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Abstract: Data about entities or objects associated with 

geographical or location information could be called as spatial 
data. Spatial data helps in identifying and positioning anyone or 
anything globally anywhere across the world. Instances of various 
spatial features that are closely found together are called as 
spatial co-located patterns. So far, the spatial co-located patterns 
have been used only for knowledge discovery process but it would 
serve a wide variety of applications if analyzed intensively. One 
such application is to use co-location pattern mining for a context 
aware based search. Hence the main aim of this work is to extend 
the K-Nearest Neighbor (KNN) querying to co-located instances 
for context aware based querying or location-based services 
(LBS). For the above-said purpose, co-located nearest neighbor 
search algorithm namely “CONNEKT” is proposed. The 

co-located instances are mapped onto a K-dimensional tree (K-d 
tree) inorder to make the querying process efficient. The 
algorithm is analyzed using a hypothetical data set generated 
through QGIS. 

Index Terms: Co-located pattern mining, K-Nearest 
neighbor, K-dimensional tree, Location-based services.  

I. INTRODUCTION 

 Spatial data has been widely used by Geographical 
information system (GIS) and other geo-location or spatial 
services [1][2][3]. Points, lines, polygons and other 
geographic and geometric data primitives are some of the data 
types of spatial data. These spatial data can also be used for 
mapping location, storing an object as metadata or to locate 
user’s devices by making use of communication systems. 
Spatial data is often classified as scalar or vector data. 
Unambiguous information with respect to geographical or 
spatial location can be obtained using either of these data. In 
general, spatial data corresponds to the orientation, location, 
size and form of an entity present on Earth. Spatial data can 
also have properties that cater to additional knowledge about 
the entity being considered. Geographic Information Systems 
(GIS) or other Geo specific software applications can be used 
to acquire, envision, exploit and examine geospatial data 
[4][5]. The importance of spatial data mining is growing with 
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the occurrence and significance of voluminous spatial dataset 
repositories of remote-sensing images [6], context aware 
mobile applications [7], satellite imagery [8], medical data 
and crime data [9], three dimensional maps, traffic data [10] 
and many more. A spatial co-location  pattern provides 
association between spatial features that are usually located 
together [11][12][13]. These patterns also provide useful 
insights for location-based services and GIS. The co-location 
pattern recognition process discovers the subsets of feature 
often located together in a cluster of Boolean spatial features. 
For example, the examination of an ecology dataset may 
disclose the association between symbiotic species. Unlike 
association rule problem, there is no natural notion of 
transactions in spatial data sets since they are embedded in 
continuous geographic space.  Spatial co-location patterns are 
used for various applications, but this work aims at using 
co-location patterns for a completely different perspective. 
Till now the spatial co-located patterns have been used only 
for making better inferences, but it has a wide range of usage. 
Using co-located pattern set for a context aware based search 
or LBS is one such usage. Location based services (LBS) 
considers the geographical location of the device. LBS have 
been usually used for either information or entertainment 
purpose. The main aim of LBS service provider is to discover 
the location of user because LBS rely on user’s location. 
Context awareness and location awareness are property 
of mobile devices [14]. When location focuses mainly on how 
certain processes around a contributing device operate, 
context can be applied more conveniently on mobile users, 
especially with the users of smart phones. A context aware 
search is one in which the user does a search with respect to 
his location. For example, a user may want to find a theatre, a 
mall and a restaurant which are located together, within 10 km 
from his location. These kinds of spatial queries require the 
location of the individual instances and finally perform a join 
operation to know whether such pattern is found within the 
user’s range. The above-mentioned process is complex; hence 
a lookup in the already mined co-located patterns can be done 
to find out if such an instance is present within the range. The 
purpose of this work is to use the mined co-located patterns 
for a KNN [15] querying. The K nearest neighbor (KNN) is 
used to find the nearest K neighbors for a query from a given 
dataset. The co-located patterns are got by using a co-location 
pattern mining technique. The mined patterns can be 
represented in a K-d tree, which increases the efficiency of 
querying. A K- d tree is a space-partitioned data structure for 
arranging points in a K-dimensional space and is very useful 
for various applications, such as searches involving a 
multidimensional search key (e.g. range searches and nearest 
neighbor searches). 
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 K-d trees are efficient in bulk-loading situations. The result 
obtained from this querying process is the set of co-located 
instances with respect to users’ location. 
The rest of the paper is organized as follows: Section-2 deals 
with the related work, especially focusing on the state of the 
art techniques related to Location based services, KNN 
queries, K-d trees, Co-location Mining, etc., Section-3 
projects the proposed work namely CONNEKT, Section-4 
deals with the experimental setup and analysis, Section-5 
presents the results and finally Section-6 concludes the paper. 

II. LITERATURE SURVEY 

This section gives a detailed review of the various 
techniques that are required to perform the co-located nearest 
neighbor search. The basics of location-based services, KNN 
query for Location Based Search, the data structure used 
namely the K-d tree, and the Co-location Mining details are 
dealt in detail. 

A.  Location based services 

Location Based Services (LBS) [16] are mobile phone 
oriented services and these services take into consideration 
the device’s geographical location. LBS typically provide 

information or entertainment. The service providers are 
interested in finding frequently co-located services together in 
the proximity. With the knowledge of co-located patterns, 
they do queries. A master system which provides guidance for 
tourists is proposed in [17][18]. This system makes use of a 
multi-agent web service system along with an ontological 
database system, to provide travel-oriented information.  A 
location-based service supported Information system is 
developed here, i.e. a multi-agent master system acts as a 
travel information supplier and path deviser for tourist by 
making use of an image recognizing methodology along with 
Google maps. This application has received an overall 
satisfaction score of 80%. The designed system allows user to 
have fun during travelling by making use of a QR/Barcode 
reader, cloud database, a smartphone with integrated GPS 
function, to discover the necessary web services. For testing 
purpose New Taipei City in Taiwan was used. The two most 
popular trends in the emergence of electronic commerce are 
LBS in mobile communication and the personalization of 
information recommendation. But still, only one of these two 
trends have been focused by various prior researches. In [19], 
the application of LBS is integrated with recommendation 
technologies to give a location-based service 
recommendation model (LBSRM) and develop an 
experimental system to generate and measure the reliability of 
LBSRM. In the recommendation model, an adaptive method 
including long-term and short-term preference adjustment is 
conducted because of the accumulation and variation of 
preference, and also to strengthen the result of 
recommendation. A mobile platform framework has been 
proposed for location based service (LBS) and geospatial 
information (GI) in [20]. The framework is an integration of a 
number of state-of-the-art techniques with geospatial data 
resources that provides robust and highly available LBS. 

B. K-d Tree 

K-d trees [21] are useful data structures for several 
applications, such as searches involving a multidimensional 
search key (e.g. range searches and nearest neighbor 

searches). K-d trees are a special case of binary space 
partitioning tree. The following are some of the few methods 
available for constructing K- d tree. The spatial join queries 
are streamlined by exploiting the framework processing assets 
as per the qualities of spatial data in [22]. A spatial join query 
undertaking is isolated into a few sub-spatial join inquiries, 
which can keep running in parallel to enhance the query 
execution. A state-of-the-art method for computing 
approximate nearest neighbor (ANN) fields is the 
Propagation-assisted K-d tree [23]. In this method, each query 
patch needs descending search in the K-d tree and 
propagation search in the nearby patches. In this work the 
observations reveal that the query patches in the edge region 
need descending search, while other query patches only need 
propagation search. Therefore, this method requires less 
execution time. The edge propagation K-d tree was proposed 
to quickly compute ANNs. The experiments carried out on 
public data set shows that the search method is 2 to 3 times 
faster than the propagation-assisted K-d tree search method at 
nearly the same accuracy. A simple and flexible 
multidimensional data structure has been introduced in 
[24].The quad K-d tree is a general purpose and hierarchical 
data structure for the storage of multidimensional points. 
Quad K- d trees include both the point quad trees and K-d 
trees as particular cases and therefore it constitutes a general 
framework for the study of fundamental properties of trees 
similar to them. Besides, quad K-d trees can also be tuned by 
means of insertion heuristics and bucketing techniques to 
obtain trade-offs between their costs in time and space.  It has 
been shown that the performance of random quad K-d trees is 
between random quad trees and random K-d trees with 
respect to IPL (internal path length) and number of empty 
sub-trees. 

C.  K Nearest Neighbor Search  

KNN search [25] is used for finding the nearest neighbors 
with respect to the given location. Several modifications of 
KNN search has been introduced in literature. The following 
are some of the techniques available for performing this 
search. A novel quick KNN look up strategy utilizing an 
orthogonal search tree has been introduced in [26]. The 
proposed procedure makes use of an orthogonal scan tree for 
data collection utilizing an orthonormal premise assessed 
from the data set. To discover the KNN for a user given query 
point from the dataset, the estimations of the query point are 
mapped onto the orthogonal vectors and a node elimination 
methodology is applied for pruning unwanted nodes. For a 
node, which can't be removed, a point elimination inequality 
is additionally used to dismiss impossible data points. 
Experimental outcomes demonstrate that this strategy has 
suitable overall performance on finding KNN for query 
factors and always requires less calculation time than current 
KNN seek algorithms, mainly for a dataset with a huge 
quantity of data points or deviation. The previous KNN 
research made assumptions that the query handling 
calculations have access to their spatial index, and also that 
the spatial databases have to 
be queried are local;  
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e.g., R-trees. When KNN queries are focused on the spatial 
databases which are remote and work independently then this 
suspicion will be invalid. As it is conceivable to duplicate a 
few or the entire spatial entities which are present in remote 
databases or in a neighbourhood database and manufacture a 
different file structure for them, such an option is impossible 
when the size of database is big, or if there are substantial 
number of spatial databases to be queried. A KNN query 
processing algorithm that retrieves the nearest neighbors for a 
given query point using one or more window queries is 
proposed in [25]. In order to determine the span to be 
exercised by the window queries two different methods are 
proposed. A multi-staged framework (MSF) for high 
performance and adaptable execution of massive concurrent 
continuous query processing is introduced in [27], which 
exploits pipeline strategy and improves the parallelism with 
GPU computing technology. And a GPU based shortest path 
network expending algorithm (GPU-SPNE) is presented, 
which uses threaded workload parallelism to improve the 
throughout and performance for massive continuous KNN 
computing. The k nearest neighbor (KNN) search is a critical 
task in various fields, for example, LBS and database area. 
Recently few techniques have been proposed to fasten KNN 
search for static nodes with GPUs. To assess large 
simultaneous queries towards mobile objects in spatial 
systems, a multi-staged framework MSF has been introduced 
to enhance the parallelism with multi-threaded innovation, 
which leaves the question handling into three concurrent 
stages for ceaseless KNN inquiry. Further, in-memory spatial 
network adjacent matrix, shortest path matrix and hash table 
structures are introduced to describe the road network 
topology and store the mobile objects. Under MSF system a 
GPU-SPNE algorithm is proposed to diminish the figuring 
expense of KNN queries by utilizing threaded workload 
parallelism. Test assessment demonstrates that GPU-SPNE 
calculation accomplishes a performance improvement around 
one to two requests of magnitude over its CPU partners, and 
still performs superior to the brute-force algorithm on GPU in 
all conditions Under MSF framework a GPU-SPNE 
algorithm is proposed to decrease the computing cost of KNN 
queries by using threaded workload parallelism. The design 
of parallel K-d tree construction and NNS on GPU for low 
and high dimensional spaces is proposed in [15]. The 
proposed algorithms are of comparable quality as traditional 
sequential counterparts on CPU, while achieving high 
speedups. Parallel algorithms for the construction of K- d tree 
and nearest neighbor search (NNS) on massively parallel 
architecture (MPA) of graphics processing unit (GPU) are 
proposed. Unlike previous parallel algorithms for K-d tree, 
for the first time, this parallel algorithm integrates high 
dimensional K-d tree construction and NNS on an MPA 
platform. The proposed massively parallel algorithms are of 
comparable quality as traditional sequential counterparts on 
CPU, while achieving high speed performance on both low 
and high dimensional K-d tree. Low dimensional K-d tree 
construction and NNS algorithms, presented in this paper, 
outperform their serial CPU counterparts. For high 
dimensional K-d tree, the speedup factors are even higher.  

A partially specified nearest neighbor query search is used 
in [28]. The algorithm is based upon the k-d tree algorithms 

for partial match searches and nearest neighbor searches. The 
tree is assumed to be a non-homogeneous tree, in which the 
records are stored at the leaves. 

D. Co-location pattern mining 

This section presents some of the widely used Co-location 
pattern mining approaches. 
Mining Co-located patterns enables to discover a group of 
spatial entities that are often found together. Spatial data 
presents a challenge for finding co-location patterns as the 
traditional data is considered discrete whereas the spatial 
objects are embedded in a continuous space. The existing 
work on this concept makes use of a distance threshold which 
is inefficient for spatial data sets with differing magnitudes of 
neighborhood distances, particularly for regional co-location 
pattern mining. Hence a hierarchical co-location pattern 
mining method that works well on both varied neighborhood 
distances and spatial heterogeneity is proposed in [29]. A K- 
nearest neighbor graph (KNNG) is chosen as an alternative 
for distance threshold, a “distance variation coefficient” is 

used as a new procedure to manage the mining operations and 
discover an individual neighborhood relationship graph for 
each region. The experimental outcome on both synthetic and 
real-world data sets demonstrates that this method is far more 
efficient to find these regional co-location patterns. A 
join-less approach is proposed in previous work, but as the 
data size increases, a large amount of computation time is 
spent to find co-location rules as the existing approaches are 
purely sequential. Hence a parallelized join-less approach 
which finds the spatial neighbor relationship inorder to 
identify co-location instances and co-location rules is 
proposed in [16]. It finds the spatial neighbor relationships 
using a grid-based approach.  The computation cost of finding 
the co-location patterns is decreased by using map-reduce 
framework. As traditional data mining methods are generally 
inefficient for spatial data mining, various other spatial data 
mining methods are specifically developed. a model for 
finding the most commonly occurring co-location patterns in 
spatial datasets which utilizes clustering technique before 
mining the data for rules is proposed in [25]. This algorithm 
namely, SigCPM [30] overcomes the shortcomings of the 
existing grid-based approaches. 

III. PROPOSED SYSTEM 

The main aim of this research is to propose and model an 
efficient search technique for spatial queries involving more 
than one feature using a Kd-tree to represent the mined 
co-located patterns and adopts a KNN algorithm to do a 
lookup in the tree. Hence a complete framework namely 
CONNEKT has been proposed that involves the use of 
multiple algorithms and tools for realizing an efficient 
multi-feature search tool. The architectural design, 
implementation and results are presented in this section. 

A. Co-Located Nearest Neighbor Search using KNN 
Querying with K-d Tree (CONNEKT) 
The existing location based services provide nearest neighbor 
for a single feature. Hence, CONNEKT aims at providing 
nearest neighbor with more than one feature.  
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Since the join operations in spatial database are costlier, the 
co-located instance obtained from co-location pattern mining 
can be used for this purpose. The spatial co-located patterns 
can be used for a KNN query involving more than one feature. 
For instance if the user goes for an outing with his/her family, 
and each of the family member wants to visit different places, 
like the grandmother wants to visit a temple, the children want 
to go to a park, wife wants to go to a movie and the whole 
family wants to dine in a restaurant at the end of the day. Then 
the user can find a location or a place which has all these 
features located together. The user might also specify the 
range within which he wants to find a place having all these 
features. For these types of spatial queries we can do a lookup 
in the mined co-located patterns which has been mapped into 
a K- d tree. So, a K nearest neighbor search is performed on 
the K- d tree that is constructed for that pattern. This pattern 
involves n features that are mentioned by the user while 
querying. The following are the definitions for certain 
keywords used throughout the proposed work: 

 Feature: A feature represents various public entities 
present in a city. For example, hotel, temple, parks etc. 

 Co-ordinates: It represents the GPS location of a feature. 
In this work (X, Y) is used as co-ordinate value. 

 Pattern: It is a combination of one or more features.eg. 
[hotel, temple] is a pattern of size 2, [temple, park, hotel] is a 
pattern of size 3. 

 Instance: One or more occurrence of a pattern or feature. 
For example, a feature hotel can have many instances like A 
hotel, B hotel etc..., and a pattern [hotel, park] can have many 
instances like [A hotel, B park], [X hotel, I park] etc… 

B. CONNEKT Methodology 
The proposed model aims at finding the co-located neighbors 
for a given user location. A complete flow diagram of 
CONNEKT is given in Fig.1 and the algorithms given in 
Table. I-IV. In order to accomplish this, the co-ordinates of 
features are needed. These values are loaded to the 
co-location pattern mining algorithm [25] and the result 
produced by this algorithm is a set of co-located patterns, 
where each pattern has many instances. The co-ordinates of 
features and the co-located instances are stored in two 
databases namely “Feature” and “Pattern” respectively. By 

making use of these databases the instance calculation 
procedure is done, which is a necessary step required to map 
the co-located instances into a k-d tree. A nearest neighbor 
search is carried out on the k-d tree by using the inputs given 
by the user; the resultant of this search is a set of co-located 
neighbors. 
 

 
Fig. 1:  Flow Diagram of CONNEKT 

The algorithm used for KNN Querying of Co-located 
Instances using K-d Tree requires the following parameters as 
input. 
 
 
 User location U (X, Y): The users’ current coordinate 

value or any coordinate value for which the user wants to 
find the nearest neighbor set involving one or more 
features that are co-located. 

 No. of features selected N: This value lets us know 
whether the search is going to involve one or two or three 
features. This value depicts the pattern size. 

 Features F: The feature that is being involved in the search 
is mentioned here. It can be one feature or two features or 
three features. For example, Hotel, park, bus stand etc… 

 Radius R: This value is used to find the search area. The 
circumference within which the search has to be done. 

  Database containing features: This table contains the 
values of the randomly generated features.  

 Database containing mined co-located instances: The 
table containing the feature is loaded to a co-location 
pattern mining algorithm [25] and the result got from this 
is a set of co-located instances. 

The architecture of CONNEKT comprises of four important 
modules which are described below: 

i. User input module: 
The user has to provide the following input via the user 

module for the co-located nearest neighbor search.:  u (x, y), 
N, F,R . These inputs along with the database containing 
feature and mined co-located patterns is used for discovering 
the nearest neighbors .Initially the value N is checked ; if this 
value is ≥ 1 then an instance calculation procedure follows 

before constructing the K-d tree and performing the search. 
ii. Instance calculation: 

The instance calculation module given in Table.II is an 
essential procedure for the co-located nearest neighbor 
search. The mined co-located patterns got as output from the 
co-location pattern mining algorithm will be in the form of 
doublets, triplets, etc. based upon the pattern size. Each 
pattern will have the feature type and its instances will have 
their corresponding id e.g.,  
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[Hotel, park] = [34, 10] [39, 16], etc. Here [hotel, park] is a 
pattern of size two and [34, 10] is called as an instance of the 
pattern, 34 is the id of a hotel located in some ( ) location 
and 10 is the id of a park located in some neighborhood 
( )   location. We calculate a (X, Y) value for each 
instance of the patterns by finding the average of x and y 
values of the features using their corresponding id, 

, . 

This (X, Y) values calculated for the instance of the pattern is 
used for constructing a K-d tree for that particular pattern. 

iii. K-d tree construction module: 
For the construction of a K-d tree in algorithm given in 
Table.III we need the co-ordinate value for each instance of a 
pattern that was calculated in the instance calculation step, 
and a depth value (odd or even) to identify the splitting axis. 
Tree leaves store points or co-ordinate values (one or several 
points in each leaf). Each point is stored in one and only one 
leaf, each leaf stores at least one point. The set of all instances 
of a given pattern (pattern size may vary) forms a list 
hereinafter referred to as “pat-inst-list”. For a particular query 

involving 2 or more features, such a list is generated with the 
instance id and their respective coordinate values. The 
coordinate values of the list are sorted and a ftsplit divide both 
the space and the pat-inst-list into two discrete parts. A 
successive split is made from the root node to one of the 
leaves, and eliminates part of the list (and space) until only a 
small part of the list (and space) is left. The list of instances is 
split alternatively either by x-coordinate or by y-coordinate in 
the following manner: 

 Split by x-coordinate: If depth value is even, then split 
pointlist using the median M’s x co-ordinate value intoP1 (left 
of or on M) and P2 (right of M) 

 Split by y-coordinate: If depth value is odd, then split 
pointlist using the median M’s y co-ordinate value into P1 
(below or on M) and P2 (above M).                                                                                                             
This splitting repeats iteratively until all the points are 
assigned to a leaf node. 

iv. Nearest neighbor module: 
Nearest neighbor search as given in Table.IV is performed 

on the k-d tree that was constructed in the tree construction 
step. The root N of the k-d tree along with the user’s point and 

radius is given as input. A two-dimensional array called 
neighbor is initialized to null in the beginning. Then the node 
N is checked to see wether N.left and N.right are NULL, if it 
is true then the point is N.point, which is stored in the 
neighbor array. If the left and right child are not null then 
check to see if the u(axis).value ≤ n.value (i.e. the user 

location value of the corresponding splitting axis is almost 
less than or equal to the root node N.value). When this 
condition holds true, a search is performed on the left sub-tree 
by making use of the radius value to determine the range of 
the search. The algorithms for the above said functions are 
given in the next subsection. 

C.  CONNEKT Algorithm  

Table. I: CONNEKT procedure 

 
Procedure CONNEKT(U=(X,Y) , n, F,R) // outputs the 
nearest neighbors to users location 
Begin 
If (n≥1) 
  Call Search () 
 Else 
  Print “Entry not valid” 
Endif 
Search () 
If n=1 
 K-d tree () 
  KNN () 
          
              Else if(n≥2) 
  Instance calc () 
  K-d tree () 
                             KNN () 
Endif 
End 

Table II: Instance Calc procedure 

Instance calc (n, F)// To compute the average position of 
the co-located pattern instance 

  

Begin 

//summation of the x co-ordinate values involved in the 
patterns instance 

 

//summation of the y co-ordinate values involved in the 
patterns instance 

 

End 
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Table III: K-d Tree Construction Procedure 

K-d tree (Pat-inst-list, depth) //Tree construction 

Begin 

//Axis will be selected based on depth value. 

              Depth=0 

Pointlist=  

If Pointlist contains a single point 

then return a leaf containing this point 

     else if depth is even //split across x axis if depth is even 

                    sort the Pointlist and find the median M 

                    then Split Pointlist via the median x-coordinate   

                             into P1 (left of or on M) and P2 (right of 
M) 

     else Split Pointlist via the median y-coordinate  

              into P1 (below or on M) and P2 (above M) 

ν. left ← K-d tree (P1, depth+1) 

ν. right ← K-d tree (P2, depth+1) 

           Create a node ν storing M,  

v.leftchild   = ν. left            //set ν. left as the left child of ν 

v.rightchild = ν. right         // set ν. right as the right child of 
ν 

return ν 

End 

 

Table IV: KNN Query procedure 

KNN (U:user point, N: node(root), R: radius) //Nearest 
neighbor search using K-d tree 

Begin 

Neighbor [][]=Null;  // A 2d array which stores the nearest 
neighbors 

If n. left =n. right=null  

Then{leaf}  

            Neighbor [][]=n. point 

Else 

//if the users value corresponding to the splitting axis is less 
than the root node’s value then search left subtree else search 
right subtree 

If u(axis).value ≤ n.value  then    

        Dosearch =left; 

Else 

         Dosearch =right; 

Endif 

If(search==left) 

  If U(axis).value - r ≤ n.value then KNN (U, n. left, r) 

If U(axis).value + r >n.value then KNN (U, n. right, r) 

Else  

If U(axis).value + r >n.value then KNN (U, n. right, r) 

 If U(axis).value - r ≤ n.value then KNN (U, n. left, r) 

Endif 

End 

IV. EXPERIMENTAL SETUP AND ANALYSIS 

A.  QGIS-Datasets Generation 

The experiments are performed on synthetic dataset. The 
dataset is generated using Random Point Generation 
algorithm in QGIS tool. This dataset consists of 10 features 
and they are hotel, park, temple, ATM, theater, departmental 
store, shopping mall, police station, bus stand, railway station. 
Each feature had 10 instances and a total of 100 instances are 
generated.  

B.  Co-location pattern mining 

The synthetic dataset is given as input to a co-location mining 
algorithm called SigCPM [30]. 

The algorithm comprises of three major phases:  
1. Transaction generation using clustering over datasets  
2. Co-location pattern mining using interest measure       

calculation  
3. Co-location rule generation using co-location patterns. 

The output of this algorithm consists of possible co-located 
patterns along with the instances of each pattern. The values 
given as input to the co-location pattern mining algorithm is 
stored in a Fig. 2 consisting of three columns. The column 
which contains the instance id is made as the primary key. 
One column for the feature type (1-hotel, 2-park, 3-temple, 
4-ATM, 5-theater, 6-departmental store, 7-shopping mall, 
8-police station, 9-bus stand, 10-railway station.), and the last 
column for storing the co-ordinates. An integer data-type is 
used for storing the id and feature. Point data-type is used for 
storing the co-ordinates.The mined co-located patterns are 
stored in a table consisting of two columns. The column 
which contains the pattern is of type integer and is made as the 
primary key. The column which consists of the instances of 
the corresponding pattern is of type integer array. 
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Fig. 2:  Input to Co-located pattern mining algorithm 

C.  User Interface Design 

A user interface is created using JSP , for this purpose a 
server is used , which is apache tomcat. An open-source Java 
Servlet Container created by the Apache Software 
Foundation (ASF) is called as Tomcat Server. The database 
and the server are connected using the jdbc connection string 
“DriverManager.getConnection("jdbc:postgresql://localhost:
5432/features", "username", "password");” where 5432 is the 

postgreslocalhost port number, features is the database name 
which is followed by the username and password for the 
database. The Fig.3 shows the user interface that has been 
created for the user to give the input and Fig.4 shows the 
output window.  
D.  Performance Analysis 

The algorithm has been analyzed for its time complexity in 
terms of big-O notation. Since CONNEKT is the first of its 
kind in terms of nearest neighbor search with multiple 
co-located features, it could not be compared with other such 
algorithms.  The proposed technique is found to have a time 
complexity of ʘ( ) which is very less compared to the 
time required by existing join based approach. In general, If 
the search is done by using join operators,  then the time 
complexity for 2 features will be ʘ( ) and ʘ( ) for 3 
features. 

V. RESULTS 

A.  Search involving 2 features 

The user can select any two features from the 10 features that 
are available. The range for the search is to be mentioned and 
finally the co-ordinate values with respect to which the search 
is carried out. Fig.3 represents the GUI for a search involving 
2 features. The user has selected two features i.e. hotel and 
park. The co-ordinate entered is (15.6, -1.2). The range 
chosen is 20km. The output for this query is present in Fig.4. 
The result is a set of points where a hotel and park are found. 

 

Fig.3: Input screen for 2 features 

 
Fig.4: Output screen for the search involving 2 features 

B.  Search involving 3 features 

This search is similar to that of the previous search involving 
2 features. Here we have 3 features involved in the search (i.e. 
ATM, park, and shopping mall). The radius given is 7km. The 
co-ordinates are (-1.5, -0.5). The result obtained for this query 
is shown in Table.V. 

Table V: Search Results 
 

Feature 
size 

Features 
selected 

Search 
Radius 
in 
(Km) 

Input co- 
ordinates 

Output co-ordinates 

2 Hotel, 
Park 

20 15.6,-1.2 29.571394,7.4796944 
34.901276,1.379443 
20.061771,0.6429453 
35.155598,5.203124 
 

3 ATM, 
Park, 
Shopping 
mall 

7 -1.5,-0.5 1.2688353,0.80043155 
3.7381945,-0.2210754
6 

VI. CONCLUSION 

This paper introduces a new technique namely CONNEKT 
for performing searches involving more than one feature with 
respect to a user location. This finds application in context 
aware location-based services, wherein a user may want to 
query about the existence of one or more facilities from his 
current location. CONNEKT makes use of the mined 
co-located pattern instances which are readily available as the 
output of a co-location mining 
algorithm, which are mapped 
on to a K-d Tree for efficient 
retrieval.  
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The Co-located nearest neighbor search is efficient when 
compared to the searches involving join operations. The 
usage of mined Co-located pattern improves the querying 
time. In future, the same algorithm can be modified for LBS 
with preferences given to the network distance. 
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