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Abstract---A co-location pattern represents a subset of Boolean 

spatial attributes whose instances are located in a close geographic 

space. These patterns are important for location-based services. 

There are many methods for co-location pattern mining where the 

distance between the events in close geographic proximity is 

calculated using a straight-line distance called Euclidean distance. 
Since most of the real-time tasks are bounded to the road networks, 

the results computed using Euclidean distance is not appropriate. 

So to compute co-location patterns involving network we define a 

model where initially a network model is defined and the 

neighbourhood is obtained by using network distance. By comparing 
this approach with the previous Euclidean approach, the results 

https://doi.org/10.53730/ijhs.v6nS4.9313
mailto:mvenugopalachari_it@cbit.ac.in


 

 

5175 

obtained for co-location patterns on a road network are accurate. 

Our experimental results for synthetic and real data show that the 

proposed approach is efficient and accurate for identifying co-
location patterns involving network entities. 

 

Keywords---spatial data, co-location patterns, road network 

distance, decision making, SVM, decision tree, random forest, Naïve 

Bayes. 

 
 

Introduction 

 

Co-location Pattern for Mining Spatial data (CPMS) is used to identify close 

proximity objects based on the geographical data Wang (2018). Complex 
associations are generally present in geographical data and knowledge extraction 

from both spatial and non-spatial attributes can be performed through CPMS. 

Location-based service (LBS) is a mobile service which uses wireless internet. 

These are capable of providing geographic information based on the current 

location. The information about surroundings with respect to a given position has 

become important to solve many real-time issues.  
 

Any data is said to be spatial if it contains location entities.  Extracting the close 

proximity geographic objects is possible through CPMS. The closeness between 

the objects can be calculated using various distance metrics like Euclidean 

distance and path distance Yao (2018). Usually, the distance between the objects 
is calculated using straight line distance called Euclidean distance and is ill-

suited because human activities are mainly constrained to road networks. So the 

distance measure used to calculate the road networks is the network distance. 

 

Co-location rule mining has got many applications across domains like location-

sensitive advertisements, genetics, transportation, tourism, ecology, weather 
prediction, and crime prediction Lu (2018). For example, a mobile service provider 

who has data of service patterns used by geographically nearby users and can 

provide location sensitive offers which boost his sales. Of late, a genetic field of 

biology is using the co-location mining for predicting the structures of DNA. 

 

 
Figure 1 The high-level view of Spatial Mining 
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Other examples are the prediction of rainfall in a particular area based on 

climatic conditions of that area and other neighbouring areas of it and prediction 

of a possible crime in an area based on a series of events occurring in that area 

over a period of time. The high-level flow of CPMS is shown in Fig. 1.  
 

The following terminology has been used throughout this paper.  

 

• Network: A network is a weighted graph with a set of nodes N and a set of 

edges E. Represented as G=(N, E). 

• Network Edge: Any two nodes which have direct communication can be 
expressed as network edge. It can be created between the start node and the 

ending node. Multiple nodes can even be configured on the network edge 

based on the object distance from the starting node. 

• Network object: A network object is expressed as (d, k) where d is the 

nearest edge and k is the distance from the starting node. 
• Network distance: Network distance is defined as the shortest path distance 

from one object to another. For example, if we consider the objects which lie 

on the same edge then the distance between the two objects can be 

calculated and identified as the shortest distance between the objects. 

• Neighborhood:  All the objects within the defined threshold are treated as 

the neighborhood to a target object. This measure is required to find all the 
co-located objects in the geographical area. Dijkstra's algorithm is one of the 

most popular methods for finding the shortest path. This gives the optimal 

solution for the given dataset. 

 

Related Work 
 

Based on the extensive literature, we prepared a taxonomy for identifying co-

location patterns (Fig. 2.). Multiple researchers have worked on spatial co-location 

mining. Many of these past works are based on the Euclidean distance Yu (2017), 

Huang (2004), Cai (2018), Yoo (2004). However, most of the human activities 

depend on network distance Okabe (2009), Yamada (2007). The economic issues 
can be addressed using the network distance Lu (2017), Yu (2017).   

 

In Agrawal (1994), the authors formulated the rules for generating advanced 

frequent patterns using the support and threshold. The authors in Koperski 

(1995) introduced the idea of spatial association mining in which they focused on 
certain spatial objects Flouvat (2015).  But, these approaches may not contain the 

required reference feature. To address this, recent researches focused on CPMS. 

 

CPMS is used for several applications especially in designing, natural 

investigations, business, and transportation Shekhar (2001). In another study, an 

object-centric model was proposed in  Huang (2006) for co-location pattern 
mining which is based on clique instances rather than reference feature along 

with introducing a measure named participation index. But, this method has a lot 

of instances join operations, which increases the complexity. 

 

To minimize this number of join operations, the authors in Yoo (2004) proposed 
different approaches. Firstly, they proposed an algorithm based on a plane 

dividing approach.  Even though this approach performs better, still there are 
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noticeable instance join operations. In recent studies, this algorithm is further 

extended to make it more efficient Flouvat (2015), Philips (2012). 

 

 
Figure 2. A proposed taxonomy for generating co-location patterns 

 

In this paper, we propose to use a road network distance for CPMS. Instead of 
using the Dijkstra algorithm, we use A* search algorithm for finding shortest 

paths which improve the performance.  A* algorithm is a widely used approach in 

path finding and graph traversal techniques. 

 

The fundamental component of spatial data mining is based on how 
neighborhood relation is defined. Further, there are also many other approaches 

in the literature to discover the spatial co-location mining like buffer zones Appice 

(2003), topological connections Santos (2005), kNN algorithm Wan(2009). The 

utilization of network distance is not a new aspect of GIS. Many researchers 

Huang (2004), Cai (2018)Xie (2008), used network distance for CPMS but authors 

in Yu (2015) used a new interesting measure and their results are more 
convincing and accurate. 

 

A format sheet with the margins and placement guides is available as both Word 

and PDF files as <format.docx> and <format.pdf>. It contains lines and boxes 

showing the margins and print areas. If you hold it and your printed page up to 
the light, you can easily check your margins to see if your print area fits within 

the space allowed. 

 

Proposed Approach for Identifying Co-Location Patterns 

 

The proposed design for identifying co-location patterns is shown in Fig. 3.  In 
the previous studies, the distance between the two objects is calculated using 

Euclidean distance. Since most of the human activities are constrained only to 

the road networks, the Euclidean model is ill-suited. To overcome this drawback, 

a new distance metric called network distance was used. This distance metric is 

used to calculate the distance between the two objects through a network. 
However, there are very few studies which focused on using road network 



         5178 

distance for CPMS. We use the existing framework of CPMS and customize it to 

use participation index as an interesting measure.  

 

  

 
Figure 3 Proposed Architecture for CPMS (Co-location Patterns through Mining 

spatial data 

 
In this method, the shortest distance between the two objects located in close 

geographic proximity is considered. The algorithm used for calculating the 

shortest path is A* search algorithm. In this context initially, the objects located 

in geographic proximity are identified. Later using the A* search algorithm the 

shortest path from each object to another object is obtained. Based on the 
obtained distances a threshold is fixed. 

 

The objects within the given threshold tend to form a pattern called the co-

location pattern. Based on the objects, co-location patterns of various sizes will be 

obtained. This obtained co-location patterns will be useful for users in their trip 

planning, business decisions etc. Generally, the co-location pattern mining in 
spatial data follows these steps: Initially, a neighborhood relation graph is built 

based on the predefined neighborhood. Next, the clique instances (co-location 

instances) will be generated. Finally, the relevant patterns are obtained (i.e. 

pruning) by using a threshold. The major variation in our paper is that we 

focused on creating the neighborhood relation graph based on network distance.  
 

Experimental Results 

 

Two different datasets have been considered in the experimentation, one is a 

synthetic data and other is a real-time data (Kukatpally area description). This 

approach analysed on a real data i.e., KPHB colony (Asia's largest colony) data to 
assess the performance and the details are as follows: In this, we considered all 

ATMs, shopping malls, hospitals, and banks. The data set consists of 107 banks, 

238 ATMs, 49 Hospitals and 18 shopping malls (Fig. 4). We find latitude and 

longitude for each object and applied the concept of network distance where the 

equivalent weighted graph is constructed. We applied the A* algorithm for 
identifying the shortest distance to find co-location patterns. 
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In urban areas, the services and location of the objects are tied to road networks. 

So to represent this, we use nodes, edges, network object, network distance, 

neighborhood, participation ratio, and participation index. Initially, the network 
distance from each event to another event is calculated and stored. Now threshold 

is fixed up to certain units. Based on the threshold the co-location patterns based 

on road networks will be obtained. Based on the threshold the co-location 

patterns of various objects will be obtained. The participation ratio and 

participation index are calculated for the obtained co-location patterns.  A higher 

value of participation ratio indicates that the identified co-location patterns are 
strongly correlated.  Fig. 5. illustrates the object representation in the spatial 

reference system. 

 

If we consider the objects which lie on the same edge then the distance between 

them is considered as the shortest one. On the other hand, in Fig. 5., objects A1 
and D3 lie on different edges the network distance between them can be 

calculated by using the Dijkstra’s algorithm i.e. Network distance (A1, D3) = 

A1.pos + networkdistance(n7, n7) + D3.pos. Substituting the corresponding 

values we get 7.1 (3.8+0+3.3). Fig. 6 shows the co-location instances obtained, 

participation ration and participation index which are obtained after the complete 

execution of the code. Higher participation index indicates that the co-located 
patterns occur frequently within the threshold. 

 

The following measures have been considered to access the performance of the 

system.  

 
• Participation Ratio (PR): Participation ratio can be defined as the ratio of the 

number of distinct objects that are included in co-location instances to the 

total number of objects of the type (Equation (1)). 

Participation Ratio = (number of distinct objects) / (total number of objects 

of the type) 

• Participation Index (PI): Participation index can be defined as the minimum 
values of participation ratio. 

 

We tested the proposed approach for multiple threshold values. Taking 100 

meters as the threshold, the results obtained are shown from Fig. 7 to Fig. 11.  

We extended our approach for other threshold values and the same are shown at 
the end of the section. 



         5180 

 
Figure 4 Map overview of the considered Real-Time Data Set 

 

Applying the Proposed Approach on Synthetic Data set 

 

 
Figure 5 Linear referencing based Network Model 

 

Fig 7 shows that the participation index for ‘C, D' co-location patterns is very 

high. This indicates that the co-location patterns occur frequently in an area of 9 

units. Applying the Proposed Approach on Real-Time Data Set Fig. 8 shows that 
the co-location patterns for ATMs and Banks is very high, which indicates that 

ATMs and Banks occur frequently within an area of 100m in Kukatpally area. 
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Figure 6 Co-location patterns for sample data set in Fig.1. 

 

 
Figure 7 Participation index for co-location patterns in a synthetic dataset with 

threshold 9 units 
 

 
Figure 8  Participation index for size2 co-location patterns with threshold 

100m 
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Fig. 9 shows that the co-location patterns for ATMs, Banks, and Hospitals are 

very high, which indicates that ATMs, Banks, and Hospitals occur frequently 

within an area of 100m in Kukatpally area. 

 

  
Figure 9 Participation index for size3 co-location patterns with threshold 100m 

 

Fig. 10 shows that the co-location patterns for ATMs, Banks, Restaurants, and 

Schools is very high, which indicates that ATMs, Banks, Restaurants, and 

Schools occur frequently within an area of 100m in Kukatpally area. Fig. 11 
shows that the co-location patterns for ATMs, Banks, Hospitals, Restaurants, and 

Schools are very high, which indicates that ATMs, Banks, Hospitals, Restaurants, 

and Schools occur frequently within an area of 100m in Kukatpally area. 

 

 
Figure 10 Participation index for size 4 co-location patterns with threshold 

100m 
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Figure 11 Participation index for size 5 co-location patterns with threshold 

100m 

 

We tested the proposed model using multiple spatial data sets with varying 

thresholds. We observed that when the threshold value is increasing, the 
probability of occurring the co-location patterns is increasing to a certain limit 

and later, it was almost constant (Table 1 and Table 2). The co-location patterns 

obtained for various threshold values are shown in Fig. 12. 

 

Table 1 Co-location patterns with varying threshold values (Size=2) 
 

Co-Location 

Patterns 

Threshold=300m Threshold 

= 500m 

ATM, Banks  0.7407    0.777 

ATM, 

Hospitals 

0.8666 0.9333 

ATM, 

Restaurants 

0.8260 0.9565 

ATM, 

Schools 

0.562 0.8750 

Banks, 
Hospitals 

0.740 0.8518 

Banks, 

Restaurants 

0.5900 0.7777 

Banks, 

Schools 

0.5666 0.6255 

Hospitals, 

Restaurants 

0.800 0.933 

Hospitals, 

Schools 

0.8125 0.9375   

Restaurants, 

Schools 

0.500 0.625 
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Figure 12 Various size co-location instances obtained for different threshold 

values 

 

Table 2 Co-location patterns with varying threshold values (Size=3) 
 

Co-Location Patterns Threshold 

= 300m 

Threshold 

= 500m 

ATM, Bank, Hospitals 0.7077 0.7777 

ATM, Bank, Restaurants 0.5925 0.7407 

ATM, Bank, Shopping Malls 0.5625 0.625 

ATM, Hospitals, Restaurants 0.7391 0.9333 

ATM, Hospitals, Shopping Malls 0.5625 0.625 

ATM, Restaurants, Shopping Malls 0.5 0.025 

Bank, Hospitals, Restaurants 0.5925 0.7407 

Bank, Hospitals, Shopping Malls 0.5625 0.625 

Bank, Restaurants, Shopping Malls   0.500 0.625 

Hospitals, Restaurants, Shopping Malls 0.500 0.625 

 

We extend the proposed approach to identify the colocation patterns for each 

individual and aggregate them to predict the crowd in the target place. We 

consider each human activity on daily basis with respect to spatial and temporal 
aspects. We proposed an approach (Algorithm 1) to achieve the same. 

 

Algorithm 1: Crowd prediction in the target locations from extracted individual 

spatiotemporal patterns 

Input: User public activities recorded in the form of 
           f(x,y,t). 

Output: Crowd prediction {High, Medium, Low} in the target location with 

respective to time limits. 

1. For each user Ui 

2. Identify the source of tracking the user activities 

3. Store and pre-process the collected data in the Time Range Tw 
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4. Generate a graph with locations Li[] as nodes and edges represent the 

sequence followed to visit locations in Li[]. 

5. End For 
6. Aggregate the individual user activity graphs using spatiotemporal 

clustering techniques. 

7. For Each path Pi in Aggregated Graph in TW 

8. For Each  item Ix in  Pi 

9. Find the probability of Ix by considering Ix-1  

node for all Pj 
10. End For 

11. If Prob(Ix) <Thd 

12. Purge that node from Li[] 

13. End If 

14. End For 
15. Apply supervised machine learning algorithms for predicting the crowd at 

the Target location(s) 

 

We initially identify the source of tracking the user activities like cab trajectory, 

self-agreed geographic and mobile tracking IAdamu (2018). We then record the 

sequence of locations that every user visits and all this information is aggregated 
using spatiotemporal clustering techniques. We purge the nodes from the 

aggregated graph which are not meeting the defined threshold. Finally, we apply 

supervised machine learning algorithms to predict the crowd at a particular 

location.  

 

 
Figure 13 Identified Hotspots for multiple users across multiple visits 

 

We tracked multiple user visits for several locations over a period of time and 

identified hotspot locations if they are meeting a certain threshold (Figure 13). 

Then, we identified multiple users visiting sequence containing the hotspots 

(Figure 14). We then have taken a new user sequence to predict the crowd at the 
next location that he/she is supposed to visit based on the hotspot visiting 

sequence. The classification accuracy after applying various supervised learning 

algorithms is shown in Figure 15. We further improved the classification accuracy 

by considering the various constraints like less congestion path, good road path 

and shortest path (Figure 16).  We identified that the user visiting sequence 
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greatly varies based on the listed constraints by which crowd prediction accuracy 

at the target location is also improved.  

 

 
Figure 14 Identified user visiting sequence-based on the hot spots 

 

 
Figure 15 Crowd Prediction accuracy without constraints 

 

 
Figure 16 Crowd Prediction at the target location with constraints 
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Conclusion 

 

Spatial Co-Location Mining is an emerging area and has various real-time 
applications. We identified that the traditional distance measures cannot be 

directly used for identifying frequent co-location instances in the target 

geographical data. We evaluate the effect of network distance to extract the co-

location patterns for the spatial data. We customized the existing CPMS model 

and added a new interesting measure to it. We tested the approach on multiple 

data sets (synthetic and real) and observed that the observed results are accurate 
for various co-location patterns. Since most of the human activities are 

constrained to road networks, this model will be useful. We extended the 

proposed approach to predict the crowd in target location based on the users 

visiting sequence based on time. As future work, we can apply the proposed 

approach for larger areas and test the accuracy of it.   
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