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ABSTRACT 

 Nowadays in spatial database applications, the GNN-Group Nearest Neighbor Queries are the very new type of 

operation, to retrieve the best matching output. In the existing data mining query approach, which specifies a single query 

point, a GNN query approach has several query points. Due to the extra amount of query points, and the random scattering 

of those points in the data space, a GNN query is greatly multifaceted than the existing KNN query. In this paper a Novel 

Pruning approach is proposed with Multi-Pruning strategies for the GNN queries which take into enlightenment of the 

spreading of query points. The proposed approach can develop a square to estimate the prolong of numerous query points 

and then derive a distance or less range rectangle using that square to prune intermediate nodes in a parent child 

relationship-tree. The output shows that the proposed pruning strategies are well-organized than the existing methods. 

KEYWORDS: GNN, Pruning, Group Nearest Neighbor, Neighbor Queries, Breadth-First Search 

INTRODUCTION 

 GNN queries are more complex compared to traditional kNN queries mainly because of two reasons. One is that 

multiple query points are specified, which requires more distance computations. The other is that query points can be 

distributed within the data space in arbitrary ways, creating a large search region. However, the ideas behind kNN query 

processing can also be adapted for GNN queries. 

 The scenarios of GNN queries in [11] assume a static dataset and several query points, with the former being 

indexed by an R-tree. Based on these assumptions, several processing algorithms have been proposed in that work. Those 

processing techniques for GNN queries are inspired by pruning metrics and processing algorithms proposed for traditional 

kNN queries, and adapt old methods to the new requirements. Those algorithms also consider whether all query points can 

¯t in memory, and deal with them accordingly. For either case, three processing methods are used. 

 The methods proposed in [11] for multiple memory-resident query points may be reconsidered and further 

improved. Specifically, the multiple query method (MQM) does not consider the distribution of query points at all,                  

the single point method (SPM) approximates the centroid of all query points instead of their extent shape, and the minimum 

bounding method (MBM) simply uses the minimum bounding rectangle (MBR) of all query points to prune unqualified 

tree nodes. Bearing in mind the distribution of query points is very important to query processing, and their centroid can 

hardly reflect their distribution accurately, we are motivated to find new and more efficient pruning strategies for GNN 

queries. 
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 Given a set of Point P and a group of queries Q, an aggregate k nearest neighbor query is to find a set of points R 

that contains k objects such that doe any  and any p’  R dist (p’, Q)  dist(P, Q) where for any object  

dist( , Q) = . 

RELATED WORKS 

 Nearest neighbor (NN) queries and k nearest neighbor (kNN) queries establish a very significant group of 

questions in database. They are initiated in many varieties of solicitations, including but not limited to topographical 

evidence system, CAD/CAM, hypermedia [6], information detection [4] and documents withdrawal. In three-dimensional 

database, datasets are typically indexed by some spatial access methods (SAM) such as the R-tree [7] and R*-tree [3]. 

Several kNN procedures consuming such SAM [13, 8] and pertinent presentation analysis [12, 15] have been proposed. 

Besides, multi-step methods [14] and conversion methods [16], estimate [1] and choice restrictions [5] have also been 

projected for kNN queries.  

 As and postponement of the kNN query, the group nearest neighbor (GNN) query [11] has additional than one 

query point, and its objective is to minimize the sum of spaces from each subsequent point to all query points.                         

For example, several friends in a city may want to find a place to meet, and they hope the sum of their spaces to the place 

is negligible so that they can reduce the total travelling cost. GNN queries can also be applied in data gathering [9], outlier 

discovery [2] and irregularity discovery [10].  

 The problematic of responding  queries’ using the R-tree was leading announced in [13]. That procedure 

hunts the R-tree in a depth-first method, using two dissimilar metrics to help clip in-between nodes and leaf nodes.                 

One metric is hopeful  which corresponds to the shortest space between the query point and the MBR of a tree 

entry. The other is negative  which procedures the longest space from the query point to a tree entry MBR 

that safeguards the existence of some data point(s). For a given query point  and  are used to order 

and clip R-tree node accesses bestowing to three heuristics:  

 Every  better than the real distance from  to a given object  is discarded;  

 For two  is superior than  is clipped; and  

 If the space from  to a given object  is better than  is castoff.  

 The depth-first  procedure accesses more R-tree nodes than essential. To allow finest index node access, a 

best-first procedure was projected in [8]. A reminiscence mound is used to hold R-tree entries to be searched. Entries for 

the memory heap are selected according to the between an entry and the query point. Only those entries with a 

small enough  are pushed into the heap and searched later with its sub-entries checked and pushed back if 

necessary. With the optimization done with the metric mindist, the best-first algorithm only accesses those nodes 

containing k nearest neighbors, thus achieving optimal node access. By extending kNN queries, Papadias et al. for the first 

time introduced a novel spatial query with multiple query points, i.e., the group nearest neighbor (GNN) query [11].               

A GNN query involves two sets of points P = fp1; :::; pmg and Q = fq1; :::; qng, where P is the dataset and Q is a set of 

query points. The distance between a data point p and query Q is defined as dist(p;Q) = Pn i=1 jpqij, where jpqij is the 

Euclidean distance between p and query point qi. A GNN query returns the point(s) in P with the smallest distances to the 

query. Formally, we use NNQ(P) to represent the result of a GNN query, and it satisfies: 8p 2 NNQ(P) and 8p0 2 P ¡ 

NNQ(P), dist(p;Q) <dist(p0;Q) holds. Based on pruning metrics and processing algorithms proposed for kNN queries, 
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several processing techniques for GNN queries were proposed in [11]. Three algorithms, namely the multiple query 

method, the single point method and the minimum bounding method, were proposed for the case where query set Q can’t in 

memory. 

EXISTING APPROACH 

 In the existing system the step by step pruning strategies for GNN queries which take into account the distribution 

of query points. Those methods can derive a circle to approximate the extent of multiple query points, and then derive a 

distance or minimum bounding box (MBB) using that circle to prune intermediate points in a depth-First search via an              

R-tree. 

PROPOSED APPROACH 

 In the existing system the step by step pruning strategies for GNN queries which take into account the distribution 

of query points. Those methods can derive a circle to approximate the extent of multiple query points, and then derive a 

distance or minimum bounding rectangle (MBR) using that circle to prune intermediate points in a depth-First search via 

an R-tree. 

Nomenclature Used 

Table 1 

Symbols Description 

NN Nearest Neighbor 

GNN Group Nearest Neighbour 

QP Query Point 

dist Distance 

kNN K nearest neighbor 

Q query 

F1, F2, F3 Bounding Box 

MBB Minimum Bounding Box 

 

 

Figure 1: Distribution of Data Points 

 Aggregate nearest neighbor queries can also be used for clustering and outlier detection. The figure 1 shows that 

the data points F1, F2 and F3 they crossed more are less one city and the city [in green color circle] they meet is the 

common city which is equally nearer to the three people. The distance D1, D2 and D3 are calculated and compared for 

finding the nearest city. 
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 In Mahalanobis distance query processing, the search bound is indomitable by the furthermost data point in the 

result set, i.e., the k-th nearest neighbor NNk, and the search bound can be described as a rectangle centered at query point 

q with dist (q, NNk). We use є to represent such a bound. 

 Similarly but more generally a GNN query can be observed as the equivalent of a corresponding range query,           

i.e., for the k-th distance value.  

  

 Both queries return the same result set and retrieve all objects in P that have a distance from Qp not greater than 

. In other words  

  

 However, in a GNN query it is difficult to determine and describe the search bound because of the number of 

query points and their arbitrary distribution. On the other hand, we can still get some inspiration from the search bound of a 

Mahalanobis distance query. 

 In Mahalanob is distance query context the single query point and the farthest qualified neighbor together decide a 

rectangle while for GNN queries, there are more than one query point involved. The straightforward idea is to change the 

rectangle to other possible rectangle shapes, since the number of query points has been increased from one to more.               

Then for the case of two query points, we have good choice – rectangle, which is the route of all points whose distances to 

two specific points are fixed. From these two fixed points we have to draw a line from each point to form a rectangle.     

Then connect the new line edges. Now the rectangles have been formed. Now the old two points should be pruned.  

 Now once again we use our Mahalanob is distance query context to choose another two points which are very 

nearest to the Query point . By using our approach we can draw more rectangles upwards and downwards and also we 

can draw a rectangle from any side of the initial rectangle. So that we can cover all the points which are nearest to Query 

point .The rectangle idea above can be further applied to GNN queries with more than two query points as an rectangle 

is the simplest geometry shape that can be used besides a rectangle to deal with distance. 

Distance Pruning Method Using a Rectangle 

 Although it is difficult to use a universal and simple equation to describe the search bound for a GNN query,               

we may still use one rectangle to embrace the bounding shape of the query set . The extent of that shape is determined by 

the distance from the kth nearest neighbor to the query set . 

 Considering the rectangle it is clear that at the same distance value, the area embraced by the rectangle is larger 

than that by the rectangle. For instance if a pair of points with distance, if a pair of points with distance , then the 

ratio is: 

  

Pruning by Square Tiles Method 

 It is very hard to define the boundary of the GNN in a single equation, to determine the boundary of the GNN,           

a square or a rectangle to grip the bounding shape for the query set Q. The next level is drawing the shape repeatedly in the 

arbitrary in a constant distance until cover all the data set. By taking the circle and square, using the same distance value, 
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the area comprised by the circle is big, so that the smallest area can be obtained by the square. Example, consider a pair of 

points with the distance  then the ratio can be obtained is: 

  

 The first pruning method can be obtained like: 

 In case of a point or a MBS is too for enough with respect to the two nearest points chosen to approximate the 

square, they are not the last answer. The Experimental way is represented as below. 

EXPERIMENTAL SETUP 

 Elect two query points  be a couple of query points taken from query set Q, and the minimum, maximum 

distance of the k-th GNN originate so far. A point  can be carefully pruned if and only if:  

 ) 

 Proof: For any , there is a nearest point  covered by it. The distance from the  to query set Q can be 

written as: 

  

 Where it indicates that for the point  there is no nearest point very near to the query set Q than the k-th 

GNN found so far. Thus it is safe to prune point . 

Explanation 

 For the point it has the 

 It is 

concluded and leads to  cannot find a nearer 

Q than the k-th GNN found so far. The Experiment is depicted in the figure 1. 

 

Figure 2: Sampling of Data Points and Query Points 
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 In Figure 2, A, B, C and D are four intermediate data points, and two query points  and taken from Q.                 

In order to retrieve the data points A, B, C and D the minimum distance values are calculated and obtained are 18, 13, 18 

and 20 for A, B, C and D respectively. These distance value is achieved using the formula 

Let o be a point in A and which is the current nearest neighbor, its distance to the 

query data set Q is  this value is hereafter used as the pruning distance. Point U be the 

next point from B as the new nearest neighbor then the pruning distance will be updated to  

which is 15. The same manner next, next nearest neighbors can be used to group the similar data points.  

Algorithm 1: GNN (Q, k) { 

 s the query data set 

 K is the number of nearest neighbor to be retrieved 

 GNN query result 

 Answer set = “ “; maximum Distance =∞ 

 Get a pair of query set qi and qj with maximum distance; 

 Dist_Square_GNN (datapoint, Q, k, answerSet, maximumDistance, qi, qj); 

    } 

 To prune a data point  or a point , the 

  or ) to be large.               

Since the points  is on the square, then the sum of the two distances is getting increase as increases. So the large 

value of  is preferred. To meet this, the two query point from  is selected where the distance among the query points 

should be the largest than other pairs. 

Algorithm 2:  

{ 
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    } 

Algorithm 3:  

    { 
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    } 

Pruning by Square Cascade Method 

 The Experiment talks about the distance based pruning and Square based nearest neighbor searching can be 

obtained by creating the squares in a cascade manner. That is the squares are independent from one another and they are 

separately drawn in the space. 

 

Figure 3: Query Optimization 

RESULTS AND DISCUSSIONS 

 The functionality and the performance evaluation of the proposed approach can be verified by implementing a 

program in MATLAB 2012a software. Benchmark data  and  are taken for experimenting 

the proposed approach. The data is uncertain as well as spatial and the size of the data is also huge and it may a two,             

multi-dimensional. The data can be read from the source, pre-processed, normalized and find the center or centroid value 

for applying the proposed approach.  

 If, the functionality applied on the whole data base will take too much of time and it meets data redundancy,              

the data is divided into two equal sizes and preceded to overcome the data redundancy and function overhead. The 

experiment results show the effect and the performance in the following figures. 

 Figure 4 shows the original data read from the source directly, where the data have been spread over dynamically 

and the range of the data is un-determined. This data size is 4 x 150 x N. where N is the number of separate data set which 

indicates the year or area of the data. The various ranges of data are shown in various colors in the Figure. The X-axis and 

Y-axis represent the X-coordinate and Y-Coordinate of the data points respectively. 
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Figure 4: Original Data Set D 

 To increase the speed of the execution and to avoid the data redundancy, the whole data D is divided into data 

set . Figure 5a and 5b show the divided data set and sort for easy process of Query based data 

pruning. The data is arranged in such a manner that M number of data is available within a range of  

says the minimum value in the data set and the maximum value in the data set. After sorting the data, the pruning result 

becomes fast and accurate. 

 

Figure 5a: Arranged Data DS1 from D    Figure 5b: Arranged Data DS2 from D 

 

Figure 6: Test Queries on DS1, DS2 
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 The query  can be formed  The query may be a piece of 

data set within the range. The query can be a single point based or multi point based. The query set is a subset of the data 

set, and it has a very less number of data comparing with the size the of the The pruning methods 

will prune the result very similar to the query set, which is depicted clearly in Figure 6. 

 

Figure 7: Data Based on Center Value 

 Preprocessed, normalized data will be arranged in an order and further searching can be applied on top of the 

centroid value in the data set. Once the center value obtained then using the radius [from center data to any one of the 

corner data point] the nearest neighbor can be pruned with the similarity distance among the query data point and the Data 

set data. After the center calculation the data is arranged in a manner, is depicted in Figure 7. 

 

Figure 8: Clustered and Classified Data D 

 On completion of the data pruning all the resultant data are grouped together in all the ranges according to the 

query point and shown in Figure 9.Each colored data show the data under a cluster. 
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Figure 9: Answer for Query 

 The similarity among the data can be obtained using the distance formula as: 

  

 The result set retrieved from DS1 and DS2 can be arranged and depicted in Figure 6. The result for the query Q,  

is approximately equal to the query data. 

CONCLUSIONS 

 In this paper it is formulated and tackles a problem of pruning a data in two ways for a query set Q in a sub-space 

data. Due to the same characteristics among the query Q and the data set D, the output will be pruned. The proposed 

pruning methods based on data and objects, the answer set updated increasingly. The experiment result shows the 

efficiency and effectiveness of the proposed two level pruning methods.  
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