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Abstract

Due to the exponential growth of multi-dimensional skyline objects, the computational memory and efficiency of the traditional sky-
line measures also increases on large spatial datasets. Skyline query computation has attracted a major research problem recently, due
to its exponential time and space complexities over imbalanced datasets. A large number of sequential skyline query processing
models have been implemented to evaluate the spatial pattern discovery on limited datasets. It is practically expensive and time con-
suming process to predict various spatial patterns from a large spatial candidate sets. Another major limitation with the sequential
spatial pattern mining models is that a large number of spatial candidate sets are generated with duplicate event sets. In the proposed
model, a novel parallel skyline processing using MapReduce framework is implemented on large spatial uncertain datasets. In this
model, a filtered based k-nearest neighbor approach is used to eliminate the sparsity or empty patterns using the hadoop framework.
Experimental results proved that the proposed model has high computational efficiency in terms of time and candidate sets are con-

cerned.
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1. Introduction

The rapid growth of the number of spatial data repositories on the
internet is inherently distributed on multiple sites. These multiple
sources of databases are stored in a central repository as Hetero-
geneous spatial database. Also, the continuously growing in the
features and size of the databases will lead to many computational
issues in the traditional skyline processing algorithms. Hence,
there is a significant need to find essential spatial frequent patterns
and infrequent patterns and its relations among heterogeneous
databases. Also, it is necessary to discover hidden knowledge
from those databases to improve the decision making. Finding the
frequent skyline points is an essential part of all spatial mining
approaches. Ensemble under-sampling technique is considered as
a perfect solution for this skewed class distribution with limited
data size. Due to memory and time limitations, an evolutionary
approach can’t be implemented in high dimensional applications.
In order to resolve such types of problems, novel divide-and-
conquer techniques are implemented using MapReduce scheme
for large spatial datasets with limited dimensions. According to
this technique, the whole dataset is divided into numbers of sub-
sets of data for parallel processing. In the high dimensional data,
divide-and-conquer methods are failed to find the majority and
minority spatial problems due to high dimensionality issue. Tradi-
tional parallel skyline pattern mining models consider a significant

amount of runtime due to medium to high database scans. Here,
the number of candidate sets generated during the pattern mining
process plays a vital role to improve the runtime and space com-
plexity.

The skyline query processing is vital in many multi-criteria deci-
sion-making applications. Taking the case of two points in a n-
dimensional space to be A and B. A dominates B if B is not better
than A in all dimensions and A is better in at least one aspect
compared to B, this is in accordance to the preferences given by
users. Let a set of these points be S. The skyline set in S is a sub-
set of S. The subset of S is made up of all the points that are not
dominated by other points in S. Uncertain streams of data are
monitored or analyzed effectively by using skyline operator.

For example hotels (a, b, c, d, e) close to the beach, they are con-
sidered skyline objects if none of the hotels are either having a
lower price if they have the same distance from the beach, or if
none of them is having a shorter distance from the beach with the
same price, or there is none better in both distance from the beach
and price than the hotels. These computations by skyline are com-
plex on the evaluation of large datasets. Due to this, parallel sky-
line algorithms have been studied with an emphasis on the skyline
additive property. A large dataset can be partitioned into smaller
subsets. A local skyline evaluation is performed on each individu-
al subset. After this, a global skyline computation is performed for
a final check. In the parallel skyline computation, the dataset is
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first partitioned in a set of subsets to the available machines. There
is a similarity in structure between each of the partitions and the
original dataset. An R-Tree indexing structure is then used by each
machine to process the skyline over its local data.

Traditionally, there is one central server referred to as the coordi-
nator. The coordinator controls a set of N servers. The coordinator
is responsible for distributing the processing activities to the N
servers due to high skyline computations, memory requirement,
high dimensionality and cardinality. Each individual server com-
putes the skyline over its local data then it gives the output to the
coordinator. The coordinator then combine the result then calcu-
lates the global skyline result in a sequential approach. These se-
quential skyline computational models require high computational
server capabilities along with memory, storage constraints.

Apache Hadoop is an open-source distributed framework used to
process a large amount of data. Map-Reduce is a programming
model in Hadoop framework, which is used to process a high di-
mensional dataset in parallel mode across multiple cluster nodes.
This framework is designed and implemented to automatically
divide large data into small segments, each of which can be exe-
cuted on any cluster node and to handle node failures efficiently. It
contains three essential components: Hadoop Distributed File
System (HDFS), Hadoop Core and Map-Reduce. HDFS can store
large data and partition these data into smaller blocks of 64MB
each. Hadoop Core is responsible for providing efficient resources
which are consumed by Hadoop components. To improve the
performance of the single machine processor, an efficient Map-
Reduce framework is used to develop large-scale applications,
which are independent of hardware and distributed environment
[1]. All the skyline query computational operations are performed
using the MapReduce on multiple clustered machines. It gives an
effective interface to support parallelization along with very high
performance.

2. Related Work

Y. Cheng, et.al. implemented an ordered neighbourhood method
for mining co-location patterns [2]. This technique basically de-
pends upon the concept of maximal clique enumeration approach
over spatial data. In this work, they presented a new technique
known as Maximal Clique Enumeration Based on Ordered Star
Neighborhood to filter the spatial co-locating objects and patterns.

SKY-MR is a Map-reduce algorithm proposed by Park [3]. The
SKY-MR use spatial dataset and builds a sky-quad tree for locat-
ing the dominated sample regions before starting Map-reduce. The
main aim of the Sky-quad tree is to repeatedly break down the
data space into sub-regions for skyline object filtering. In this
model, cluster nodes that manage the regions around the corners
of data space often get more data than the skyline computation
cluster nodes. In addition to this, the updating of the sky-quad tree
can lead to high computation overhead in the case of large-scale
datasets.

The grid partitioning based single reducer skyline computation in
Map-reduce was proposed by Mullesgaard[4]. They divided the
data space into grid partitioning scheme and represented these
partitions using bit-string. In this model , a large number of sparse
or null patterns are detected during the local skyline computation.

F. K. Deeb and L. Niepel proposed a new approach for detecting
spatial co-location patterns efficiently [12]. This technique finds
each and every spatial co-location pattern by using group of in-

stances. Initially, a neighbourhood detection process is performed
in order to identify individual co-location pattern of size 2 using
KD-tree approach. KD-tree has several distinguished characteris-
tics like:- tree generation and searching queries. An efficient prun-
ing technique used in this model is participation index. Participa-
tion index is used to discard all non-prevalent patterns in the spa-
tial candidate sets.

F. He, X. Deng, J. Fang introduced a faster technique in order to
mine spatial skyline co-location patterns [5]. In this paper, they
used a new spatial co-location mining algorithm and termed it as
Grid-based technique. They implemented the skyline co-location
computation using parallel programming for efficient computa-
tion. In this grid-based approach, all the spatial spaces are split
into number of smaller cells and these smaller cells are known as
grids. The appropriate length of cell is most vital because if the
length is very small, it will induce additional computation over-
head.

Y. Huang, J. Pei and H. Xiong developed an efficient mining
technique for skyline co-location of rare events for spatial datasets
[6]. Here, they identified all issues of spatial co-location mining
patterns with rare events. They proposed a new measure known as
maximal participation ratio (maxPR). maxPR gathers spatial co-
location patterns with rare features. Besides this, another new
measure known as pruneMax was presented in order to exploit
weak monotonicity. By using both maxPR and pruneMAX, inter-
esting rare co-location patterns can be determined easily for sky-
line computations. This technique is capable to handle only Bool-
ean spatial features. But, most of the real world features are cate-
gorical and continuous in nature.

Foto N. Afrati et.al [7], proposed parallel skyline query processing
using the map reduce framework for limited datasets. In this mod-
el, they minimized the load balancing steps for optimal query
processing. This model is not applicable to high dimensional spa-
tial datasets.

Hyeonseung et.al,[8] proposed a parallel skyline processing mod-
el using multicore architectures. They implemented a new skyline
computational measure PSkyline using BBS,SFS and SSkyline
measures. Proposed model is not applicable to GRID based sky-
line objects due to large set of candidate sets and null patterns.

Akrivi Vlachou et.al,[9] proposed a two-phase Map-reduce-based
skyline computational framework for limited size datasets. During
the first phase, input dataset is partitioned into multiple subsets
using data partitioning method. The noisy objects are filtered out
from each subset by a mapper function. Filtered objects are pro-
cessed using the angle-based partitioning. The output from the
map function is further processed by the reduce function. The
reduce function aggregates the objects from the map function then
filters them out. The local skylines are computed in each angle-
based partition during the second phase. Global skyline objects are
produced by the reducer function after merging the intermediate
results. To process the Probabilistic skyline computations, Pei et
al. [10] proposed efficient models based on a grid pruning method
to compute skyline probabilities for all the skyline input dimen-
sions. They used multivariate probability density function in terms
of parametric equation. Zhang et al. [11] proposed a top-k skyline
computational model that addresses the problem of uncertain data,
and implemented two efficient methods for data filtering and ran-
domization process.
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3. Proposed Methodology

A novel filtered grid partition based multiple reducer skyline
framework is designed and implemented on high dimensional
spatial datasets. Grid Partitioning schemes in the parallel skyline
computation are used to handle large datasets for skyline query
processing. The main issues identified in the traditional grid and
angular based skyline computations are solved using the following
parallel processing features:

Parallelism: In the parallel skyline computation, each cluster node
immediately processes the skyline query and returns the output to
the coordinator node for skyline filtering.

Scalability: The workload should be evenly spread across the par-
ticipating nodes for skyline processing.

Intermediate results: In the Map-reduce framework, each node
should hold local data along with local skyline processing results
for candidate filtering.

Equal-sized local skyline sets: The global skyline points should be
spread uniformly to all servers so as to ensure that each node con-
tributes the same to the global skyline result set.

Flexibility: During skyline processing by the individual mapper
and reducer nodes, each node should be able to use its individual
skyline algorithm for computing its locally stored data points.

This framework is implemented on hadoop framework. In the first
phase, the input dataset is evenly partitioned into multiple subsets
for bitstring representation.

Multiple Map-reducer jobs are used to obtain the bit-string repre-
sentation to each sub-string. This bit-string is useful in pruning out
data partitions without skyline tuples and it also gives the general
view of the input data. The original tuples are distributed into
multiple mappers by the FMR- GPMRS. This FMR-GPSRS also
performs the parallel computation of local skylines. Global skyline
computations are performed in each reducer phase by gathering
the local skylines from multiple mappers. The general F- GPMRS
process is in three phases as shown in figurel, the bitstring repre-
sentation for pre-processing phase, filtered GPMRS using Knn
approach and the local and global skyline computation phase. An
n x n grid is used to partition the data space during the prepro-
cessing phase. In the d-dimensional space, the total number of
partitions that identifies the grid cell dominance is nd. This is be-
cause each of the dimensions is split into n parts. In the Map
phase, all the non-empty partitions which dominate a cell are
marked “1” contrary to the other cells which are marked “0”. A
reducer is applied with local skylines from all mappers in the re-
duce phase. The global skyline is then computed by merging them.

Since the runtime time and storage space of skyline computation
will grow dramatically when the input dataset is large, applying
the F-GPMRS method could remove more candidate sets before
skyline calculation and save more execution time in the entire
processing.

Input High

dimensional
datasets

et

Mapper-1 { Mapper-2___.

' I

Bitstring- H Bitstring- [ Bitstring- ‘

MR1 MR2

v v

F-GPMRS1 J ‘ F-GPMRS2

.

Combine all
Filtered Skyline
patterns

Figure 1: Filtered Grid Partition based multiple reducer skyline framework

This model is an extension of GPMRS [4] model using hadoop
framework.

Step 1: Bitmap string representation:

In the grid partitioning, the non-empty tuple sets R of the partition
are given importance for skyline computations. In this method, the
n x n partitioning is represented as bitstring with d dimensions is
given as

BitStringg [i] =1if p;!=¢
=0, otherwise

@

In the MapReduce framework, input data R is divided into multi-
ple disjoint sets and each set is given input to mapper for bitstring
computation using equation (1).

Step 2: Applying GPMRS[4] using multiple mapper and reducers.
Here, independent partitioning group , local and global skyline
computations are performed on each mapper and reducer phases.

Step 3: Filtering local skyline computations

Apply K-nearest neighbor algorithm to find nearest local skyline
objects for global skyline computation.

For each local skyline object Oi in independent partition group
do
For each object Oi in IPG[]
Do
For each object Oj in IPG[]
k
M using Manhattan distance.

/I where il=j

Compute distance
Done
/INeighbor k-points in each severity level
k
N []J=Find Top K- nearest objects from Sorted list of Dist;
Assign a class to p’ based on majority vote:
c'=argmaxy Y (xi,ci) belonging to S, I(y=ci)
Done
Done

Step 4: Apply global skyline computation

Step 5: Merge global skyline computational results from the mul-
tiple reducers.
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4. Experimental Results

Experimental results are implemented on 2.4GHz Intel core i5
processor with minimum 8GB RAM. We used Jama, Jfreechart,
Scala, Spark third party libraries for the proposed filtered based
GPMRS framework. We used spatial synthetic data with large
number of instances and dimensions.

Sample Anti-correlation dataset:

4435 4778 2537 21984
617 2964 4258 321@
2223 4785 44e4d 7@5)
A§35 1948 4887 1411

3595 4261 1191 3465
2213 4899 4318 2850
la7e 3287 4339 3830
2383 4433 3675 4832
4376 4158 51@ 3503)
4662 3567 4385 928.
365@ 1185 4295 4825
2352 4211 2219 37325
4691 3227 3783 3484
4458 3886 356 310684
3923 2847 4836 1685
3645 1539 1737 3863
3187 4418 1369 2744
188@ 2316 3527 4550
3887 2463 397 4088.
2754 3757 4643 3201
4849 1472 4825 1968
4926 3358 4255 3343

Duration  Tasks: Succeeded/Total Input  Output Shuffle Read  Shuffle Write
2s 6/6 7.2KB 65.7 KB

4s 6/6 83.2 KB

09s 6/6 688.8 KB

02s 6/6 8.3 KB

08s 6/6 65.7 KB 8.3KB

3s 6/6 65.7 KB

2s 6/6

Figure 2: Computational efficiency of the proposed model for 100000
skyline objects.

Figure2 describes the input, output skyline computational efficien-
cies in MapReduce framework.

Duration Stages: Succeeded!Total Tasks (for all stages): Succeeded/Total

Tablel: Comparison of proposed model to the existing models in terms of

runtime, dimensions and average stora

e are concerned.

Model Average Runtime Dimensions Average
(Sec) Storage (bytes)
Angle based 67 6 21388
Skyline
GPMRS 36 6 16488
FGPMRS 27 6 6386

Table 1, describes the computational efficiency of the proposed
model to the existing models in terms of runtime, dimensions and
storage are concerned. From the table, it is clear that the proposed
model has less storage space and less runtime compared to the
traditional models on 100000 records.

Datasize: 100000 records

Table 2: Comparison of proposed model to the existing models in terms of
number of reducers, dimensions and empty patterns.

Model Reducers dimensions Avg. Filtered
Patterns
AngleSkyline 6 5 56
GPMRS 6 5 42
FGPMRS 6 ) 12

2s 111 (1 skipped) 6/6 (6 skipped)
45 11 616

09s 11 6/6

45 313 18118

2s 11 6i5

Figure 3: Computational duration of the proposed FGPMRS for 100000
skyline objects in hadoop framework.

Data size: 100000 records

Table 2, describes the efficiency of the proposed filtered based
GPMRS model in terms of number of reducers and null patterns
are considered. From the table 2, proposed model has less null
patterns compared to the existing models.

3. Conclusion

We study growth of the computational memory and efficiency of
the GPMRS is increased with respect to increasing growth of mul-
tidimensional skyline objects. Further we discussed main issues
identified in traditional grid and angular based skyline computa-
tions and are solved using parallel processing feature. To imple-
ment parallel processing we designed a Novel Filtered based
MapReduced Grid partitioning on high dimensional spatial da-
tasets. This is an extension of GPMRS model using hadoop
framework. This F-GPMRS is implemented in three phases shown
in figurel. This F-GPMRS method could remove more candidate
sets before skyline calculation and save more execution time in
entire processing. The experimental result shows average runtime
of F-GMPRS is 27 seconds, and average storage is 6386 bytes for
100000 records contains 6 dimensions, this is very less compare to
average runtime of grid based and angle based Skyline perfor-
mance. Scope of this paper is by improving proposed algorithm to
with stand feature requirements like increasing dataset size along
with dimensions.
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