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Figure 1: Spatial Grids at Successive Time Points

Abstract

spatial image of observations taken at some point in
time.
Figure 1, in the right half, shows a number of spatial
grids stacked over each other, in order of time instants
at which each grid is observed. For an example, let us
consider each grid to be covering a city and each cell
of the grid representing a number of blocks in the city.
The data stored in each cell represents the number of
crime incidents that occurred in a month in that cell of
the city. Successive grids represent the spatial crime
distribution for successive months.
Temporal Patterns: A string of cell-values taken
from, say, cell (1,1), would represent the temporal
characteristic of the crime incidents in cell (1,1) of
the city. If our grid is of size 10X10 then there are 100
temporal profiles, one for each cell in the grid. With
these 100 temporal profiles we can use an algorithm
for mining temporal patterns to discover frequently
occurring temporal substring or subsequence patterns
in the dataset.
Spatio-Temporal patterns: Spatio-temporal
patterns are characterized by substrings or subsequences that occur close together, and or frequently,
across the three dimensions of space-time. We characterize this by defining a more general set of strings
in the context of the grid example shown in Figure 1
above. Starting from a cell (x,y) we connect to any one
of the nine adjacent cells in the next grid. So, there are
nine two-number strings and 81 three-number strings
starting from any single cell of a grid. The number
of such possible strings explodes very quickly but it
is this set of strings that contains the spatio-temporal
patterns. It is not possible to make explicit this humongous set of strings and it must remain only implicitly specified for any mining algorithm that must be
scalable and efficient. An example of a pattern discovered by such algorithms is of a crime spree that moves
from one neighborhood to others as weather changes
from summer to winter and then back to the older
neighborhoods in the next summer. The methodol-

Spatio-Temporal patterns are those which change in
space with respect to time. Mining of such patterns
enable us to understand the behavior of a phenomenon
and predict it’s responses under a given set of conditions. Here we propose a general algorithm for mining
of such patterns which can be applied to many applications. The algorithm we propose is intuitive in
nature. We will compare our algorithm with a few
other methods and show that it can extract a wide
range of patterns which other methods cannot.
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Motivation

Discovery of spatio-temporal patterns in databases
is of significant importance for many application domains. Spatial and temporal constraints introduce a
very high level of structure in the datasets causing
most of the standard data mining algorithms unsuitable for discovering patterns from such data. Much
work has been done for discovering spatial patterns
or temporal patterns in data but very little has been
explored in the context of spatio-temporal datasets.
The main problem in any data mining task is to control the explosion of possible hypotheses, especially in
the early phases of the search for the interesting hypotheses. The motivation for our algorithm presented
in this paper is to conquer this explosion of hypotheses
in a systematic manner such that computational cost
is minimized and none of the interesting hypotheses
are lost in the process.
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Data Context

Our algorithm is developed in the context of gridbased datasets from domains having spatio-temporal
characteristics. Each grid is assumed to represent the
1

ogy is applicable to situations where the grids may
represent various types of pollution, weather, or social data.
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Related Work

Much work has been done on mining and clustering of
mobile objects in the spatio-temporal context. These
objects make trajectories in time in a 2-dimensional
plane. The goal of such research is to cluster those
objects or trajectories which follow the same or similar path according some metric of similarity. Vlachos
et. al. in [2], use the LCSS (Longest Common Subsequence) measure of similarity for clustering similar
trajectories. They use projections of subsequences of
two trajectories to find the similarity between them.
Buzan et. al. in [3] also use the LCSS metric to cluster
motion trajectories in video. Their method can cluster
similar trajectories of varying lengths by reducing the
length of the longer trajectories and matching only
those parts which are similar. Mamoulis et. al. in
[4], use the Apriorialgorithm [1] for clustering trajectories obtained from historical data. They consider
corresponding points of various trajectories and cluster them depending on whether they all belong to a
small spatial neighborhood or not.
In all the above cases the database comes in the
form of known or observed trajectories. Not much
work has been done in the area of finding patterns
in a dataset of natural phenomena like weather etc.
which has not been reduced to a subset of interesting
trajectories but consists of an implicit set of a very
large number of possible trajectories. Some work has
been done along these lines but that focuses on some
very specific situational cases [5, 6]. The algorithm we
present works on a whole area rather than a few specific points in the area. No data about the interesting
trajectories is required.

4

Our Methodology

We assume that each cell (x,y,t) stores a value given
as v(x,y,t)= {1, 2, ... , k} where 1≤x≤X, 1≤y≤Y
and 1≤t≤T. The number k is the maximum number of
possible integer values (possibly quantized real values)
from which a cell may contain one of the values.
We represent the ith n-sequence across the grids in
Figure 1 as St (i) which starts at time instant grid t and
continues for some time in the following two forms:
1. "xit ,yit ,tit ,qit #,"dit+1 ,qit+1 #,
,"dit+n−1 ,qit+n−1 #

2. "xit ,yit ,tit ,qit #,"xit+1 ,yit+1 ,tit+1 ,qit+1 #,
,"xit+n−1 ,yit+n−1 ,tit+n−1 ,qit+n−1 #

...
...

where di is the direction in which the sequence moves
from time point i-1 to time point i and qi ∈ k. The first
form starts by giving an (x,y) location, a time instant,
and a value in that cell, followed by a direction of cell
in the next level and a value in that cell and so on.
In the second form the profile is a sequence of points
containing complete (x,y), t, and q value for each point
of the profile.
An interesting cluster C is a set of sequences
"S1 , S2 , ... , Sm #such that they all share a subsequence"xi ,yi ,ti ,qi #,"di+1 ,qi+1 #, ... ,"di+j−1 ,qi+j−1 #.
We start our process by considering only three consecutive grids at a time, for all possible such sets of
grids. For each set of three grids (three time points) we
consider all sequences Si = "x1 ,y1 ,t1 ,q1 #,"d2 ,q2 #,"d3 ,q3 #
and identify all those clusters of sequences Ci which
meet the clustering criterion. For example we may
say that a Ci is a cluster if:
1. all sequences in it are 3-sequences
2. all of them have same values for t1 ,q1 ,"d2 ,q2 #, ...
,"d3 ,q3 #
3. each cluster has at least some minimum number
(p ) of sequences
The algorithm for finding such clusters is as follows:
procedure subsequencesets(t)
1: CSt3 ← ∅
2: generatesubsequence(t)
3: for i = 1tosizeof (St ) do
4:
check(i) ← 0
5: end for
6: for i = 1tosizeof (St ) do
7:
tempCSt3 ← ∅
8:
if check(i) = 1 then
9:
continue
10:
end if
11:
check(i) ← 1
12:
count ← 0
13:
for j = itosizeof (St ) do
14:
if check(j) = 1 then
15:
continue
16:
end if
17:
check(i) ← 1
18:
if qi1:i3 =qj1:j3 and di2:i3 =dj2:j3 then
19:
count ← count + 1
20:
tempCSt3 ← tempCSt ∪ St (j)
21:
end if
22:
if count ≥ p then
23:
CSt3 ← CSt3 ∪ tempCSt3
24:
end if
25:
end for
26: end for
Figure 3 shows two clusters of 3-sequences in 3 grids
and if p=5 then only set awill be retained in CS13 and
set b will be dropped.

Figure 2: Figure 1

Figure 4: Combination of length-3 clusters to get
length-4 clusters

temp1CS1t ← temp1CS1t ∪ (CS1t−1 (i) ∪
3
CSt−2
(j))
7:
end if
8:
end for
9:
for j = 1tosizeof (temp1CS1t ) do
10:
check(j) ← 0
11:
end for
12:
for j = 1tosizeof (temp1CS1t ) do
13:
temp2CS1t ← ∅
14:
if check(j) = 1 then
15:
continue
16:
end if
17:
check(j) ← 1
18:
count ← 0
19:
for k = jtosizeof (temp1CS1t ) do
20:
if check(k) = 1 then
21:
continue
22:
end if
23:
if temp1CS1t (j) = temp1CS1t (k) then
24:
temp2CS1t ← temp2CS1t ∪ temp1CS1t (k)
25:
count ← count + 1
26:
check(k) ← 1
27:
end if
28:
end for
29:
if count ≥ p then
30:
CS1t ← CS1t ∪ temp2CS1t
31:
end if
32:
end for
33: end for
The working of the above algorithm is illustrated in
Figure 4.
Similarly, each CS1t , where 3"i, can be computed
3
using CS1t−1 and CSt−2
as follows:
6:

Figure 3: Clusters of 3-sequences in 3 grids

Let CS13 be the set of clusters "C1 ,C2 , ... ,Cn # found
from the 3 grids beginning at time instant 1. In
each of the ith iteration we consider grids i,i+1,i+2
and compute CSi3 . That is, we compute CS13 ,CS23 ,
3
... ,CSt−2
. We use form 1 of the string description
for the above algorithm because these are short and
contain all the information.
Now, using CS13 and CS23 we can compute CS14 using form 2 of the string descriptions as follows:
1. combine all those sequences from CS13 and CS23
which overlap over the grids 2 and 3 and include
them in CS14 . That is, where xi2:i3 =xj2:j3 and
yi2:i3 =yj2:j3 for i∈CS13 and j∈CS23 .
2. eachCS14 has at least some minimum number (p
) of length 4 sequences
Algorithm for obtain CS14 is as follows (substituting
t=4):
procedure
combinesequencesets(t)
CS1t ← ∅
for i = 1tosizeof (CS1t−1 ) do
3:
temp1CS1t ← ∅
3
4:
for j = 1tosizeof (CSt−2
) do
5:
if x( it−2 : it−1) = x( jt−2 : jt−1)andy( it−
2 : it − 1) = y( jt − 2 : jt − 1) then
1:
2:

1. combine all those sequences from CS1t−1 and
3
which overlap over the grids t-2 and tCSt−2
1 and include them in CS1i . That is, where
xit−2:it−1 =xjt−2:jt−1 and yit−2:it−1 =yjt−2:jt−1
3
for i∈CS1t−1 and j∈CSt−2
.
2. eachCS1i has at least some minimum number (p

Figure 5: All strings of length 3 or more in data

Figure 6: Cluster of length 10 strings

) of sequences
General Methodology: We can view all the clusters length 3 strings as belonging to one level of a
lattice. The next level of the lattice consists of all
those clusters of length 4 strings that can be created
by combining some nodes from the lattice below. The
lattice thus grows upwards to clusters of longer strings.
The criteria for selecting the clusters at each level
are upto the users and determine, to a great effect,
the natures of clusters that get to populate the lattice. It is this levelwise search approach that gives
the efficiency, scalability and power to our algorithm.
When we are building the nodes at higher levels of
the lattice, we can proceed by making explicit only
those clusters that preserve some desirable monotonic
or anti-monotonic property of the resulting clusters.
This property can then be used to prune away the
undesirable candidates from the levelwise search.

5

Results

The results shown here are obtained from a synthetic
dataset. The data consists of 10 Grids, and each Grid
consists of 10 X 10 cells. The first dataset was composed of random integers between 1 and 10. Then a
few patterns covering all the 10 grids was introduced
into the data. Figure 5 shows all the patterns found
by the algorithm for length 3 or more. Figure 6 shows
a cluster of length 10 strings where smaller clusters
were combined based on their spatial proximity. The
algorithm was able to extract the exact cluster that
was introduced in the data.
The next example in Figure 7 depicts a special kind
of pattern. There are two spatio-temporal patterns
whose clusters converge at some point in time. These
can also be identified by our algorithm.

Figure 7: Two clusters that meet at a time point
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Conclusion

We have demonstrated essential aspects of a methodology for discovering spatio-temporal patterns in raw
data of a spatio-temporal dataset in which interesting
trajectories have not been identified. Results demonstrate its efficacy and the approach can be extended to
clusters and patterns with various types of properties
and in various types of applications.
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