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Abstract

This paper presents a systematic approach to mine co-
location patterns in Sloan Digital Sky Survey (SDSS) data.
SDSS Data Release 5 (DR5) contains 3.6 TB of data. Avail-
ability of such large amount of useful data is an oppor-
tunity for application of data mining techniques to gen-
erate interesting information. The major reason for the
lack of such data mining applications in SDSS is the un-
availability of data in a suitable format. This work illus-
trates a procedure to obtain additional galaxy types from
an available attributes and transform the data into maxi-
mal cliques of galaxies which in turn can be used as trans-
actions for data mining applications. An efficient algorithm
GridClique is proposed to generate maximal cliques from
large spatial databases. It should be noted that the full gen-
eral problem of extracting a maximal clique from a graph
is known as NP-Hard. The experimental results show that
the GridClique algorithm successfully generates all maxi-
mal cliques in the SDSS data and enables the generation of
useful co-location patterns.

1. Introduction

With the rapid invention of advanced technology, re-
searchers have been collecting large amounts of data on a
continuous or periodic basis in many fields. This data be-
comes the potential for researchers to discover useful in-
formation and knowledge that has not been seen before. In
order to process this data and extract useful information, the
data needs to be organised in a suitable format. Hence data
preparation plays a very important role in the data mining
process.

The focus of this study is mainly on data preparation
for Sloan Digital Sky Survey (SDSS) astronomy dataset
[5]. The SDSS is the most motivated astronomical survey
project ever undertaken. The survey maps in detail one-
quarter of the entire sky, determining the positions and ab-

solute brightness of more than 100 million celestial objects.
The first official Data Release (DR1) of SDSS was in June
2003. Since then there have been many new releases includ-
ing the fourth major release (DR4)in June 2005 that pro-
vides images, imaging catalogs, spectra, and redshift. The
latest version (DR5) with 3.6 TB of data, which includes
measures of 200 million unique celestial objects.

Availability of such large amount of useful data is an ob-
vious opportunity for application of data mining techniques
to generate interesting information. However, while much
research has been done by the astronomical researchers, a
feeble effort has been made to apply data mining techniques
on SDSS data. That is because the SDSS data format is not
suitable for mining purposes, which are the main motivation
of this paper.

As mentioned in [10] spatial databases store spatial at-
tributes about objects, and hence, SDSS is a large spatial
dataset as it contains many attributes for each object. One
of the most significant problems in spatial data mining is to
find object types that frequently co-locate with each other
in large databases. The co-location means objects that are
found in the neighborhood of each other. The proposed ap-
proach mines co-location patterns in SDSS data and uses
these patterns to generate interesting information about dif-
ferent types of galaxies. In this work only the galaxies ex-
isted in SDSS is used. However, this approach could be
generalised to be used with any other celestial objects.

The data preparation is in two folds. First, extracting the
galaxies in SDSS data and categorising them into “Early”
and “Late” type galaxies. Second, a new algorithm, Grid-
Cliqu is proposed to generate co-location patterns (maximal
cliques) from the data. A clique is any set of spatial objects
such that all the objects in the set co-locate. A maximal
clique is a clique which is not a subset of any other clique.
Figure 1 depicts some examples of spatial co-locations. In
this figure, a line between items indicates that items are co-
located. The second column of Table 1 displays the maxi-
mal clique patterns, which are depicted in Figure 1.

The full general problem of extracting maximal cliques
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Figure 1. Cliques in a plane

Table 1. Maximal clique patterns

ID Maximal Cliques Transactions

1 C1,D1 C,D
2 C5,D7 C,D
3 B1,C5 B,C
4 A4,D2,D5 A,D+
5 A5,C3,D3 A,C,D
6 A5,D3,D6 A,D+
7 A2,B2,D4 A,B,D
8 A1,A3,C2,C4,C6 A+,C+

from a graph is known as NP-Hard. GridClique efficiently
extracts maximal cliques in a given spatial database with
capability to divide the space into grid structure based on a
predefined distance. The use of the grid structure plays a
vital role for reducing the search space.

The maximal cliques generated by GridClique could be
represented as transactions as given in Column 3 of Table 1.
The (+) sign in the transaction column means more than one
item from the same type are included. For example, clique
(A5,D3,D6) contains three objects, two of them from the
same type, namely D. Hence, the transaction is given by
A,D+, which can be used by association rule mining tech-
niques. Association rule mining techniques that proposed
by [1, 3] can generate useful rules, which will be inter-
preted as relationships between objects. Arunasalam et al.
[3] classified spatial relationships into four different types.
(1) “Positive”, which describes the existence of object in
the neighborhood of another object. For example, the exis-
tence of spiral galaxy type Sa implies the existence of spiral
galaxy type Sb. (2) “Negative”, which describes the absence
of an object in the neighborhood of another object. For ex-
ample, Elliptic galaxies tend to exclude spiral galaxies. (3)
“Self-Co-location”, which reflects the presence of many in-
stances of the same type in the same neighborhood. For

example, Elliptical galaxies have a tendency to co-locate
closely to each others. (4) “Complex”, which is a combina-
tion of the previous relationships.

1.1 Basic Definitions and Concepts

This section gives a brief definitions of the concepts that
are used in this paper.

Definition 1 Clique: A set of spatial objects S is said to
be a clique if every object in S co-locates with every other
object in S.

For example, in Figure 1, (A4,D2,D5) form a clique as
each object co-locates with each other. Similarly (C5,D7)
form another clique.

Definition 2 Maximal Clique: A clique that is not a subset
of any other clique in the same graph.

In Figure 1, (A4,D2,D5) form a maximal clique as it is
not a subset of another clique. However, (A2,D4) is not a
maximal clique since it is a subset of the clique (A2,B2,D4).

Definition 3 Clique’s Cardinality: It is the number of
clique’s members. In other words, it is the clique’s size.

1.2 Contributions and Paper Outline

This paper provides three major contributions to the field
of astronomy and spatial mining. These contributions are
summarized as follows:

1. An efficient algorithm called GridClique is proposed
to generate all maximal clique patterns that exist in
large spatial databases.

2. The experiments confirm the utility and usefulness of
the GridClique algorithm in generating interesting pat-
terns from large spatial datasets.

3. The benefit of using complex relationships in finding
valid rules is prposed.

The rest of the paper is organized as follows: Section 2
demonstrates the related work in spatial data mining. Sec-
tion 3 talks about the extracted data and the galaxy categori-
sation process. Section 4 gives in detail about the proposed
algorithm GridClique. Section 5 illustrates the experimen-
tal setup and the results discussion. Section 6 concludes the
paper.

2. Related Work

The expression spatial data was defined as location-
based data by Judd [7]. However, a simple definition of
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a spatial database is a collection of data that contains infor-
mation on an observable fact of interest, such as forest con-
dition or pollution, and the location of an observable fact on
the Earth. Spatial data consists of two types of attributes;
the normal attributes, which are defined as non-spatial at-
tributes, and spatial attributes that describe instances’s loca-
tion and shape, ...etc.

In addition, there are different types of spatial patterns
defined by the relations among objects, such as clique pat-
terns. Generally, when at least two objects are located in the
same area, the relation between them is called co-location.
Therefore, co-location relations in the database show the
subsets of object types and their locations within a given
distance. For example, clique determines subset of items
that are co-located in the same neighborhood. [3].

Huang et al. [6] defined the co-location pattern as the
presence of spatial feature in the neighborhood of instances
of other spatial features. They developed an algorithm for
mining valid rules in spatial databases, and they found use-
ful and good rules based on some measures. However,
they were looking for positive rules without any complexity.
Their method does not give complex rule such as A→ B+
or B → −C. In fact, they did not obtain that because they
prune most items based on their prevalence measure “par-
ticipation index”.

Furthermore, for the purposes of finding the maximal
clique, Huang’s method [6] finds cliques that do not have
any of their members participating in any other cliques.
This violates the definition of the maximal clique, which is a
group of items having a common relationship (distances be-
tween them≤ t), even though a subset of that clique appears
in another clique, but not all clique’s members. Assume
clique-1 contains three items {A1,B1,C1} and clique-2 con-
tains {A1,B2,D1}, item {A1} is a common item between
the two cliques, which is possible. In the previous exam-
ple, Huang’s method counts them as one clique because of
the use of the prevalence measure. Therefore, they lose one
clique which might give more details later on. In contrast,
this study allows some redundancy as one of the reasons
to form complex rules, thereofre, it counts these cliques as
two.

Morimoto [9] defined new co-location patterns called k-
neighboring class set. He used in his method the number
of pattern instances as a prevalence measure. The latter
does not satisfy the anti-monotone property because in this
work there are some overlapping. As a result, the number
of instances increases by the size of the pattern. Hence,
Morimoto [9] dealt with this case by using a constraint to
acquire the same benefit as the anti-monotone property.
The constraint was “ Any point object must belong to
only one instance of a k-neighboring class set”. Based
on this constraint he faced a problem, which is obtaining
different support of the same k-neighboring class set

Figure 2. Three different spatial patterns.

because the selectivity process counts the instances from
the same feature as one instance. In fact, if the order of the
instances is changed, then both the value of the support and
the co-location patterns will be changed. Consequently,
Morimoto’s [9] method also can not give the opportunity to
generate complex rules because of that constraint.

Zhang et al. [13] enhanced the proposed algorithm in [6].
However, their approach is finding spatial star, clique, and
generic patterns as shown in Figure 2. In [13] they used
a grid structure over space and they defined relationships
among objects if the distance between them is ≤ thresh-
old ε. Their method of finding object’s neighbors is done
by extending object’s coordinates by ε to form a disk, then
all grids that intersect with this disk will be hashed and all
items inside these grids will be checked using the Euclidean
distance to make sure that these items are close to the center
of the star. In summary, their method for finding star pat-
terns based on two steps: hashing and mining. However,
these two steps were not enough to find clique patterns.
Therefore, they added another mining step to find clique
patterns. The prposed algorithm GridClique finds maximal
clique patterns in two steps after placing the objects on the
plain.

Many researchers have used association rule mining
techniques in finding relationships between items and ob-
jects [2]. In this research, association rule mining technique
can be used to extract valid rules, and introduce them to the
astronomy domain, because GridClique algorithm geneter-
ates transactional dataset, which is the desirable format for
rule mining techniques. However, this beyond the scope of
this paper.

3. Data Extraction and Categorisation

This section illustrates the method of extracting at-
tributes from the SDSS database and using them to cate-
gorise galaxy objects. A view called SpecPhoto which is
derived from a table called SpecPhotoAll is used. The latter
is a join between the PhotoObjAll and SpecObjAll tables. In
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Table 2. The SDSS schema

No Field name Field description

1. specObjID Unique ID
2. z Final RedShift
3. ra Right ascention
4. dec Declination
5. cx x of Normal unit vector
6. cy y of Normal unit vector
7. cz z of Normal unit vector
8. primTarget prime target categories
9. objType object type : Galaxy =0

10. modelMag u Ultraviolet magniutde
11. modelMag r Red Light magnitude

other words, SpecPhoto is view of joined Spectro and Pho-
toObjects that have the clean spectra.

The concern was to extract only the galaxy objects from
the SDSS using parameter(object type=0). The total num-
ber of galaxy type objects stored in the SDSS catalog is
(507,594). However, to ensure the accuracy for calculating
the distance between objects and the earth which leads to
calculate the X, Y, and Z coordinates for each object, some
parameters are used, such as zConf < 0.95 (the rigid ob-
jects) and zWarning = 0 (correct RedShift). Therefore,
the number of objects is reduced to (442,923).

SDSS release 5 provides a table called Neighbors. This
table contains all objects that are located within 0.5 arcmins,
this makes it not useful in this study because there is no
ability to choose any distance that would form the neighbor-
hood relation between objects. For example, in our exper-
iments (1, · · · , 5) mega-parsec (distances) are used as the
thresholds to check whether objects are close to each other
or not. Table 2 discloses the extracted fields from the SDSS
(DR5) that used during the preparation process.

- Data extraction: The data was obtained from SDSS
(DR5) [11]. This data is extracted from the online catalog
services using several SQL statements and tools, which
offered by the catalog. These tools are accessible from the
SDSS site 1.

- Data transformation: The result from the previous
task should go next through the data transformation pro-
cess, which is the last task of the data preparation process
and it makes it possible to use the extracted dataset. This
process plays an important role in accessing the dataset by
Oracle10g database using some SQL commands. After
preparing the corrected data, the final step is uploading this
data to ODBMS which is used in this research.

Few tables were created to store the extracted data,

1http://cas.sdss.org/dr5/en/tools/search/sql.asp

also a few stored procedures were created to do some
other special tasks such as, categorising galaxy objects and
putting the data into the right format.

- New attributes creation: With all the necessary fields,
the next step is to calculate the exact value of the X, Y , and
Z coordinates which are not explicitly showed in the SDSS
data. Firstly , the distance D between objects and the earth,
is calculated. It is calculated using Hubble’s law and z value
of each object as what Equation 1 shows . Secondly, by
considering the unit vectors cx, cy, and cz, and multiplying
them by the D, the value of X, Y and Z coordinates are
calculated as in Equations 2 3, and 4, respectively.

D ≈ c× z

Ho
(1)

Where c is the speed of light, z is the object RedShift,
and Ho is Hubbles’ constant. Currently the best estimate
for this constant is 71 kms−1Mpc−1 [4, 8].

X = D × cx (2)

Y = D × cy (3)

Z = D × cz (4)

- Galaxies Categorisation: Different parameters were
used to categorise galaxy types. Based on the difference be-
tween Ultraviolet U and Red light magnitude R, galaxies
are categorized as either “Early”’ or “Late”’. If the differ-
ence is greater than or equal to 2.22 the galaxy is “Early”’,
otherwise “Late”’. The value of the r−band Petrosian mag-
nitude indicates if the galaxy is “Main”’ (close to the earth)
or “Luminous Red Galaxies” (LRG). That is by checking
the value of r-band. if r-band ≤ 17.77, that indicates that
the object is Main galaxy otherwise it is LRG [12]. The
four galaxy types that found are Main-Late, Main-Early,
LRG-Late, and LRG-Early.

4. Generating Maximal Cliques

The aim of this algorithm is to extract the maximal clique
patterns that exist in any undirected graph. It is developed
using an index structure through grid implementation. Table
3 contains 10 objects and their X and Y coordinates, this
information will be used to explain the functionality of the
algorithm in the following sections. It should be noted that
SDSS is three dimensional dataset, but in the example two
dimensions are used for the sack of simplicity.
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Input: Set of points (P1, · · · , Pn), Threshold t)
Output: A List of maximal cliques in
transactional data format.
[CliqueID, Clique′sMemebrs]
Ex: [1, {A, B, C}]

Step 1:Generating grid structure.

1.d← t
2.GridMap← φ
3.PointList← {P1, · · · , Pn}
4.S = PointList.Size()
5.for each Pi ∈ PointList · · · i ≤ S
6. Get the coordinates of each point Pkx, Pky, Pkz

7. Generate the composite key (GridKey).
8. if GridKey ∈ GridMap
9. GridMap← Pi

10. else
11. GridMap← new CompKey
12. GridMap.CompKey ← Pi

Step 2:Getting the neighbors.

1.for each pi ∈ GridMap
2. pi.list← φ
3. NeighborGrids← φ, NeighborList← φ
3. Generate the neighborhood grids for pi.
4. if NeighborGridsi.size() > 1 then
5. for each pj ∈ NeighborGridsj

6. if dis (pi, pj) ≤ d
7. pi, pj are neighbors
8. pi.list← pj

9. NeighborList← pi.list

Step 3:Prune non neighbor items.

1.TempList← φ, CliqueList← φ
2.for each Recordi ∈ NeighborList
3. RecordItems← φ
4. RecordItems← Recordi

5. for each pi ∈ RecordItems
6. for each pj ∈ RecordItems
7. if dis (pi, pj) ≤ d
8. pi, pj are neighbors
9. Templist← pj

10. CliqueList← Templist

Figure 3. Pseudocode of the GridClique algo-
rithm.

Table 3. Example: Dataset of two dimensions.

Object type X-Coordinate Y-Coordinate

A1 2.5 4.5
A2 6 4
A3 2 9
B1 1.5 3.5
B2 5 3
B3 5 4
C1 2.5 3
C2 6 3
D1 3 9
D2 7 1.5

4.1 GridClique algorithm

Figure 3 reveals the pseudocode of the GridClique algo-
rithm. This section also shows an example of how the algo-
rithm works. By assuming that all objects are spatial point
objects, items locations will be the same as what Figure 4(a)
depicts.

Edges in each subgraph are generated by calculating the
distance between objects and if the distance is ≤ t the edge
will be created. Each subgraph forms a pattern. Therefore,
all the results of this algorithm are patterns having objects
that are close to each other. The following are the algorithm
steps:

1. Dividing the space as a grid structure and concurrently
places each point into its particular grid cell. The grid
cell size is d × d, where d is the same as the threshold
t and it is one of the inputs for this algorithm as shown
in Figure 4(b).

2. Finding each object’s neighbor list. This step is the
most important one, and it is the most crucial step
for the complexity issue. Similarly, it uses the same
technique to check the neighborhood feature between
points based on the Euclidean distance. However, the
number of checked points depends on the density of
the grid and the content of the nine neighbor cells2.
According to the example in Figure 4, also because
this sample contains 10 objects, a list for each object is
created except for those objects that are located lonely.
Our concern was just to find co-location patterns that
have number of members ≥ 2 (i.e. cardinality ≥ 2).
Because one object will not form the desired relation-
ship. Consequently, no need to count objects that do
not have connections (i.e. relationship) with at least
one another object. But in our example all objects
share relationships with others.

2Number of neighbor cells is 27 if the data is 3D.
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Figure 4. Steps for finding maximal cliques

For example, object {A1} has a relationship with
{B1,C1} and object {A2} with {B2, B3, C2}. It can
be seen that these objects share the same location ,
this means {A1, B1, C1} are co-located because the
distance between them is ≤ threshold t. Figure 4(c)
shows some redundancy and this gives us the chance
to prune the complete list in the next step when one of
its objects violates the co-location conditions (distance
between objects is ≤ t), because same members from
another list can be obtained from another list.

3. Pruning any neighbor list that contains at least one ob-
ject violates the co-location condition. For example,
list 7 is pruned because two of its members {A2,D2}
are not close to each other as shown in Figure 4(c).

As a result of the previous steps, list of maximal cliques
will be formed. For example, {A1, B1, C1} forms a maxi-
mal clique, and so forth for lists (4, 5, 8) in Figure 4(d).

4.2 GridClique algorithm analysis

This section discusses the GirdClique algorithm com-
pleteness, correctness, and complexity.
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Figure 5. Example of two maximal cliques
used to show the correctness of the pro-
posed algorithm.
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Figure 6. GridClique’s runtime using 5 differ-
ent distances.

Completeness: All objects in neighbor lists appear as
set or subset in maximal clique lists. After acquiring the
entire neighbors for each point, another check among these
neighbors is done to assure that all points are neighbors to
each other. Intuitively, doing that results to have repeated
neighbor lists. Therefore, this ensures finding all maximal
cliques in any given graph.

Correctness: Every subset of a maximal clique appears
in the neighbors list. Thus, all maximal cliques that ap-
pear in maximal clique’s list will not be found as a subset
in another maximal clique. That is, the definition of maxi-
mal clique. Figure 5 displays an undirected graph and the
neighborhood list and the existed maximal clique patterns.
It is very clear that the pair {A, D} does not appear in the
neighborhood list, because the distance between A and D
does not satisfy the threshold.

As a result, the pair {A, D} will not be included in the
maximal cliques’ list. In other words, any subset of any
maximal clique appears in the neighborhood list and it will
not appear as an independent maximal clique. By this, the
correctness of the proposed algorithm is shown.

Complexity: Firstly, assume there is an N points and d
cells, and assume that all points are uniformly distributed.
Hence, on average there is N/d points per cell. Also, as-
sume each cell has l neighbors. Then to create the neigh-
borhood list of one point l(N/d) points need to be exam-
ined to check if they are within distance t. Since the total
number of points is N , thus the cost is O(N2l/d). And
since d >> l, an assumption, that this part of the algorithm
is sub-quadratic, can be stated.

Secondly, the pruning neighborhood lists stage. Again
assume that on average the length of each neighborhood list
is k. Then for each neighborhood list, k other lists have to

be examined to check if a point is in others neighborhood
list or not. Therefore, for each point, k other neighborhood
lists are examined as well as within each one, up to k points
will be checked. Consequently, the cost is O(N(k2)).

Finally, the total cost is the cost to put the points in cell
(O (N)), the cost to create the neighborhood lists O(N2l/d),
and the cost to prune the lists O(N(k2)). The total com-
plexity of the algorithm is O(N(Nl/d + k2 + 1)).

5. Experiments and Results Discussion

Experiments are carried out to confirm the achieved re-
sults from the proposed algorithm using SDSS data.

5.1 Experimental setup

All experiments were carried out on a Windows XP op-
erated PC with a Pentium-4 (3 GHz) processor and 1 GB
main memory. The data structures and algorithm were im-
plemented in Java and compiled with the GNU compiler.

5.2 Scalability of GridClique algorithm

Figure 6 demonstrates the runtime of the GridClique
algorithm with various numbers of objects (galaxies) and
distance values. It illustrates that the runtime increases
slightly as the number of objects and distance increase.
The distance is increased by 1 Mpc every time, whereas
the number of objects is increased by 50K objects. The
maximum number of records was 350K.

To explain further, when the distance increases the grid
size increases. Also by increasing number of objects at the
same time, it allows more objects to appear in the same
gird’s cell or in the neighbor grids area. Therefore, the two
factors (distance, records number) affect the runtime of the
GridClique algorithm.

5.3 Galaxy types in large cliques

We applied the GridClique algorithm on the “Main”
galaxies extracted from SDSS to generate maximal cliques
with neighborhood distance as 4 Mpc. We selected the
cliques with the largest cardinality(22). Figure 7 shows the
distribution of “Early” and “Late” type galaxies in the re-
ported cliques. These results show that large cliques consist
of more “Early” type galaxies (Elliptic) than “Late” type
galaxies (Spiral). This conforms to the patterns given by
[5].
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Figure 7. The existence of galaxies in the uni-
verse.

6. Conclusion

A systematic approach to mine co-location patterns in
Sloan Digital Sky Survey (SDSS) data, which contains 3.6
TB of data, is proposed. In addition, this study demon-
strated a procedure to obtain additional galaxy types from
available attributes and transformed the data into maximal
cliques of galaxies that can be used as transactions for data
mining applications. The proposed algorithm GridClique
enumerates maximal clique patterns efficiently. These pat-
terns are used as input data to an association rule mining
technique to generate useful rules to the astronomy domain.
In the preliminary results of applying association rules min-
ing technique, some interesting rules were found. For exam-
ple, the existence of an Elliptic galaxy entails the absence of
a spiral galaxy, which is a well known fact in astronomy3.

3This work will be disclosed as part of the future work. The initial
results are excluded due to the space limitation.
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