these polygons are
to be used (that is, a line segment [ of polygon p which overlaps with a boundary
cell z contributes to the part of ¢(.S) in that cell only if [ intersects with z). Based
on this property, Algorithm OCCUPANCY can discard some line segments in
step 2 and subsequently improve the performance of step 3.

In algorithm OCCUPANCY S is a superset of 8S because an internal polygon
can also overlap with a boundary cell. In general, it is likely to have more internal
polygons in S if the Peano cells are large. This performance issue will be discussed
in Section 4. Because of these internal polygons, on the other side, algorithm
OCCUPANCY does not have the problem of producing shadow rings. One can
see this from two aspects:

1. Any line segment which is not in any boundary cell is not part of the target
polygon, thus can be discarded;
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2. Any line segment inside a boundary cell either is part of the target polygon,
or its counterpart from another polygon must also be fetched as this polygon
also overlaps with the boundary cell.

Fuzzy Amalgamation Algorithm OCCUPANCY has a desirable advantage
over the other two algorithms — the definition of boundary cells (thus bound-
ary polygons) can be easily adjusted by the user. Instead of defining the internal
cells as those with 100% aggregate occupancy, one can adjust to a lower thresh-
old (for example, 95%). This is useful when the user wants to ignore data noises
in polygon amalgamation (e.g., holes smaller than certain size, caused by ei-
ther some abnormal or insignificant attribute values, or caused by inaccuracy
in polygons definitions known as sliver polygons). If this threshold percentage
is defined relatively to a Peano cell, one can simply replace 100% in algorithm
OCCUPANCY with the threshold. In general, however, the user may want to
use a threshold related to the data space D. In this case one need to translate
this threshold value to each Peano cell by considering actually the size of the cell.
Let d = length(z) be the number of non-zero digits of z-value z. The area of this
cell is 1/2% of that of D. Thus, a threshold of ¢ percent of the total data space is
equivalent to ¢ x 27 percent in cell z. Algorithm OCCUPANCY can skip these
insignificant holes easily and safely, with little extra overhead. This type of fuzzy
amalgamation, often found as useful for spatial OLAP applications, cannot be
achieved by the other two algorithms without forming those small polygons and
calculating their sizes.

4 Performance Study

In this section we compare the three polygon amalgamation algorithms discussed
in this paper. The primary performance index used in this section is the response
time, which is measured as the elapsed time from when a predicate describing the
source polygons is submitted to all the line segments of the target polygon are
found. As pointed out in [10], the I/O cost-based measure such as the number of
disk pages accessed is not necessarily a suitable performance indicator because
the CPU cost can be equally important. Not measured are those once-off costs,
including pre-processing of original polygons (to comply with the polygon data
structures in Section 2), building the adjacency and occupancy tables and other
necessary indices.

4.1 Cost Analysis

From a set S C P of source polygons, an amalgamation algorithm takes three
phases to produce the target polygon ¢(S):

1. the query phase which identifies a subset S C S (where S is represented as
a set of polygon ids);
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2. the fetch phase which retrieves the polygons whose ids are in S, and unfolds
polygons from a sequence of points into an array L of line segments; and

3. the merger phase which computes the target polygon by removing duplicate
line segments in L.

Let Cquery, Creteh and Cperge be the response times for the three phases respec-
tively. The response time for an amalgamation algorithm, Cyye;, is the sum of
these three components. That is:

Ctotal = Cque’ry + Certch + Cmer_qe

Two factors need to be considered for Cyyery. First, these three algorithms find
an S with different numbers of polygons. A larger |S| may affect Cjyery as well as
Cfeten (since more polygon ids and polygons need to be fetched). Second, these
three algorithms use methods of different complexity to select S. Algorithm
SIMPLE simply uses S = S, thus it uses a straightforward selection query for
this step. Algorithm ADJACENCY selects S in two steps: one to identify the
boundary polygons and one to identify the sub-boundary polygons. Algorithms
OCCUPANCY also uses two steps: identification of the boundary cells using a
query with an aggregate function, followed by a set of queries to retrieve ids of
the source polygons overlapping with the boundary cells. For both algorithms,
it is possible to combine these two steps into one SQL query. However, such a
complex query is far less efficient to execute than executing two separate queries
for the two steps in an application program. For algorithm OCCUPANCY, both
the final size of S and the cost for identifying S vary with HWM.

All the three algorithms retrieve the polygons whose ids are in S. The cost
for fetching objects (i.e., Ctesen) depends not only on how many polygons to
be fetched but also on the sizes of these polygons. During this phase, algorithm
ADJACENCY tags each line segment with its source (i.e., from a boundary
or sub-boundary polygon). For algorithm OCCUPANCY, it clips line segments
against boundary Peano cells such that only the line segments which intersect
with at least one boundary Peano cell are kept for the next phase. With larger
Peano cells (because of higher HWM), more internal polygons are included in S
and less line segments can be dropped out by clipping. The middle point of each
line segment is calculated in this phase for all the three algorithms.

The line segments are sorted by their middle points and the line segments that
appear more than once are removed. Algorithm ADJACENCY needs to have an
additional step to discard all line segments from the sub-boundary polygons.
The remaining line segments form the target polygon. We do not include the
time to order the line segments for the target polygon in Cherge as this cost is
identical across all the three algorithms.

4.2 Databases and Parameters

Each polygon is stored as one object in the database (i.e., we do not consider
object decomposition), whose schema is:

POLYGON(pid : INTEGER, boundary : POLYGON)
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where data type POLYGON, which is essentially a sequence of points, can have
different implementations according to different underlying DBMS. We use Or-
acle 8 in our tests (its object-relational features are not used, nor is the Spatial
Data Cartridge, so POLYGON is simply implemented as a BLOB). Other at-
tributes for a polygon are stored in a separate table and are linked to table
POLYGON through pid.

A subset of the TIGER/LINE data (census blocks in California) is used for
our performance testing (see http://www.census.gov/ftp/pub/geo/www/tiger/).
A census block has an attribute county id, which is used for grouping source poly-
gons in our experiments. A county consists of from 9 to 6,022 polygons. There
are 21,648 polygons with 1,618,950 points in total. The number of points in a
polygon ranges from 4 to 3,846, with an average of 75 points. We merge census
blocks into counties, and adjacent counties into larger polygons. The preprocess-
ing for splitting line segments at joint points and resolving data inconsistency
problems are done using a GIS package ARC/INFO.

The adjacency table has the schema:

ADJACENCY(pid : INTEGER, next_to : INTEGER)

If polygon p and p' are adjacent to each other, we chose to store both (p, p')
and (p', p) in table ADJACENCY. The number of tuples in the table is twice more
than necessary, but the query to identify adjacent polygons is simpler and runs
faster. The adjacency table for the data set we used has 137,978 rows. Both the
boundary polygons and sub-boundary polygons for algorithm ADJACENCY are
identified using this table, in two steps as mentioned before.

The occupancy information is recorded as

DCCUPANCY(z : INTEGER, pid : INTEGER, occupancy : NUMBER)

Since all we need to find here is whether a cell is fully occupied by a set of
polygons or not, we do not compute exact percentage of a polygon in a cell.
Instead, we count the number of polygons in each cell and simply give each
polygon an equal share of occupancy. For example, if there 8 polygons in a cell,
the occupancy for each polygon in that cell is 1/8 = 0.125, regardless their actual
occupancy ratios. When the total occupancy for a given set of source polygons
in the cell is 1, we know that the cell is not a boundary cell. (However, an
accurate calculation of occupancy ratio is necessary in order to support fuzzy
amalgamation.) The number of rows in table 0CCUPANCY, as shown in Table 1,
varies depending on HWM.

4.3 Experimental Results

Now we compare the performance of the three amalgamation algorithms em-
pirically. For algorithm OCCUPANY, we also test with different HWMs. The
algorithms are implemented using Microsoft Visual C++ and Oracle OCI inter-
faces. Both development and testing are done using a DELL notebook (Pentium
I1/266) with 128 MB memory. Indexes are created wherever necessary for all the
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HW M (bytes)|Average num. of polygons per cell| Num. of rows in table 0CCUPANCY
512 4.6 99638
1024 7.1 65405
2048 114 48168
4096 18.9 38336

Table 1. High water marks (HWM) for the occupancy table.
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tables used. Oracle’s array fetch function is used whenever possible to improve
the performance of data retrieval.

Data Size Reduction First, we look at the effectiveness for these algorithms
in reducing the number of polygons to be processed. Figure 5 (a) shows the
number of polygons actually fetched by different algorithms, where the x-axis in
Figure 5 (and Figure 6) is the number of source polygons to be amalgamated
(ranging from 17 to 21,528). Obviously, the maximum and minimal numbers of
polygons to be fetched by any amalgamation algorithm are |S| (i.e., all source
polygons) and |0S] (i.e., only the boundary polygons) respectively. These two
numbers are labeled as ‘source’ and ‘target’ respectively in Figure 5.

Figure 5 (a) reveals three facts: (1) in comparison with algorithm SIMPLE
which retrieves all the source polygons, both adjacency-based and occupancy-
based algorithms fetch a much smaller number of polygons; (2) the performance
of algorithms ADJACENCY and OCCUPANCY scales well when the number
of source polygons increases (note that the number of polygons to be fetched
depends not only on the number of source polygons but also the complexity
of target polygon such as its shape and if there exist holes or not); and (3)
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the differences among the adjacency-based algorithm and the occupancy-based
algorithms with different HWMs are significant (the differences among them
may look deceptive in Figure 5 (a) due to much bigger differences between them
and algorithm SIMPLE). The occupancy algorithm with HWM = 4096 performs
consistently worse than the adjacency algorithm, which needs to retrieve about
50% more polygons than the occupancy algorithm with HWM=512. For the
occupancy algorithm, when HWM increases, more polygons overlap with a Peano
cell; thus, it is more likely to fetch internal polygons. The implication of different
HWDMs on response times will be examined later.

For algorithm ADJACENCY, |8S™| can be derived as the difference between
the actual number of polygons fetched by the algorithm and |8S]|. One can see
that &S+ contains about twice more polygons than 8S.

Figure 5 (b) shows the total number of lines to be processed. Here the max-
imum and minimum numbers of line segments to be processed by any amalga-
mation algorithm are the total number of line segments in all source polygons
(i.e., ||S||) which is what algorithm SIMPLE has to process, and the number of
line segments in the final target polygon (i.e., ||t(S)]||). The occupancy algorithm
discards those line segments not overlapping with any boundary Peano cells. As
a result, the number of line segments processed by the algorithm (after clipping)
is much smaller than that by the adjacency algorithm, which in turn processes
mush less line segments than the simple algorithm.

Response Times Figure 6 shows the response time for each phase as well as the
total elapsed time. The query time is the elapsed time from when the predicate
describing source polygons is submitted to when the polygons to be fetched are
identified. Three factors may affect the query time. First, the size of the table
used to produce |S| (i.e., the size of the adjacency and occupancy tables for
algorithms ADJACENCY and OCCUPANCY respectively). Second, |S| itself.
Third, the complexity of the query used for identifying candidate polygons. We
avoid to use inefficient join query for the adjacency and occupancy algorithms
(using two-passes as mentioned in section 4.1); thus the complexity of the queries
used for these three algorithms are similar. Figure 6 (a) illustrates clearly that
the response time for the query phase is primarily determined by the first factor.
|S| is insignificant because of the use of array fetch. Algorithm SIMPLE is the
fastest since it uses only a simple selection query on the base table that has a
smaller number of rows than the adjacency or occupancy tables. The adjacency
algorithm is the slowest, even when it results in smaller |S| in comparison with
the occupancy algorithm with HWM=4096. For the occupancy algorithm, a
smaller HWM results in a larger occupancy table (see Table 1) due to a higher
probability for one polygon overlapping with many cells [19].

The time for fetching polygons from the database, as shown in Figure 6
(b), clearly dominates the whole polygon amalgamation process. It is our main
motivation in this paper to reduce this time. We have achieved this goal by
reducing this time by approximately 80% in comparison with algorithm SIMPLE.
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A clear winner is the occupancy algorithm with HWM=512, which is the most
selective one as shown in Figure 5 (a).

The biggest time reduction in terms of percentage has been achieved for the
merger phase. The cost of this phase, obviously, is determined by the number
of lines to be processed (compare Figure 6 (¢) with Figure 5 (b)). The occu-
pancy algorithm, with all three HWMs, performs significantly better because
of a smaller |S|, and more importantly, because of discarding line segments by
boundary cells at the end of the fetch step.

Figure 6 (d) shows the total response time. It is clear that the occupancy
algorithm has achieved a remarkably better overall performance, in particular
with an HWM which puts an average of 5 - 7 polygons to a Peano cell. That
is, HWM = 512 or 1024 for the data set we use. A higher HWM degrades the
performance because it becomes inefficient in filtering out internal polygons and
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line segments. On the other side, a too low HWM (i.e., less than 512 for the data
set we used) increases the query cost with little benefit to other steps.

Finally, we briefly discuss the memory requirement for the amalgamation
algorithms. Algorithm SIMPLE is the hungriest in terms of memory require-
ment among the three algorithms, as it needs to hold all line segments in the
memory. Algorithm ADJACENCY consumes much less memory, only for hold-
ing line segments from the boundary and sub-boundary polygons. Algorithm
OCCUPANCY needs the least amount of memory, as it stores only part of line
segments for the polygons overlapping with boundary Peano cells. We assume in
this paper that the memory is large enough for holding all line segments to be
processed in memory. This assumption might become unrealistic when there are
a large number of polygons to be processed (which is common in spatial OLAP
and spatial data mining applications). However, based on the fact that only the
polygons adjacent to each other are to be processed together for the purpose of
removing duplicate line segments, those algorithms in spatial databases (such
as the plane-sweep algorithm [3,22]) or in relational databases to handle the
similar problems (such as the hybrid hashing [5]) can be used when the memory
is not big enough.

5 Conclusions

With emerging new applications such as spatial OLAP and spatial data mining,
certain spatial operations such as polygon amalgamation have become increas-
ingly popular and its efficient implementation becomes crucial in the realization
of new spatial applications. In this paper, we have studied efficient algorithms for
polygon amalgamation. This operation is intrinsically time-consuming. However,
with the observation that only boundary polygons are playing crucial roles in
polygon amalgamation, a set of interesting algorithms have been proposed and
studied in this paper. Starting from improving a simplistic polygon amalgama-
tion algorithm, we have proposed two methods, adjacency-based and occupancy-
based, which exclude a large subset of polygons from being considered in the
amalgamation algorithm without retrieving the spatial description of these poly-
gons. The performances of these algorithms have been compared using real spa-
tial data sets. With the support of a more sophisticated data storage structure,
the occupancy-based method outperforms the adjacency-based method, whereas
both methods are significantly more efficient than the algorithm which requires
to fetch all objects to be merged.

The performance of the occupancy-based algorithm can be further improved
by decomposing spatial objects. As implemented in some SDBMSs, a spatial
object can be decomposed with the Peano cells approximating the object. In
such a case, the occupancy-based algorithm only needs to fetch the parts of a
spatial object that are inside a boundary cell, instead of the whole object. Such
object decomposition can be done off-line when a spatial index is built. The on-
line processing performance for the occupancy-based algorithm can be improved
greatly as the amount of data to be retrieved is reduced and there is no need to
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do polygon clipping on-the-fly. Our work on this improvement will be reported
in a separate paper. In the future we also plan to integrate our new polygon
amalgamation algorithms with the research results in selective materialization
for data cube construction [15] for supporting spatial OLAP and spatial data
mining applications.
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