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Abstract:  As more data-intensive applications emerge, advanced retrieval semantics, such as ranking and skylines, have attracted attention. 
Geographic information systems are such an application with massive spatial data. Our goal is to efficiently support skyline queries over 
massive spatial data. To achieve this goal, we first observe that the best known algorithm VS2, despite its claim, may fail to deliver correct 
results. In contrast, In this paper, we consider the problem of efficient multi-source skyline query processing in road networks. It is not only the 
first effort to consider multi-source skyline query in road networks but also the first effort to process the relative skyline queries where the net- 
work distance between two locations needs to be computed on-the-fly. Three different query processing algorithms are proposed and 
evaluated in this paper. The Lower Bound Constraint algorithm (LBC) is proven to be an instance optimal algorithm. Extensive experiments 
using large real road network datasets demonstrate that LBC is four times more efficient than a straightforward algorithm.. 

 
1. INTRODUCTION 
 
Skyline queries can be found in a wide spectrum of optimization 
applications. Without loss of generality, let us consider 
optimization as minimization here. Given a set of multidimensional 
points D, a skyline query finds the skyline points from D, such that 
every point on the skyline is not ‘dominated’ by any other point in 
D (i.e., if a point p is on the skyline, there exists no data pointp′ in 
D such that p′ is pair-wise smaller than p for the values in all 
dimensions). The skyline queries can be either absolute or 
relative, where ‘absolute’ means that minimization is based on the 
static attribute values of data points inD, while ‘relative’ means 
that the difference between a data point in D and a user-given 
query point needs to be computed for minimization. Relative 
skyline query is also known as dynamic skyline query. An 
important category of skyline query applications is related to 
Geographical Information Systems, to support decision making in 
the areas such as intelligent transport systems, urban planning, 
environmental applications, location based services, mobile 
workforce management, and military and utility deployment. 
Depending on different applications, the distance between two 
points a and b can be approximated using their Euclidean 
distance, or computed using the spatial network distance or the 
surface distance if the distance between a and b implies that an 
object needs to physically move from a to b along a spatial 
network (e.g., roads or water systems) or on/near a terrain 
surface. The case of using the Euclidean distance is called 
constraint-free as the distance between any two points can be 
calculated by only using the coordinates of the two points. The 
case where an environment dataset (e.g., a road network) needs 
to be used for distance calculation is called constraint- based. 
These two types of queries use quite different query processing 
strategies. For a constraint-free query the key to efficient query 
processing is to reduce the number of data points to be accessed 
(i.e., to minimize the portion of D accessed when answering a  
 
 
 

query). For a constraint-based query, however, one additional and 
often more critical goal is to minimize the portion of the 
environment data to be accessed and the cost of network distance 
calculation. This is because the environment data is typically 
much larger and much more complex than D and network 
distance calculation is typically done by using a costly shortest 
path algorithm. While skyline query processing in a constraint-free 
space has been well studied, to the best of our knowledge, this 
paper is the first effort on relative skyline query processing in a 
constrained space. Existing work on skyline query processing 
mainly consider the case of one query reference point only (e.g., 
an absolute query in relation to the beach, or a relative query min 
relation to a user-given location) . 
 
There are many applications that demand to consider multiple 
query points at the same time (e.g., to find hotels which are cheap 
and close to the University, the Botanic Garden and the China 
Town). While no previous work has been reported in the literature 
about multi-source skyline queries in road networks, some effort 
for simpler versions of this problem exist. The problem of multi-
source nearest neighbor query processing, known as aggregate 
nearest neighbor query processing, has been studied in Euclidean 
space and in road networks. One example of such a query is to 
find a meeting place or a restaurant which minimizes the total 
traveling distance for a group of people in different locations. The 
problem of multi-source skyline query processing is investigated in 
Euclidean space recently. 
 
In this paper, we focus on multi-source relative skyline queries in 
road networks. It is the first effort to process multi-source skyline 
queries in a constrained space. It is also the first attempt to 
process relative skyline queries that require computing network 
distances on-the-fly. Three algorithms, the Collaborative 
Expansion algorithm (CE), the Euclidean Distance Constraint 
algorithm (EDC) and the Lower Bound Constraint algorithm (LBC), 
are proposed. CE is a straightforward algorithm using an 
underlying paradigm that identifies network skyline points by  
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expanding the search space centered around each query point 

incrementally. EDC is an approach to control the search 

directions for network skyline points by using Euclidean skyline 

points as a guide. LBC is based on network nearest neighbor 

algorithms and uses a novel concept of path distance lower 

bound to minimize the cost of network distance computation. We 

prove that LBC is an instance optimal algorithm[9]. Extensive 

experiments using large real road network datasets demonstrate 

that LBC is more than four times more efficient than CE. query. 

II.RELATED WORK 

Skyline query processing has been studied extensively in recent 

years Borzsonyi et al.propose the Block-Nested-Loops algorithm 

(BNL) and the Extended Divided-and-Conquer algorithm (DC). 

Both BNL and DC need to process the entire object set before 

reporting skyline data. To progressively report skyline points, the 

Sort-Filter-Skyline algorithm (SFS) [5] improves BNL by pre-

sorting the entire dataset according a monotonic preference 

function. In the ascending order of the score, each object is 

taken to compare with the dominant set. If an object cannot be 

dominated, it is reported directly as a skyline point because there 

is no other object with a lower score can dominate it. Tan et al. 

propose a bitmap-based method which transforms each object to 

bit vectors. In each dimension, the value is represented by the 

same number of ‘1’. However, bitmaps can be very large for 

large values. In addition, it cannot guarantee a good initial 

response time. Another approach proposed by transforms high 

dimensional points into a single dimensional space where 

objects are clustered and indexed using a B+-tree such that a 

skyline point can be determined without examining the rest of the 

object set not accessed yet. Both the bitmap and B+-tree 

methods cannot report skyline points in an order according to 

user’s preference. Kossmann et al. propose an online skyline 

query processing method which can progressively report the 

skyline points in an order according to user’s preference. This 

method is based on an observation that for a set of objects the 

1st nearest neighbor (NN) to the query point is always a skyline 

point. When a skyline point is found, the data space is split at 

that point into one dominated subspace and several independent 

non-determined subspaces. The objects in the dominated 

subspace are pruned, and the objects in each non determined 

subspace form a to-do list. Similarly, the 1stNN in each to-do list 

is a new skyline point and the subspace is recursively split until 

all skyline points are reported. However, one object may be 

processed several times until it is determined (i.e. dominated or 

dominant), and in a high dimensional space, duplicate skyline 

points may be reported from different to-do lists. To remedy this 

problem, Papadias et al. propose an R-tree based algorithm, 

Brand and Bound Skyline (BBS), which retrieves skyline points 

by browsing the R-tree based on the best-first strategy. BBS only 

visits the intermediate nodes not dominated by any determined 

skyline points. This method only processes the same node once, 

thus has a more efficient memory consumption than the method 

in. Another study by Lin et al. process a skyline point query 

against the most recent N elements in a data stream. All the 

methods mentioned above are designed for single-source 

skyline query processing in Euclidean space. 

 

In Euclidean space, it is straightforward to extend those 

algorithms that can process relative skyline queries to process 

multi-source queries, as the distances to multiple sources can 

easily be computed using the same algorithm (  gives a 

classification of skyline algorithms according to whether they can 

process relative queries or not). These algorithms, however, are 

not suitable for processing neither relative nor multi-source 

skyline queries in a constraint-based space (e.g., a road 

network). This is because that, as mentioned before, the 

optimization focus in Euclidean space is on minimizing the 

amount of D data to be accessed, while in a constrained space 

the focus is shifted to minimizing the amount of environment data 

used. Multi-source NN query processing has attracted some 

recent attention for Euclidean space (e.g., the group NN query, 

GNN), and for road networks (e.g., the aggregated NN query, 

ANN). Both group NN and aggregated NN queries find the k 

objects with the minimum aggregated credit, such as the 

minimum total distance to a group of query points. In, several R-

tree based algorithms are developed to progressively search for 

the GNN results in the ascending order of the aggregated credit. 

This work is used in in the Incremental Euclidean Restriction 

algorithm (IER) as the first step to find the ANN points in road 

networks. Multi-source skyline query in Euclidean space is 

recently studied by. In this work, the query points are 

approximated by a convex hull and the data objects are indexed 

using a Voronoi diagram in order to reduce data access cost 

related to both the query points and the data objects. However, 

their methods are based on the Euclidean distance and cannot 

be applied to where network distances are needed. 

 

III.PROPOSED SYSTEM EVOLUTION 

 

3.1. 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 
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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 option. 
 
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 functions 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. 
 
IV. FORMAL PROBLEM DEFINITION 
 
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. 
 
V. N2S2 ALGORITHM 
 
5.1. PROBLEMS 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 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. 
 
5.2. THE PROCEDURE OF N2S2 
 
ALGORITHM 
 
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  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 Max Maxdist 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. 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.
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This pseudo code has five functions. The INSERT function 
inserts a node into one of lists of a DSand 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 min mindists and min max 
maxdist 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. 
 
VI.CONCLUSION 
 
In this paper, three novel algorithms have been proposed for 
processing multi-source relative skyline queries in road 
networks. It is not only the first effort to process relative skyline 
queries in road networks, but also the first study on skyline 
queries by considering relative network distances to multiple 
query points at the same time. LBC is proven to be instance 
optimal in terms of the network search space over all algorithms 
where network distances are computed by expanding the 
searching region from query points without using pre-computed 
distance information. Our experiments confirmed that LBC has 
the best performance consistently for various test settings. The 
path distance lower bound approach, based on which LBC is 
designed, can be applied to benefit other types of road network 
queries where network distance comparison is needed. 
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