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Abstract
The trajectory of any dynamic object is associated with space 
and time. The idea of motion would turn meaningless if time is 
separated from space or vice versa. A novel cascade of space and 
time was made and named as patiotemporal (ST) in the domain of 
data mining. Partially ordered sets from a given Boolean ST set 
are considered to mine patterns. A Cascade Participation Index 
(CPI) is computed through bottleneck analysis over the data set to 
measure user interest. Based on this value and the directed graph 
representation the filtering of irrelevant Cascade Spatiotemporal 
Patterns (CSTP) can be done having the miner nested in the 
process. The result has to be extended to real time data sets to 
prove validation of content.

Keywords
Spatiotemporal, Boolean Spatiotemporal Data Set, Partially 
Ordered Sets, Cascade Participation Index , Cascade Spatiotemporal 
Pattern

I. Introduction
WE consider a set of Boolean Spatiotemporal (ST) event types 
and their instances. We use Boolean event types because we are 
primarily concerned with either the occurrence or absence of an 
event type at a particular location and time. Given such a set, 
Cascading Spatiotemporal Patterns (CSTPs) are partially ordered 
subsets of event types whose instances are spatial neighbors and 
occur in a series of stages. Fig. 1 shows an example of a CSTP. 
The first event1 in the CSTP is the hurricane event. Subsequent 
events are represented by events such as heavy rainfall, localized 
flooding, and wind damage. Fig. 2a shows an example of a CSTP 
from an urban crime data set. The first event here is bar-closings 
(represented by circles), and subsequent events are assaults 
(represented by triangles), and drunk driving (represented by 
squares). 

II. Related Work
Most previous work on ST frequent pattern mining has focused 
on discovering unordered patterns or totally ordered patterns. 
Unordered patterns (e.g., spatial colocations and topological 
patterns) represent unordered subsets of spatial or ST events in a 
uniform ST framework [5-6]. Totally ordered patterns (e.g., ST 
sequences) represent a linear chain reaction of ST event types [7]. 
In a partially ordered set, for some (but possibly not all) pairs of 
elements, one of the elements preceedes the other.

Fig. 1: CSTPs Occurring in Connection With a Hurricane

In our recent work [8-10], we proposed 
A novel CSTP interest measure to quantify statistically 1. 

meaningful CSTPs;
A simple nested loop-based CSTPM (SIAM NLCSTPM, 2. 
previously called CSTP Miner) to evaluate the interest 
measure;
Two novel filtering strategies to discover CSTPs from ST 3. 
data sets;
Primary data analysis to reveal interesting CSTPs from real 4. 
crime data sets [8].

Our previous algorithm primarily relied on efficient filtering 
strategies to reduce the number of interest measure evaluations. 
However, it did not explore ways to reduce the cost of evaluating 
and did not demonstrate the generalizability of experimental 
results.
This paper extends our primary work on CSTP discovery [8].

We conducted a bottleneck analysis of the CSTPM which 1. 
reveals that the bulk of computation time is taken by interest 
measure evaluation (involving an ST join and pruning) 
and.
We introduce a new algorithm to compute the interest 2. 
measure: ST partitioning-based CSTPM (called as TKDE 
STP-CSTPM). 
We provide an algebraic cost model of the filtering strategies 3. 
proposed in our previous version.
We experimentally show that TKDE STP-CSTPM (TKDE for 4. 
short) outperforms the SIAM NL-CSTPM (SIAM for short) 
using synthetic and real ST crime data sets.
We generalize our previous experimental results to 5. 
synthetically generated data sets for evaluating the previously 
proposed filtering strategies (upper bound (UB) filter and 
multiresolution spatiotemporal (MST) filter).
We provide an extended case study to find  STPs from real 6. 
data sets, and a revised view of CSTP mining processes.

III. Problem Formulation
The special properties of ST data (e.g., ST correlation, nonlinearity, 
continuity, partial order, etc.) motivate different data models and/
or representations. This section describes some basic concepts 
related to ST data modeling, defines an interestingness measure 
and formulates the CSTP mining problem.

A. Modeling ST Data
ST data is often modeled using events and processes, both of 
which generally represent change of some kind. Processes refer 
to ongoing phenomena that represent activities of one or more 
types without a specific endpoint, such as global climate change 
[11-12]. Events refer to individual occurrences of a process with 
a specific beginning and end. Event-types and event-instances are 
distinguished. For example, a hurricane event may occur at many 
different locations and times, e.g., Katrina (New Orleans, 2005) 
and Rita (Houston, 2005). The ordering may be total if event-
instances have disjoint occurrence times. A directed neighbor 
relationship over a set MI of eventinstances may be formally 
represented as a directed acyclic graph, GI=(MI,EI), where EI is 
a set of directed edges representing ordered pairs in MI X MI. 
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B. Quantifying the Interestingness of CSTPs
The interestingness of CSTPs may be measured in different ways. 
In data mining, interest measures are selected using criteria such as 
computational scalability to large data sets, ease of interpretation, 
and utility in the context of the application domains. A key 
application domain constraint is the ability to predict the instances 
of a CSTP given an instance of a participating event type. These 
considerations have lead us to create an interest measure based 
on conditional probability.

ACascade Participation Index, CPI(CSTP), of a pattern is a 
measure of the likelihood of an instance of a pattern CSTP in the 
ST neighborhood of an instance of a participating event-type. By 
definition, CPI(CSTP) is the minimum of CPR(CSTP,M) over all 
event-types in a CSTP. 

IV. Proposed System
In this stage, we identify the key computational challenges in 
CSTP mining and present a computational bottleneck analysis 
of the CSTPM. We outline a general structure of the CSTPM 
algorithm, present filtering strategies and specific algorithms, 
provide an analytical evaluation, and briefly outline an algebraic 
cost model.

A. Broad Challenges
First, Spatio-temporal datasets consist of many different event-
types. The cardinality of candidate CSTPs is exponential in the 
number of event-types [22]. Since unfiltered candidate generation 
will generate an exponential number of potentially uninteresting 
candidates, smarter filters are needed to prevent the generation 
of such candidates need to be designed. Second, ST data mining 
often faces the conflicting requirements of statistical correctness 
and computational scalability. ST neighborhood enumeration is 
a third key challenge in CSTP mining

B. CSTP Miner
An algorithm to generate all CSTPs with a CPI value greater than 
or equal to a user specified threshold. The algorithm contains 
three key.

Steps: 
Candidate generation.• 
Interest measure computation.• 
Pruning. Performance optimization is conducted before • 
candidate generation and before interest measure 
computation.

A. Filtering Strategies
The CSTP miner’s performance is enhanced by using two 
filters: the Upper Bound (UB) filter and the Multi-Resolution 
Spatiotemporal (MST) filter.

1. Upper Bound Filter
The Upper Bound (UB) filter is based on the existence of an upper 
bound for the CPI. We first prove that there exists an upper bound 
to the CPI. In some cases, the interest measure might take very low 
values for candidate CSTPs. Hence, we make use of this strategy 
to prevent uninteresting candidate generation. These upper bound 
values reflect the maximum possible value of the interest measure 
for a candidate CSTP.
The upper bound of the CPI, upper (CPI), is the ratio of the minimum 
and maximum value of the CPR of eventtypes participating in a 
CSTP. It can be formally written as

where M is a participating event type in the CSTP.
It is clear from the above definition that upper(CPI) is an upper 
bound to the CPI because the CPI is the lowest value upper(CPI) 
can take (when the denominator is 1).

2. Multi Resolution ST Filter
The MST filter exploits the low dimensional embedding in a ST 
framework. A uniform ST grid defined using the parameters d 
and t is overlaid on the actual ST dataset. The instances of each 
event type are assigned to specific grids to obtain a coarse (or 
aggregated) dataset. This procedure is similar to the pagination 
imposed by a standard ST index structure. If the coarse CPI is 
less than the user specified threshold, the pattern is pruned. The 
coarse CPI is also computed by performing a ST join.
Lemma 1.MST filtering never underestimates the value of the 
interest measures compared to the original data set. 
Proof. MST filtering has two key ideas: 1) instance assignment 
to grids and 2) coarsening R to RC. The key intuition behind 
overestimation of CPI by the filter is that coarsening never 
reduces the number of neighbors for a particular event. A detailed 
explanation is available in our previous work [8].

B. Analytical Evaluation
We show that the CSTP miner is correct, complete and can find 
statistically meaninful patterns. We prove that the CPI and its 
upper bound are anti-monotonic. Anti-montonicity is an essential 
property for computational efficiency of the CSTP Miner. A 
detailed analytical evaluation with algebraic cost models is given 
in an expanded technical report of this paper [17].

Theorem 4.1. CPI and its upper bound are antimonotonic.
Proof. The key insight behind the proof is that the value of the CPI 
and its upper bound are non-increasing with pattern size. We prove 
this by considering two CSTPs, CSTP(k) and CSTP(k − 1), which 
represent CSTPs of size k and k−1 respectively, and establishing 
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that CPI(CSTP(k)) ≤ CPI(CSTP(k−1)) under the addition of an 
edge. The proof of anti-monotonicity of the upper bound of the 
CPI is based on the same intuition. The steps are described in the 
appendix of an extended technical report of this paper[17].

Theorem 4.2. The CSTP Miner is Correct.
Proof. By correctness we mean that no spurious patterns are 
generated.
Spurious pattern generation is avoided in the CSTP miner by 
computing the CPI correctly and by removing candidate CSTPs 
with cycles. Step 8 performs a simple nested loop ST join and 
identifies all related instances. Hence, this step computes the CPI 
correctly. Step 5 removes patterns with cycles, thereby ensuring 
that only valid directed acyclic graphs are generated as candidate 
CSTPs. Only valid CSTPs that pass the user specified threshold 
are then accepted as prevalent patterns. Thus, the CSTP Miner 
is correct.

Theorem 4.3. The CSTP Miner is Complete.
Proof. By completeness we mean that the CSTP  iner does not 
miss any valid patterns and that all prevalent patterns are reported. 
Step 4 computes all candidate CSTPs including the ones that have 
cycles. Theorem 4.1 ensures that no valid patterns are pruned 
during upper bound filtering. Lemma 2 guarantees that the interest 
measure values of patterns are overestimated correctly, and thus 
that a valid pattern would not get pruned. From Theorem 4.2, 
one can understand that the ST join phase computes the interest 
measure value correctly and does not make any approximations. 
Theorem 4.2 also showed that step 5 of the CSTP miner removes 
all cycles. 

Lemma 2. The CPI is an upper bound to the space-time 
K-Function
Proof: The definition of the space-time K-Function [21], we 
have

V. CaseStudy and Performance Evaluation
We presenting a case study using real crime datasets from Lincoln, 
Nebraska [8] and a computational performance evaluation of the 
CSTP miner. The dataset contains crime types (e.g. vandalism, 
assaults and larceny) and other ancillary features including 
locations of bars and a football stadium [8]. The locations of 
bars in the city of Lincoln, NE are shown in fig. 7.

Fig. 2: Bars in Lincoln, NE

A. Case Study and Statistical Analysis
The aim of our case study was to illustrate the discovery of real 
CSTPs and their generators from real world datasets [8]. In the 
domain of public safety, events such as bar closings, Saturday 
nights, and football games are considered generators of crime [26]. 
We analyzed crime datasets from 2007 for the city of Lincoln, 
Nebraska to identify real CSTPs. In general, we found bar closings 
are followed by a spike in criminal activity.
We consider whether the Saturday night and football CSTP 
generators identified are statistically significant compared to 
ordinary nights. Our analysis revealed that football games and 
bar closings do indeed generate crime-related CSTPs. 

B. Performance Evaluation
We evaluating candidate design decisions for the CSTP miner by 
measuring its performance with and without the proposed UB and 
MST filtering strategies..
We comparing  the execution time of the CSTP Miner for four 
different design decisions: no filtering, UB filtering alone, MST 
filtering alone, and UB and MST filter together.
The specific experimental analysis questions addressed were:

the effect of dataset size;1. 
the effect of the CPI threshold;2. 
the effect of the number of event types;3. 
the effect of the spatial neighborhood size;4. 
the effect of the temporal neighborhood size;5. 
the effect of the temporal neighborhood size;6. 
the effect of multi-resolution grid paramter ’d’;7. 
the effect of multi-resolution grid parameter ’t’.8. 

The CSTP Miner was implemented in Matlab Release 7. The 
experiments were performed on a quad core Intel Xeon X5355 
2.66 GHZ Linux Workstation with 16GB of main memory.

Fig. 3: (a). Crime Activity: All Year(2007)
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Fig. 3: (b). Crime Activity: Saturday Nights (2007)

Fig. 3: (c). Crime Activity: Football Nights (2007)
Fig. 3: Distributions of Number of Crimes/Hour Around Bar 
Closing With Different Generators

VI. Conclusion
This paper modeled cascading ST patterns (CSTPs) as ST partial 
ordered patterns. The paper proposing a novel interest measure, a 
correct and complete CSTP miner and filtering strategies that were 
observed to enhance computational performance. Our case study 
discovered a CSTP from a real data set. From our experiments, 
it is clear that the MST filter shows great promise in improving 
computational efficiency. While the UB filter did not do well in 
this set of experiments, we feel that it may do better in future 
experiments using other datasets. 

VII. Future Work
For future enhance the computational scalability of the CSTP 
miner by:

Examining different ST join strategies.1. 
Exploring different ST data structures for performing ST 2. 
joins efficiently.
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