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Abstract
Spatial data mining fulfils real needs of many geomantic 
applications. Many organizations collected large amounts of 
spatially referenced data in various application areas such as 
traffic, banking and marketing areas. Mining spatial data is very 
valuable and knowledgeable for vital strategic decision making. The 
geographical databases are useful for avoiding the road accidents, 
vehicle flow and sometimes on the mobility of inhabitants. These 
data contain useful information for the traffic control in the busiest 
areas on the roads like administrative areas, schools and market 
areas. In this paper a study is made for identifying and predicting 
the accident risk of the road. The previous article written on 
decision tree techniques invents the mining accident data and the 
details of corresponding road sections. Using the accident data, 
combined to trend data relating to the road network, the traffic flow, 
population, buildings etc. The existing work used the approach 
of multilayer spatial data mining, i.e. each layer is combined 
with another layer dataset using spatial criteria, then applying 
a standard method to build a decision tree. We propose a new 
method called spatial auto-regression model. It is a popular spatial 
data mining technique which has been used in many applications 
with geo-spatial datasets.
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I. Introduction
Explosive growth in the size of spatial databases has highlighted 
the need for spatial data mining techniques to mine the interesting 
but implicit spatial patterns within these large databases. 
Extracting useful and interesting patterns from massive geo-
spatial datasets is important for many application domains such 
as regional economics, ecology and environmental management, 
public safety, transportation, public health, business and travel 
and tourism [1].
Many classical data mining algorithms such as linear regression 
assume that the learning samples are independently and identically 
distributed. This assumption is violated in the case of spatial data 
due to spatial auto-correlation and classical linear regression. 
Regression model to account for spatial auto correlation. We 
propose a parallel formulation for a general exact estimation 
procedure for SAM parameters that can be used for spatial datasets 
embedded in multi-dimensional space [4].
We propose a parallel formulation for a general exact estimation 
procedure for SAM parameters that can be used for spatial datasets 
embedded in multi dimensional space of the traffic analysis in 
different spatial surfaces. We evaluate the proposed parallel 
formulation achieves a speedup of upto 7 to 8 times on serial 
procedure. We compare different load balancing techniques for 
improving the speedup of the proposed parallel formulation of 
SAM [3].

A. Scope
This paper covers parallel formulation for a dense and exact solution 
for traffic analysis and future prediction of the traffic density areas 
using the SAM. The parallel SAM solution is portable and can run 

on today’s spatial data mining in super computers and distributed 
shared memory architectures [5-6].

II. Background
This section links the work to general research in spatial data 
mining, highlights the support of spatial relationships and describes 
other works on different techniques.

A. Spatial Data Mining
The goal of spatial data mining is to discover hidden knowledge 
from spatial databases by combining spatial and non spatial 
properties. The spatial data mining methods are usually an 
extension of those used in conventional data mining. Spatial data 
mining consists in two functions. The first describes a spatial 
phenomenon by exploring data, for example identifying risky 
zones by viewing the spatial distribution of the accident locations 
[2]. The second function explains or predicts the phenomena 
while looking for some correspondences with properties of the 
geographical environment. For that situation, accidents could be 
told by the state of the road or the marketing area around.

B. Spatial Relationships
The main specificity of spatial data mining is that it considers the 
spatial relationships between objects. Unlike the relational data 
model, spatial relationships are implicit. Computing them requires 
many spatial join operations that are very costly [7-8].
They were computing the spatial relationships between objects 
of two thematic layers in the existing methods. It is the technique 
uses the spatial join index and is an extension of the well-known 
join indices introduced in the relational database framework.

III. Proposed Method
The problem studied in this paper is defined as follows: we need 
to find a parallel formulation for multi-dimensional geo-spaces to 
reduce the response time. The constraints are as follows:
The spatial auto-regression parameter, varies in the range (0, 1); 
the error is normally distributed i.e. ε =N (0, σ2I).The input spatial 
dataset is composed of normally distributed random numbers with 
unit standard deviation and zero mean; the parallel platform is 
composed of an IBM Regatta, OPenMP and MPI; and the size of 
the neighborhood matrix W is n.The objective is to implement 
parallel and portable software whose scalability is evaluated 
analytically and experimentally.
The  spatial auto regression(auto-correlation),y is an n-by-1 vector 
of observations on the dependent variable x is an n-by-k matrix of 
observations on the explanatory variable is the n-by-n neighborhood 
matrix that accounts for the spatial relationships among the spatial 
data,β is a k-by-1 vector of regression coefficients is an n-by-1 
vector of unobservable error.

Fig. 1: Serial Exact Algorithm for the SAM
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The above figure represents the stages of the serial exact algorithm 
for the SAM solution [9]. It is based on maximum-likelihood 
theory, which requires computing the logarithm of the determinant 
of the large matrix. However, the first term of the end-result of 
the derivation of the logarithm of the likelihood function. The 
n-by-n identity matrix is denoted by “I”, the transpose operator 
is denoted by “T”, “ln” denotes the logarithm operator and σ2 is 
the common variance of the error.

Where

Therefore above fig. can be viewed as an implementation of the 
ML theory. This section describes each stage. Stage A is composed 
of three sub stages: preprocessing, householder transformation 
and QL transformation. The pre-processing sub-stage not only 
forms the row-standardized neighborhood matrix W, but also 
converts it to its symmetric eigenvalue equivalent matrix W.The 
householder transformation and QL transformation sub stages are 
used to find all of the eigenvalues of the neighborhood matrix. 
The householder transformation sub-stages takes W as input and 
forms the tri-diagonal matrix whose eigenvalues are computed 
by the QL transformation sub-stage.
Stage B uses the eigenvalues of the neighborhood matrix to 
calculate the determinant of (I-ρW) at each step of the non-linear 
one-dimensional parameter optimization using the golden section. 
The value of the logarithm of the likelihood function needs to be 
computed at each iteration step of the non-linear optimization 
because the auto-regression parameter is updated at each step. 
There are two ways to compute the value of the logarithm of the 
likelihood function: 1) compute the Eigenvalues of the large dense 
matrix W once; compute the determinant of the large dense matrix 
(I-ρW) at each step of the non-linear optimization. Due to space 
limitations, it is enough to note that the former option takes less 
execution time for large problem sizes i.e. for large number of 
observation points. The above equations express the relationship 
between the eigen values of W matrix and the logarithm of the 
determinant of the (I-ρW) matrix.
The optimization is O (n) complexity.

Finally, stage C computes the sum of the squared error, i.e., the 
SSE term, which is O ( complex.Table1 shows our measurements 
of the serial response times of the stages of exact SAM solution 
based on ML theory. Each response time given inthis study is 
the average of 5 runs. We note that stage A takes a large fraction 
of total time.

Table 1: Measured Serial Response Times of Stages of the Exact 
SAM Solution. Problem Size Denotes the Number of Observation 
Points

Problem
Size(n) Machine

Time (sec) spent on
Stage A Stage B Stage C
Computing 
Eigen values

ML 
function

Least 
Squares

2500
SGI origin 78.10 0.41 0.06
IBM SP 69.20 1.30 0.07
IBM Regatta 46.90 0.58 0.06

6400
SGI origin 1735.41 5.06 0.51
IBM SP 1194.80 17.65 0.44
IBM Regatta 798.70 6.19 0.42

10000

SGI origin 6450.90 11.20 1.22
IBM SP 6546.00 66.88 1.63

IBM Regatta 3439.30 24.15 0.93

A. Parallel Formulation Method
The parallel SAM solution implemented here uses a data parallelism 
approach such that each processor works on different data with 
the same instructions. Data parallelism is chosen since it provides 
finer granularity for parallelism than functional parallelism.

1. Stage A: Computing Eigen values
Stage A can be parallelized using parallel Eigen value solver. If the 
source code of the parallel Eigen value solver is available, the code 
may be modified in order to tune the performance by changing the 
parameters such as scheduling technique and chunk size. We use 
a public domain parallel eigenvalue solver from the scale pack 
Library. This library is available on MPI based communication 
paradigm. Thus we us a hybrid programming technique to exploit 
this library within openMP, a shared memory programming model 
which is preferred within each node of IBM Regatta. In future 
work, we will use openMp with in nodes and MPI across the nodes 
of the IBM regatta. We modified the source code of the parallel 
eigen solver within scale pack to allow evaluation of different 
design techniques and chunk sizes. OpenMP provides a rich set of 
choices for scheduling techniques i.e., static, dynamic, guided and 
affinity scheduling techniques. Another important design decision 
relates to the partitioning of data items. We instructed OpenMP to 
partition the neighborhood matrix across processors.

2. Stage B: Fitting for the Auto regression Parameter. 
The golden section search algorithm itself is left unparallellized 
since it is very fast in serial format and the response time may 
increase due to the communication overhead. The serial golden 
section search stage has linear complexity. However, the golden 
section search needs to compute the logarithm of the maximum-
likelihood function, all of whose constant (spatial statistics) terms 
are computed in parallel.

3. Stage C: Least Squares
Once the estimate for the Autoregressive parameter is computed, 
the estimate for the regression coefficient, which is a scalar in 
ourspatial auto-regression model, is calculated in parallel.The 
formula for b̂ is derived from ML theory. The estimate of the 
common variance of the error term  is also computed in parallel 
to compare with the actualvalue. The complexity is reduced to 
O(n2/p) from O(n2)due to the parallelization of this stage.
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IV. Experimental Designs
This method has been implemented and tested on real data sets in 
the domain of road transport safety. It classifies accidents according 
to the involved categories (pedestrians, two wheels-bicycles and 
motorcycles or other vehicles. The split criterion relates the 
closeness of a “Marche” within a particular distance (100m).This 
criterion leads to more pedestrian category of accidents. The right 
son is partitioned again into the left part close to schools where 
the pedestrian rate increases and the vehicle rate decreases, and 
conversely for the right son. The third level shows a case we 
applied the SAM algorithm by parallel formulation chooses the 
prediction of the traffic. In this technique we take the matrix 
representation may be the accident thematic layer, the neighbor 
matrix may be the building thematic layer, the target attribute 
may be the accident gravity or the involved category ;a predictive 
attribute may belong to the target matrix such as speed, or to the 
neighbor matrix as the building category. We are proposing the 
Spatial Auto Regression model and calculate the eigenvalues of 
the target matrix which the data is retrieved from the particular 
thematic layer matrix is very fast and effective. 
Our experimental design factor represents their speeds by using 
synthetic data-sets:
The most important factors are load-balancing technique, problem 
size, chunk-size and number of Processors. These factors determine 
the performance of the parallel formulation. We used 4 neighbors 
in the neighborhood structure, but 8 and more neighbors could 
also be used. The load-balancing techniques of OpenMP can be 
grouped in four major classes: 1.Static Load-Balancing (SLB)

Contiguous scheduling: Since B is not specified, the iterations • 
of a loop are divided into chunks of n/p iterations each. We 
refer to this scheduling as static=n/p.
Round-robin Scheduling: The iterations are distributed in • 
chunks of size B in a cyclic fashion. This scheduling is 
referred to as static B= {1, 4, 8, 16}.
Dynamic Load-Balancing (DLB)• 

A. Dynamic Scheduling
If B is specified, the iterations of a loop are divided into chunks 
Containing B iterations each. If B is not specified, then the chunks 
consist of n/p iterations. The
Processors are assigned these chunks on a “first come, first-do” 
basis. Chunks of the remaining work are assigned to available 
processors.

B. Guided Scheduling
If B is specified, then the iterations of a loop are divided into 
progressively smaller chunks until a minimum chunk size of B 
is reached. The default value for B is 1. The first chunk contains 
n/p iterations. Subsequent chunks consist of number of remaining 
iterations divided by p iterations. Available processors are assigned 
chunk son a “first-come, first-do” basis. The below represents the 
experimental design of the various techniques applied on this 
spatial multi layer data set retrieving speeds according to the 
language and different system architectures.

V. Conclusion
Linear regression is one of the best-known classical data mining 
techniques. However, it makes the assumption of independent 
identical distribution (IID) in learning data samples, which does 
not apply to geo-spatial data. In the spatial auto-regression model 
(SAM), spatial dependencies within data are taken care of by 
the autocorrelation term and the linear regression model thus 

becomes a spatial auto-regression model. By using the parallel 
formulation SAM technique we can  predict the busiest areas in 
the different places like marketing areas, administrative offices 
and other school like places, by finding the alternate solution of 
that problem.  Incorporating the auto-correlation term enables 
better prediction accuracy. However, computational complexity 
increases due to the logarithm of the determinant of a large matrix, 
which is computed by finding all of the eigenvalues of another 
matrix. Parallel processing helps provide a practical solution to 
make SAM computationally efficient.

Table 2: Experimental Design
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