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Abstract
Spatial database systems manage large collections of geographic 
entities, which apart from spatial attributes contain spatial 
information and non spatial information. An attractive type of 
preference queries, which select the best spatial location with 
respect to the quality of facilities in its spatial area. User preference 
queries are very important in spatial databases. With the help of 
these queries, one can found best location among points saved in 
database. In many situation users evaluate quality of a location with 
its distance from its nearest neighbor among a special set of points 
There has been less attention about evaluating a location with its 
distance to nearest neighbors in spatial user preference queries. 
This problem has application in many domains such as service 
recommendation systems and investment planning. Related works 
in this field are based on top-k queries. The problem with top-k 
queries is that user must set weights for attributes and a function 
for aggregating them. This is hard for him in most cases. In this 
paper a new type of user preference queries called spatial nearest 
neighbor skyline queries will be introduced in which user has some 
sets of points as query parameters. For each point in database 
attributes are its distances to the nearest neighbors from each set 
of query points. By separating this query as a subset of dynamic 
skyline queries N2S2 algorithm is provided for computing it. 
This algorithm has good performance compared with the general 
branch and bound algorithm for skyline queries.
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I. Introduction
Spatial data is also known as geospatial data or geographic 
information it is the data or information that identifies the 
geographic location of features and boundaries on Earth, such as 
natural or constructed features, oceans, and more. Spatial data is 
usually stored as coordinates and topology, and is data that can be 
mapped. Spatial data is often accessed, manipulated or analyzed 
through Geographic Information Systems
Spatial database is a database that is optimized to store and query 
data that is related to objects in space, including points, lines 
and polygons. While typical databases can understand various 
numeric and character types of data, additional functionality needs 
to be added for databases to process spatial data types. These 
are typically called geometry or feature. The Open Geospatial 
Consortium created the Simple Features specification and sets 
standards for adding spatial functionality to database systems.
In many situations for decision making, users need select one or 
more data from database in accordance with their interest. The 
selected data must meet their desired constraints. For example 
suppose in a database about a shoreline city, information of its 
hotels such as cost and distance of each hotel from beach has been 
saved. A user wants to select a hotel with less cost and distance to 
beach. User hasn’t accurate asked (for example cost of hotel below 
100$ and distance to beach less than 1Km is accurate asked) but 

wants to find a set of data that are closer to their own interests. 
Such constraints called soft constraints and queries about these 
problems called user preference queries [1].
There are two basic queries for these problems. In the first type 
of queries that are known to top k, each of data attribute based 
on their importance to user gives a weight. The score of the data 
is computed by multiplying its values with the corresponding 
weights and aggregating them by a function. This query retrieves 
the k data with the highest scores [2]. In the second type of queries 
that are known to skyline, the set of all data that no other data 
dominate them are retrieved. A data dominate another if and only 
if for all attributes is better than or equals and for at least one 
attribute is better than the other. Indeed, in this way all data that 
aren’t worse than any other data in database are retrieved [3].
User preference queries are very important in spatial databases. 
Spatial data in addition to nonspatial data can be stored in these 
databases. With the help of these queries, user can find best places 
in database according to their interest
For many application users evaluate quality of a location with its 
distance from its nearest neighbor among special set of points. For 
example suppose a user wants to find a hotel for rest that is near 
to a restaurant and a coffee shop. So he considers coffee shops 
and restaurants as two query point sets and evaluates hotels with 
their distances to nearest coffee shop and restaurant. Less attention 
has been about subject distance of a point to its nearest neighbors 
as preference of the user.
Related works in this field are in based on top-k queries. In top-k 
queries setting a weight for each attribute and a scoring function 
for aggregating attributes are hard for user. Indeed user is more 
willing to ask for the skyline first in order to get the “big picture” 
and then apply a top-k query to get more specific results. So the 
use of skyline query with considering the distances of points to 
their nearest neighbors is subject that less attention has been on 
it [3].
Distance of the point to its nearest neighbor is a dynamic attribute 
for that point. Dynamic attributes are not directly stored in 
database but according to data from database can be calculated. 
Existence algorithms for respond skyline queries such as branch 
and bound algorithm don’t have good performance for dynamic 
skyline queries and in based on type of dynamic attributes, many 
optimizations can be performed on them [4].
In this paper a new type of dynamic skyline query called spatial 
nearest neighbor skyline query is introduced. In these queries, user 
has some set of query points. For each point in database, attributes 
are its distances to nearest neighbors from each set of query points. 
All points that there is a point better than them according to all 
attributes are deleted and the rest are returned as the answer.
This query is the subset of dynamic skyline queries. By separating 
it we are trying to provide a more efficient algorithm for computing 
it. This algorithm that called N2S2 is in based on branch and bound 
algorithm and such as branch and bound algorithm supposes there 
is R tree index on data but this solution can be extended to all kind 
of data partitioning methods on spatial databases.
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In this algorithm by considering the density of the query points 
in high levels of the index instead of accurate distance to nearest 
neighbors, a better view with less cost is obtained about nodes 
of tree may be more promising. Also with storing nodes that are 
used to find nearest neighbors of parent nodes and using of them 
for finding nearest neighbor of lower level nodes of tree, many 
extra fetch of nodes will be avoided.

II. Existing System
More associated work with this paper is [6]. A type of spatial user 
preference queries is presented in it that ranks objects based on 
the qualities of features in their spatial neighborhood and retrieves 
the K objects in set with the highest ranks. In fact in [6] user 
has some sets of query points. Each query point in based on its 
quality has a score between 0 and 1. For each object in database 
scores of nearest neighbors from each set of query points are 
aggregated with a function such as sum and object is ranked in 
based on result of this function. K points that have highest rank 
are retrieved as query results.
In [6], the distances of objects from their nearest neighbors 
aren’t considered as important factor for retrieving results. So 
for example an object that its nearest neighbor is far from it may 
have high rank. This method use top-k queries so user should 
present an appropriate ranking function.
Writers of [6] extended their works in [7]. In which, in addition to 
the nearest neighbor, the scores of the higher level neighbors are 
considered for ranking objects with the condition that the score 
of i’th nearest neighbor is divided into 2t . The problem with this 
method is that it doesn’t consider concept of distance exactly and 
so for example it is not important that how much the distance of 
an object with its nearest neighbor is or how much the distance 
of the first and the second nearest neighbors is.

A. Drawbacks
The problem with top-k queries is that user must set weights • 
for attributes and a function for aggregating them

III. Related Works
Object ranking is a popular retrieval task in various applications. 
In relational databases, we rank tuples using an aggregate score 
function on their attribute values [2]. For example, a real estate 
agency maintains a database that contains information of flats 
available for rent. A potential customer wishes to view the top-
10 flats with the largest sizes and lowest prices. In this case, the 
score of each flat is expressed by the sum of two qualities: size 
and price, after normalization to the domain [0,1] (e.g., 1 means 
the largest size and the lowest price). In spatial databases, ranking 
is often associated to Nearest Neighbour (NN) retrieval. Given a 
query location, we are interested in retrieving the set of nearest 
objects to it that qualify a condition (e.g., restaurants). Assuming 
that the set of interesting objects is indexed by an R-tree [3], we 
can apply distance bounds and traverse the index in a branch-and-
bound fashion to obtain the answer [4].
Hjaltason et al. in [6] propose an incremental nearest neighbour 
algorithm that is based on utilizing an index structure and a priority 
queue. Their approach is optimal with respect to the structure of 
the spatial index but not with respect to the nearest neighbour 
problem. The major shortage with these approaches that render 
them impractical for networks is that the filter step of these 
approaches performs based on Minkowski distance metrics (e.g., 
Euclidean distance) while the networks are metric space, i.e. the 
distance between two objects depends on the connectivity of the 

objects and not their spatial attributes. Hence, the filter step of 
these approaches cannot be used for, or properly approximate exact 
distances in networks. Papadias et al. in [7] propose a solution 
for SNDB which is based on generating a search region for the 
query point that expands from the query, which performs similar 
to Dijkstra’s algorithm. Shekar et al. in [10] and Jensen et al. in 
[3] also propose solutions for the KNN queries in SNDB. These 
solutions are based on computing the distance between a query 
object and its candidate neighbors on-line and per query. 

IV Proposed System

A. General Skyline Queries and the Branch and Bound 
Algorithm (BBS)
Given a set of data object P that each object has m attributes, 
general skyline query retrieves objects such as pi in P that doesn’t 
exist any pj in P that dominates it. A data object dominates another 
data object if for all attributes is better than or equals and for at 
least one attribute is better than the other. In this query all objects 
that may be best for user are retrieved. Indeed this query retrieves 
results of all top-1 queries. It helps users to get a big picture of 
the interesting options [3].
One of the best algorithms for responding skyline queries is BBS 
algorithm presented in [4]. In this algorithm each data object 
is supposed as a point in m dimensional space. There is a data 
partitioning method such as R-Tree on data. Search starts from the 
root node of the tree. A priority queue is used to store tree nodes. 
At first the root node of the tree is inserted into the priority queue. 
From then until the queue becomes empty at each stage, a more 
promising node is removed from the priority queue. If this node 
is a leaf it will be a skyline point but if this is an intermediate 
node and not dominated by any found skyline points, it will be 
expanded and all children that are not dominated by any found 
skyline points are inserted into priority queue.
Promising criterion for a point is the sum of its attributes or 
coordinates. Whatever the sum is less, data is more promising. For 
intermediate nodes, promising criterion is the sum of coordinates 
of the point with minimum coordinates in minimum bounding 
rectangle of node.
This algorithm can be used for dynamic skyline queries. In these 
queries there are m function that take coordinates of a data object 
as parameters and map it to new m dimensional coordinates. Then 
the skyline query is applied on the new coordinates.
When applying algorithm on dynamic skyline query, because 
the dynamic attributes are not saved in database, they should 
be calculated for any nodes that considered for the first time. 
According to type of dynamic attributes, many optimizations can 
do on the BBS algorithm.
Spatial nearest neighbor skyline query is a subset of skyline 
query. In skyline query attributes of an object doesn’t have any 
limitation and can be static or dynamic but in spatial nearest 
neighbor skyline query, attributes of an object are its distances 
to its nearest neighbors from each sets of query points.
If a set P that contains user interesting data points (for example 
the set of hotels) and m sets q1………q2 (for example two sets 
of coffee shops and restaurants) of user desired query points are 
given, Spatial nearest neighbor skyline query retrieves all points 
such as Pi in P that aren’t dominated by any other point pj in P. 
point Pj dominate Pi if and only if all attributes of Pj is smaller 
than or equal and for at least one attribute is smaller than to the 
corresponding attributes of Pi . Each point p€P, has m attributes
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B. N2S2 Algorithm

1. Problem with BBS Algorithm
If BBS algorithm for dynamic skyline queries is used for spatial 
nearest neighbor skyline query, when a node is removed from 
priority queue, its nearest neighbors from each set of query points 
should be calculated and in based on it decided for that node. 
Suppose there are separate R tree indexes on each sets of query 
points. For finding nearest neighbor (from a set of query points) 
for each child of a node, search should be started from the root of 
the query points R-tree index, almost the same route that went for 
finding nearest neighbor of parent node. So fetching a lot of nodes 
for finding nearest neighbor are repeated. Therefore by storing 
the nodes of query points[10] R tree that are used to find nearest 
neighbor of parent node and continue the search from them, we 
can prevent many of the additional fetches.
On the other hand for higher level and close to the root nodes of 
data points R tree, don’t need the exact distance from its nearest 
neighbor but only need an overview of the density of query 
points around the MBR1 of the node to recognize the priority 
of it. Therefore the search for finding nearest neighbor need not 
continue to leaves of query points R tree but nearest MBRs at 
levels above the leaves can be found and the distances to these 
MBRs is considered. Therefore many additional fetches of nodes 
can be avoided.
Before presenting algorithm, appropriate metrics for calculating 
the distance between two MBRs are needed. There are different 
metrics for the distance of two MBRs. in this paper two metrics 
that are introduced in [15] will be used. The first is MinMindist 
that is the minimum distance between any points in two MBRs and 
the other is MaxMaxdist that is the maximum distance between 
any points in two MBRs. in fig. 1, this two metrics are shown for 
two MBRs. this two metrics are used for pruning R tree in N2S2 
algorithm Distance between two MBRs 

Fig. 1: Distance Betbeen Two MBRs

N2S2 Algorithm is in based on BBS Algorithm in which both 
problems that discussed in BBS algorithm with spatial nearest 
neighbor skyline queries are solved. The search is started from the 
root of the data points R tree. For each node of the data points R 
tree that is fetched, a typical data structure like the data structure 
that presented in [16] is created that this node is its owner. If there 
are m sets of query points, this data structure has m lists. These 
lists are used for saving nodes of query points R tree used for 
finding nearest neighbor of the owner. So the search for nearest 

neighbor doesn’t need to start from the root node of the query 
points R tree but can continue from saving nodes in lists of parent 
data structure. For each list in data structure of a node minimum 
of MinMindist and minimum of MaxMaxdist between MBR of 
owner node and MBRs of the nodes in list are stored.
Procedure of algorithm is that at first a new data structure is created 
that the root of data points R tree is its owner. In each m lists of 
this data structure, the root of each query points R tree is inserted. 
[12] Same as BBS algorithm, a priority queue is used for storing 
and retrieving these data structures. After creating the root data 
structure, it is inserted to priority queue.
The priority of each data structure determined with sum of 
minimums of MinMindists for all lists of it. The node that this 
value is lower for it is more promising. At each stage the data 
structure of the more promising node is removed from the priority 
queue and if it isn’t dominated by skyline points have been found 
so far, it will be examined.
If the owner of this data structure is an intermediate node, a new 
data structure is created for each child of owner. For filling lists 
of child data structure, the nodes of corresponding lists of parent 
data structure are examined. If those nodes are leaves, themselves 
and if they are intermediate nodes, their children are inserted in 
the list of new data structure. Therefore by going down one level 
in data points R tree, we are going down one level in query points 
R trees too.
When a node is inserted in a list of data structure of child node the 
values of minimum of MinMindist and minimum of MaxMaxdist 
are updated for that list. When a list was filled with examination of 
all nodes in corresponding list of parent data structure, all nodes 
in the list are examined again and each node that isn’t promising 
for finding nearest neighbor, is pruned.
In the other words all nodes in list that minimum distance 
between their MBRs and owner MBR is greater than minimum 
of MaxMaxdist for that list, are removed from list. Because there 
is another node in the list that maximum distance between its 
MBR and owner MBR is less than minimum distance between 
this node and owner. So it is impossible that this node has nearest 
neighbor.
If the owner of new data structure is a leaf node, the exact distance 
of that node and its nearest neighbor from each set of query points 
should be calculated. So the procedure of filling lists with children 
of further nodes in lists and pruning none promising nodes should 
be continued until all nodes in lists are leaves and exact distances 
to nearest neighbors from each query sets are obtained.
This algorithm gives R tree of data points and R trees of each m sets 
of query points as parameters and returns a list of data structures 
of skyline points. Above-mentioned data structure is called DS in 
pseudo code. If we have m sets of query points, each DS has an 
owner and m lists. For each list the minimum of MinMindist and 
Minimum of MaxMaxdist is saved in the DS. These two values 
for list i’th called minminmindist(i) and minmaxmaxdist(i).
This pseudo code has five functions. The INSERT function inserts 
a node into one of lists of a DS and updates minminmindist and 
minmaxmaxdist values corresponding to this list of DS. The PRI 
function calculates the priority of a DS. This function calculates 
the sum of all minminmindist and minmaxmaxdist values 
corresponding to all lists of the DS and returns this value. If the 
value of this function is less for a DS, it is more promising.
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Fig. 2: N2S2 Algorithm

Fig. 3: INSERT Function

Fig. 4: PRI Function

The DOMINATE function gives two DS as input and examine if 
first DS dominate another or not. A DS dominate another DS if for 
all lists in this DS the value of minminmindist is less than or equal 
and for at least one list this value is less than the corresponding 
value of another list.

Fig. 5: COMINATE Function

Fig. 6: RECONFIG Function

The RECONFIG function gives a DS and examines all nodes in 
one of its lists and removes all nodes from the list that are not 
promising for finding nearest neighbor of the owner. Each node 
that the minimum distance between it and the owner is greater 
than minmaxmaxdist of that list is not promising and removes 
from the list.

V. Conclusion
In this paper a new kind of user preference queries in spatial 
data bases is introduced that called spatial nearest neighbor 
skyline queries. This query is very practical in many fields such 
as service recommendation systems and investment planning. 
With separating it as a subset of dynamic skyline query, the N2S2 
algorithm is presented for solving this kind of query with better 
performance.
The number of IO in this algorithm is much less than BBS 
algorithm for this kind of queries. In future works we want to 
extend this kind of query and consider the quality of query points 
in addition to their distance from data point.
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