
Abstract
This research work  involving spatial objects, that are directly 
visible from query points. In this article, presenting the environment 
of spatial data mining and formulate the visible k nearest neighbor 
(VkNN) query solutions as incremental algorithm with two variants 
differing in how to prune objects during the search process. One 
variant applies visibility pruning  only to objects, whereas the 
other variant applies visibility pruning to index nodes as well. 
Our implementation results show that the latter outperforms the 
former. We further propose the aggregate VkNN query, which 
finds the visible k nearest objects to a set of query points based on 
an aggregate distance function. two approaches to processing the 
aggregate VkNN query. One accesses the database via multiple 
VkNN queries, whereas the other issues an aggregate k nearest 
neighbor query to retrieve objects from the database and then re-
rank the results based on the aggregate visible distance metric, 
with extensive experiments. 
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I. Introduction
VISIBILITY is an  computational geometry and computer graphics. 
Many algorithms have adopted  efficiently to compute the region 
visible to  a given query point [2-3, 13]. Many problems in spatial 
data mining  also involve visibility. For example, in an interactive 
border security force commonly needs to know terrorist  locations 
that can be seen from his/her position. In such problems, only 
objects directly visible from a user’s location are relevant. In 
this article, we investigate the visible k nearest neighbor (VkNN) 
query, which incorporates the requirement of visibility into the k 
nearest neighbor (kNN) query.
A VkNN query retrieves k objects with the smallest visible distances 
to a query point q. In Fig. 1, the V3NN of q are B, A and D in order 
of visible distance. Object C is excluded because it is blocked by 
B. Object A is considered nearer to q than D because the visible 
part of A is nearer to q than that of D. Processing the VkNN query 
requires determining the visibility of objects. One straightforward 
method consists of the following steps: (i) calculating the visibility 
region of a query point, (ii) using the query’s visibility region 
to “clip” data objects to obtain the visible parts of each object, 
and (iii) executing a kNN query on the clipped data objects. The 
drawback of this approach is that the visibility region computation 
requires accessing all objects in the database.

  
Fig. 1: The VkNN query 

 Visibility VkNN algorithms, based on the observation that finding 
the k visible NNs (VNNs) requires only a subset of the complete 
visibility region. Specifically, to determine the visible distance 
between the query point q and an object X, it is sufficient to 
consider only the objects nearer to q than X. This  observation 
allows us to adapt an incremental nearest neighbor algorithm 
[4] to simultaneously obtain the relevant obstacles and VNNs. 
This adapted incremental VkNN algorithm makes use of a new 
distance function, MINVIDIST, to rank the VNNs and order the 
tree branches during the search. The MINVIDIST between X and 
q is defined as the distance from q to the nearest visible point on 
X. For example (Fig. 1), the MINVIDIST between q and D is the 
distance between q and d, which is the nearest visible point on 
D. A problem scenario that may benefit from the VkNN query 
is as follows. 

A. Scenario 1 (Placement of Security Cameras)
Suppose that a security company wants to attach k security 
cameras to k different buildings to monitor a site q. Clearly, it 
would require the monitored site q to be visible to all of these k 
buildings. Furthermore, the security company may also want the 
distances from these security cameras to q to be minimized. In 
this scenario, the user (the security company) can use the VkNN 
query to find these k visible nearest buildings. This incremental 
VkNN algorithm also allows post conditions to be applied to query 
results. For example, when a security camera cannot be attached 
to some of the k nearest buildings, the user can incrementally 
retrieve more results until the user obtains k buildings that can 
accommodate security cameras.Furthermore, we propose a multi-
query-point generalization to the VkNN query, called the aggregate 
VkNN (AVkNN) query. An AVkNN query finds k objects with 
the smallest aggregate visible distances to a given set of query 
points, rather than a single query point. A problem scenario for 
the AVkNN query is as follows. 

B. Scenario 2 (Placement of Network Antennas)
Suppose that a telecommunication company is searching for a 
building to install an antenna (or multiple antennas) to provide 
network access to m different sites. This building must have 
a line of sight to each of these m sites. Furthermore, since the 
signal strength has a negative correlation with the distance 
from an antenna, the company also wants to minimize the 
worst-case distance to the sites. In this scenario, the user (the 
telecommunication company) can use our AVkNN algorithms 
to find the nearest building visible to the m sites (if exists). In 
addition, similar to the VkNN algorithms, A VkNN algorithms 
are incremental so postconditions can be applied to the problem. 
The user can incrementally retrieve possible solutions until the 
first one that satisfies the post conditions is found.
The  investigation of the AVkNN query focuses on three aggregate 
functions, SUM, MAX and MIN. By exploiting the concept of 
aggregate search region (AGGSR), to apply an incremental 
retrieval strategy to the AVkNN query. We introduce two 
incremental approaches (sets of algorithms) for the  AVkNN query. 
The first one uses a brute-force method, which issues a VkNN 
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query at each query point, although an effective pruning technique 
based on visible distance is applied to improve the performance. 
This approach called multiple retrieval front (MRF). The second 
approach issues just one aggregate query to retrieve objects from 
the database and then re-rank the results based on the aggregate 
visible distance metric. This approach called single retrieval front 
(SRF). Research experimental results show that SRF consistently 
outperforms MRF.
In the  research  technologies over the last decade has dramatically 
enhanced our capabilities to collect terabytes of geographic data 
on a daily basis. However, the wealth of geographic data cannot 
be fully realized when information implicit in data is difficult 
to discern. This confronts Geographical Information Scientists 
with an urgent need for new techniques and  tools that can 
intelligently and automatically transform geographic data into 
information  geographic knowledge. It calls for new approaches 
in geographic representation, query processing, spatial analysis, 
and data visualization. Information scientists face the same 
challenge as a result of the digital revolution that expedites the 
production of terabytes of data from credit card transactions, 
medical examinations, telephone calls, stock values, and other 
numerous human activities. Collaborative efforts in artificial 
intelligence, statistics, and databases communities have been the 
underpinning technologies of knowledge discovery in databases 
to extract useful information from massive amounts of data in 
support of decision-making.
Spatial data mining means  the detection of interesting patterns 
from large spatial data sets [6, 1, 5]. For instance, if only one 
data set is considered, patterns may be related to the concepts 
of clusters, regularities, or outliers. If more than one data set is 
considered, patterns of  interest may be related to co-locations in 
space. Objects with many scalar attributes can also be seen as a 
spatial data set by using the attribute values as coordinates.
In contrast, geographic data mining is a  spatial data mining where 
objects or features occupy the geographic space in the literature, 
the distinction between spatial and geographical data mining is 
often not made [28]. It is a form of geographical analysis: the study 
into the explanations of geographical phenomena. Geographical 
analysis includes statistical analysis of geographic data, trend 
analysis, which includes time and location planning which 
involves combining different data themes as well.

In the existing work VkNN query and two approaches to processing 
it, POSTPRUNING and PREPRUNING. In  this research work, 
we first provide a new PREPRUNING algorithm which is optimal 
in terms of the Input and Output  cost. Second, we generalize the 
VkNN query to a multi-query-point version, the AVkNN query 
and proposed approaches for the AVkNN query. Third, query 
processing performs thorough  an experimental study on the 
algorithms for both types of queries in spatial and geographic 
data mining.
The rest of the paper is organized as follows. In Section II, we 
cover Spatial Data mining in Geographic Information Systems. 
In Section III, we present the construction of visibility region. In 
Sections IV we elaborate on Implementation work  We present 
conclusions& future Enhancement  in Section V. 

II. Spatial Data mining in Geographic Information 
system
This  approach to mine frequent patterns of spatial data in 
geographic information system. These spatial objects situated 
close to each other for a given sample space of Indian Cities. The 

presence of each spatial object is recorded against each city as a 
transaction. We form spatial objects data set for each transaction 
list of cities based of their occurrence of higher ranked objects. 
Equal ranked objects are sorted in lexicographic ordering [9,10]. 
The proposed spatial model is given in figure 1. The Proposed 
spatial object model can be described as a sequence of processes. 
We extract the spatial objects and its frequency of occurrences 
from the Geographic Map Database and build a Sample Spatial 
Objects Datasets. After this process is to apply techniques to 
generate the FPARM Tree, getting the frequent order list. From 
the FPARM Tree we get the FPARM Patterns 

Fig. 2: is the idea of spatial data mining in Geographical 
systems

which we use in the final process to obtain  the strong frequent 
spatial patterns. Similarly we again build an ascending order list 
and generate a SH-AOF Tree which gives us the share frequent 
patterns. Finally the output of both FPARM Tree and SH-AOF 
Tree  gives us the set of strong spatial frequent patterns.

A. Framework for spatial data mining
Spatial data mining is based on spatial neighbourhood relations 
between objects and on the induced neighbourhood graphs and 
neighbourhood paths which can be defined with respect to these 
neighbourhood relations. Thus, a set of database primitives or 
basic operations for spatial data mining are introduced, which are 
sufficient to express most of the spatial data mining
Algorithms. Similar to the relational standard language SQL, the use 
of standard primitives will speed-up the development of new data 
mining algorithms and will also make them more portable. Second,  
develop techniques to efficiently support the proposed database 
primitives (e.g. by specialized index structures) thus speeding-
up all data mining algorithms which are based on our database 
primitives. Moreover, basic operations for spatial data mining can 
be integrated into commercial database management systems. This 
will offer additional benefits for data mining applications such 
as efficient storage management, prevention of inconsistencies, 
index structures to support different types of database queries 
which may be part of the data mining algorithms.

B. Spatial Neighborhood Relations, Spatial Neighborhood 
Graphs and their Operations
Spatial data mining are based on the concepts of neighborhood 
graphs and neighborhood paths which in turn are defined with 
respect to neighborhood relations between objects. There are three 
basic types of spatial relations: topological, distance and direction 
relations which may be combined by logical operators to express 
a more complex neighborhood relation. Spatial objects such as 
points, lines, polygons or polyhedrons are all represented by a 
set of points.
For example, a polygon can be represented by its edges ) or by 
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the points contained  in its interior, e.g. the pixels of an object in 
a raster  representation. 
Topological relations are based on the boundaries, interiors and 
complements of the two related objects and are invariant under 
transformations which are continuous, one-one, onto and whose 
inverse is continuous. The relations are: A disjoint B, A meets B, 
A overlaps B, A equals B, A covers B, A covered-by B, A contains 
B, A inside B. A formal definition has been given by Egenhofer 
(1991).

Fig. 3: shows the Illustration of some topological distance and 
direction relations
Distance relations compare the distance of two objects with a given 
constant using one of the arithmetic comparison operators. If dist 
is a distance function, σ is one of the arithmetic predicates <, > or 
= , and c is a real number, then a distance relation O1 distanceσ c 
O2 between the two spatial objects O1 and O2 holds if distance(O1, 
O2) σ c. To define the direction relations, e.g. O2 south O1, we 
consider one representative point of the object O1 as the origin 
of a virtual coordinate system whose quadrants and half-planes 
define the directions. To fulfill the direction predicate, all points 
of O2 have to be located in the respective area of the plane. 
Fig. 3 illustrates the definition of some direction relations using 2D 
polygons. Obviously, the directions are not uniquely defined but 
there is always a smallest direction relation for two objects A and 
B, called the exact direction relation of A and B, which is uniquely 
determined. In fig. 3, for instance, A and B satisfy the direction 
relations northeast and east but the exact direction relation of A 
and B is northeast. By combining basic spatial relations via logical 
operators it is possible to define more complex spatial relations, 
e.g. “O1 being north of O2 and no more than 5 km away”. Each 
such spatial relation induces a spatial neighborhood graph as 
defined in the following definition.
Definition 1: (neighborhood graphs and paths)
Let neighbor be a neighborhood relation and DB be a database of 
spatial objects. A neighborhood graph is a graph with nodes N = 
DB and edges where an edge e = (n1, n2) exists if neighbor(n1,n2) 
holds. A neighborhood path of length k is defined as a sequence 
of nodes [n1, n2, . . ., nk], where neighbor (ni, ni+1) holds for all . 
We assume the standard operations from relational algebra like 
selection, union, intersection and difference to be available for 
sets of objects and sets of neighborhood paths (e.g., the operation 
selection(set, predicate) returns the set of all elements of a set 
satisfying the predicate predicate).In addition, we introduce some 
operations which are specific to neighborhood graphs and paths 
and which are designed to support spatial data mining. 
The following operations are briefly described:
neighbors: Graphs × Objects × Predicates → Sets_of_objects
paths: Sets_of_objects → Sets_of_paths;
extensions: Graphs × Sets_of_paths × Integer × Predicates → 
Sets_of_paths
The operation neighbours(graph, object, predicate) returns the set 

of all objects connected to object in graph satisfying the conditions 
expressed by the predicate.The operation paths(objects) creates 
all paths of length 1 formed by a single element of objects and 
the operation extensions(graph, paths, length, predicate) returns 
the set of all paths of the specified length in graph extending one 
of the elements of paths. The extended paths must satisfy the 
predicate predicate. The elements of paths are not contained in 
the result implying that an empty result indicates that none of 
the elements of paths could be extended. Because the number 
of neighbourhood paths may become very large, the argument 
predicate in the operations neighbours and extensions acts as a 
filter to restrict the number of neighbours and paths to certain 
types of neighbours or paths. The definition of predicate may use 
spatial as well as non-spatial attributes of the objects or paths. 
For the purpose of KDD “leading away” from the start object. 
Conjecture that a spatial KDD algorithm using a set of paths which 
are crossing the space in arbitrary ways will not produce useful 
patterns. The reason is that spatial patterns are most often the 
effect of some kind of influence of an object on other objects in its 
neighborhood. Furthermore, this influence typically decreases or 
increases more or less continuously with increasing or decreasing 
distance. To create only “relevant” paths, special filter predicates 
which select only particular subsets of all paths, i.e. paths which 
are “leading away” from the start objects in a certain sense. This 
approach also significantly reduces the runtime of the spatial data 
mining algorithms operating on neighborhood paths.

Fig.4: shows the Illustration of some filter predicates

There are different possibilities to define filters for paths “leading 
away” from start objects. The filter starlike, e.g., is a very restrictive 
filter which allows only a small number of “coarse” paths.
This filter is appropriate for many applications, and in terms of 
runtime it is most efficient. It requires that, when extending a path 
p = [n1,n2,...,nk] with a node nk+1, the exact “final” direction of 
p may not be generalized. For instance, a path with final direction 
northeast can only be extended by a node of an edge with the 
exact direction northeast. The filter variable-starlike allows more 
“finegrained” paths by requiring only that, when extending p the 
edge (nk, nk+1) has to fulfill at least the exact “initial” direction 
of p. For instance, a neighborhood path with initial direction north 
can be extended such that the direction north or the more special 
direction northeast is satisfied. The filter variable-starlike allows a 
more detailed spatial analysis than the filter starlike, but it increases 
the runtime of a data mining algorithm because more paths have 
to be processed by the algorithm. Fig. 4 illustrates these filters 
when extending the paths from a given start object. The figure 
also depicts another filter vertical starlike which is less restrictive 
in vertical than in horizontal direction. This filter is appropriate 
when the vertical direction should be analyzed in greater detail 
than the horizontal direction. 
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C. Geographic Information Systems

Characteristics of  Data mining in a geospatial.
The first characteristic relevant to DM/KD is that geospatial 
data repositories tend to be very large. Data volume was a 
primary factor in the transition at many federal agencies from 
delivering public domain data via physical mechanisms (CD 
ROM, for example) to electronic mechanisms (NRC , 1995). 
Moreover, existing GIS datasets are often splintered into feature 
and attribute components, that are conventionally archived in 
hybrid data management systems. Algorithmic requirements 
differ substantially for relational (attribute) data management 
and for topological (feature) data management (Healey, 1991). 
Computational procedures from knowledge discovery must also 
be diversified if they are to become fully operational within a 
geospatial computing environment, and this forms an important 
component. Even with deployment of newer integrated GIS data 
models such as ESRI.s geodatabase data model and Small worlds 
object oriented data model, the hybrid feature/attribute data model 
will be preserved. In practice, knowledge integration will begin 
to span not only disparate data models in a single archive, but 
disparate archives in disparate database management systems.
Related to this is the range and diversity of geographic data 
formats,  that also presents unique challenges. The digital 
geographic data revolution is creating new types of data formats 
beyond the traditional "vector" and "raster" formats. Geographic 
data repositories increasingly include ill-structured data such as 
imagery and geo-referenced multi-media see Câmara and Raper 
1999. Discovering geographic knowledge from geo-referenced 
multimedia data is a more complex sibling of the problem of 
knowledge discovery from multimedia data (see Zaïne et al. 
1998).
A second characteristic of geospatial data relates to phase 
characteristics of data collected cyclically. Data discovery must 
accommodate collection cycles that may be unknown as for 
example identifying the cycles of shifts in major geological faults 
or that may shift from cycle to cycle in both time and space for 
example the dispersion patterns of a health epidemic, or of toxic 
waste. Integration of information from multiple data models for 
example, fusing point source field data with multispectral raster 
data is acknowledged as a focus in an established UCGIS research 
theme (Spatial Data Acquisition and Integration), and does not 
need to become a focus of attention here. Instead, knowledge 
discovery researchers can turn attention to problems of reasoning 
and modeling on very short or highly variant temporal cycles. 
For example, geospatial knowledge discovery could support real-
time tornado tracking, or avalanche prediction, or other localized 
weather events. Infrastructure issues that need to be researched 
include (for example) the development of real-time data mining, 
and to utilize knowledge discovery tools to guide correlation of 
discovered data patterns across time, determination of temporal 
drift, validation of data trends across temporal discontinuities, and 
so forth. Because the nature of time than of space, methodologies 
for archiving data to facilitate cyclic spatial searching remain 
crude. The extent to which one can identify data patterns will be 
determined in whole or in part by the organization of the data in 
an archive. Research on how best to structure data or to reorder 
data for specific knowledge discovery tasks is not covered in 
other UCGIS research themes, and must be addressed if a robust 
geospatial data foundation can develop. 
A third characteristic of relevance to DM/KD applies to a 
characteristic of the data foundation rather than of the data. 

Emergence of the Internet has supported development of data 
clearinghouses, digital libraries, and online repositories wherein 
one does not access data, but pointers to data. It is paradoxical 
that as increasing amounts of digital data become available via the 
Internet, they become increasingly difficult to locate, retrieve, and 
analyze. This is due in large part to the fact that the Internet lacks 
a comprehensive catalog or index (Buttenfield 1998). Without 
a coordinating infrastructure, many data sources and services 
available today remain essentially inaccessible. Currently, over 
three million Websites are online; and yet even the best
search engines can locate only one third of the accessible pages 
(NPR, 1998; NRC, 1999). Data mining tools need to be established 
to locate environmental data sources in possibly obscure Internet 
site. Such data sources include but are not limited to sites 
publishing field data collected in developing countries, very 
localized community data sites such as inner city neighborhood 
and community activist sites, and similar data sources not known 
to or known by conventional doorways into the geospatial data 
infrastructure. This type of knowledge discovery treats the entire 
Internet as a very large, decentralized data repository, and provides 
a venue for contributions to a global information infrastructure. 
The decentralization of data delivery via ftp and the Internet 
revokes many assumptions of what can be known in advance 
about an archive about to be explored. In addition to the format and 
data model issues described above, one must consider semantic 
issues. Infrastructure support for DM/KD must facilitate thesaurus 
development and maintenance. Data definitions are acknowledged 
to vary widely from agency to agency within a single country. 
Witness for example the difference between the definition of 
.address. by 911 Dispatchers the location of a front door and by 
the U.S. Post Office the location of a mailbox. In urban areas, these 
two items front door and mailbox may be co-located. In rural areas, 
however, the locations may differ by half a kilometer or more 
(example given by Jack Estes, 1993, personal communication). 
Knowledge discovery tools working across data sets must be 
embedded with functions to discriminate semantic differences from 
errors; and in a decentralized data mining environment, linkages 
between data and thesauri may not be explicit. Determination of 
ambiguous semantics forms is another important research area 
for this UCGIS theme Geographic data has additional unique 
properties that require special consideration and techniques. It exists 
within highly dimensioned geographic measurement frameworks. 
While other KD applications involve highly dimensioned 
information spaces, geographic data is unique since up to four 
dimensions of the information space are interrelated and provide 
the measurement framework for the remaining dimensions. The 
most commonly adopted measurement framework is the topology 
and geometry associated with Euclidean space. However, some 
geographic phenomena have properties that are non-Euclidean; 
examples include travel times within  urban areas, mental images 
of geographic space and disease propagation over space and time 
(see Cliff and Haggett 1998; Miller 2000). Projecting geographic 
data into alternative, more appropriate measurement frameworks 
can aid the search for patterns in geographic data mining. The 
information inherent in the geographic measurement framework 
is often ignored in induction and machine learning tools (Gahegan 
2000). Measured geographic attributes often exhibit the properties 
of spatial dependency and spatial heterogeneity. The former 
refers to the tendency of attributes at some locations in space 
to be related; typically, these are proximal locations. The latter 
refers to the non-stationarity of most geographic processes, 
meaning that global parameters do not reflect well the process 
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occurring at a particular location. While these properties have been 
traditionally treated as nuisances, contemporary research fueled 
by advances in geographic information technology provides tools 
that can exploit these properties for new insights into geographic 
phenomena (e.g., Anselin 1995; Brunsdon, Fotheringham and 
Charlton 1996; Fotheringham, Charlton and Brunsodn 1997; Getis 
and Ord 1992, 1996). Some preliminary research in geographic 
knowledge discovery suggests that ignoring these properties 
affects the patterns derived from data mining techniques (Chawla 
et al. 2001). More research is required on scalable techniques for 
capturing spatial dependency and heterogeneity in geographic 
knowledge discovery. 
A third unique aspect of geographic information in knowledge 
discovery is the complexity of spatio-temporal objects and 
patterns. In most non-geographic domains, data objects can be 
meaningfully represented discretely within the information space 
without losing important properties. This is often not the case 
with geographic objects: size, shape and boundaries can affect 
geographic processes, meaning that geographic objects cannot 
necessarily be reduced to points or simple line features without 
information loss. Relationships such as distance, direction and 
connectivity are also more complex with dimensional objects (see 
Egenhofer and Herring 1994; Okabe and Miller 1996; Peuquet 
and Zhang 1987). Transformations among these objects over time 
are complex but information-bearing (see Hornsby and Egenhofer 
2000). The scales and granularities for measuring time can also 
be complex, preventing a simple "dimensioning up" of space to 
include time (Roddick and Lees 2001). Developing scalable tools 
for extracting patterns from collections of diverse spatio-temporal 
objects is a critical research challenge. Also, since the complexity 
of derived spatio-temporal patterns and rules can be daunting, 
a related challenge is making sense of these derived patterns, 
perhaps through "meta-mining" of the derived rules and patterns 
(Roddick and Lees 2001).

III Construction of Visibility 

A. Algorithms to Construct Visibility Regions
Construction of a visibility region inside a polygon with obstacles 
has been investigated in the context of computational geometry. 
Asano et al. [3]  a method which requires O(n2) time and space 
for preprocessing and O(n) to compute the visibility polygon for 
each view point, n is  the total number of edges of obstacles. Asano 
et al. [2] an algorithm that runs in O(n log n) time and the same 
result is also independently obtained by Suri and O’Rourke [25]. 
Heffernan and Mitchell [13] propose an algorithm with the time 
complexity of O(n + h log h) (where h is the number of obstacles). 
Zarei and Ghodsi [29] propose an algorithm that requires O(n3 
log n) time and O(n3) space for preprocessing. The algorithm 
runs in O((1 + h′) log(n + |V (q)|)) time, where |V (q)| is the size 
of the visibility polygon V (q), and h′ is bounded by MIN(h, |V 
(q)|). As a result, they are not suitable for many applications in 
the domain of spatial databases due to the  (i) any update will 
invalidate the preprocessed data; (ii) accessing all objects for 
each query is expensive but efficiently solve the problems of 
visibility construction, must rely on preprocessing or accessing 
all obstacles..

B. Distance metric
These algorithms can also be applied to other hierarchical 
structures such as the quad tree [24]. We use an R-tree consists 
of a hierarchy of minimum bounding rectangles (MBRs), where 

each corresponds to a tree node and bounds all the MBRs in its 
sub-tree, which is variant of the spatial indexing structure . Data 
objects are stored in leaf nodes and they are partitioned based on 
a heuristic that aims to minimize the Input/ Output cost.
 

Fig. 5:

Fig. 5 illustrates the distance estimators [24], such as MAXDIST, 
MINMAXDIST and MINDIST. The MINDIST between the 
query point q and an MBR X is the smallest Euclidean distance 
between q and X. The MAXDIST between q and X is the largest 
Euclidean distance between q and X. The MINMAXDIST [22] 
or MAXNEARESTDIST [23] is the greatest possible distance 
between the nearest object in X and q. The MINDIST function is 
optimistic in the sense that the MINDIST of an MBR is guaranteed 
to be smaller than or equal to the distance of the nearest object in 
the MBR. Both MAXDIST and MINMAXDIST are pessimistic 
[24] because the MAXDIST and MINMAXDIST of an MBR 
are guaranteed to be greater than or equal to the distance of the 
nearest object in that MBR.

C. Nearest Neighbor Query Processing
The k nearest neighbor (kNN) query finds k objects nearest to a 
given query point. A formal definition of the query can be given as 
follows: Definition 1 (k Nearest Neighbor (kNN) Query): Given a 
set S of objects and a query point q, the kNN of q is a set A of objects 
such that: (i) A contains k objects from S; (ii) for any object XЄA 
and object Y Є (S − A), MINDIST(q,X) ≤ MINDIST(q, Y ). 
Algorithms for processing kNN queries are DF-kNN visits tree 
nodes in a depth-first manner and mean while maintains the k 
nearest objects discovered so far as candidates. The kth nearest 
object’s distance to q is used as a pruning distance to discard 
subsequent tree nodes and objects. When every node is either 
visited or discarded, the k objects remaining in the candidate set 
are the resultant k nearest neighbors (NNs).
BF-kNN visits tree nodes,data objects in the order of their 
distances to the query point. Farther nodes are never pruned but 
scheduled to be visited later on, and they may not be visited at 
all if the k NNs are discovered first. The advantage of BF-kNN is 
threefold: (i) the value of k need not be specified in advance; (ii) 
the results are ranked according to their distances by default; (iii) 
the number of visited nodes is minimal that is, the algorithm is 
Input/Output optimal, VkNN algorithms are based on BF-kNN. 
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An algorithm BF-kNN start with a priority queue PQ with the root 
node as the first entry and an empty set A that will contain the 
resultant k NNs (Lines 1 and 2). If the entry retrieved from PQ 
is an object, the object is the next NN (Lines 5 and 6); otherwise 
(the entry contains a tree node) (Line 7), we retrieve the child 
nodes stored in the node (Line 8). For each of its child nodes, a 
new entry is created, the MINDIST is calculated and the entry 
is then inserted into PQ (Lines 9 to 13). Repeat-until loop stops 
when the k NNs has been discovered or PQ is exhausted. Finally, 
the set A of resultant k NNs is returned. 
In Fig. 6 shows the upper part of Figure  shows the R-tree for the 
dataset and the lower part of Figure shows the list of  execution 
steps of BF-kNN. The priority queue PQ keeps all the nodes and 
data objects to be visited in the order of their distances to q. In 
Step 1, R, S and T are inserted into PQ. In Step 2, S is retrieved 
from PQ and its two child entries X and W are inserted into PQ. 
In Step 3, R is retrieved from PQ, and nodes U and V are inserted 
into PQ. In Step 4, V is retrieved from PQ and it is the first NN. 
If another NN is needed, the process continues until another data 
object is discovered. In this manner, an arbitrary number of NNs 
can be incrementally obtained.

Fig. 6 : R-tree of objects with MBRs
And R-tree execution steps of BF-kNN search

D. Post Pruning
The POSTPRUNING algorithm  is based on the BF-kNN 
algorithm, the distance of the object entry is set to MINVIDIST. 
If the newly assigned MINVIDIST is still smaller than the distance 
of the head of the priority queue2, the object is added to A as the 
next VNN. Otherwise, the entry is inserted back into the priority 
queue for reassessment if the distance is not infinity. In terms of 
node processing, MINDIST is used as the estimator for each child 
node which is the same as the BF-kNN algorithm. The MINDIST 

metric can be used as a VkNN estimator because MINDIST is 
also optimistic for VkNN, i.e., the MINDIST of a node is always 
less than or equal to the object with the smallest MINVIDIST in 
the node.

Modifying the NS (nearest surrounded) ripple algorithm:
POSTPRUNING-NS-TC. In the original definition of the NS 
ripple algorithm, data objects are retrieved from the priority queue 
according to the MINDIST metric. The NS ripple algorithm can 
be modified to incrementally retrieve VNNs and to stop after 
obtaining the kVNNs. This modification is done by applying the 
MINVIDIST metric and reinserting objects that may not be the next 
VNN into the priority queue. This modification will result in an 
algorithm similar to POSTPRUNING with the termination check 
NS-TC this modification called POSTPRUNING-NS-TC.

E. PRE PRUNING
The PREPRUNING algorithm  is an optimization of 
POSTPRUNING in terms of the I/O cost. Unlike POSTPRUNING, 
PREPRUNING applies MINVIDIST to objects as well as index 
nodes. Index nodes are hence “prepruned” according to their 
visibilities before being visited. At each iteration, we first retrieve 
the head of PQ  and calculate its MINVIDIST. We then check 
whether the updated distance is larger than the distance of the 
new head of PQ, then check whether the entry is visible, i.e., the 
distance is not infinity. If the entry is visible, it is reinserted into PQ. 
The entry is discarded if it is found to be invisible. If the updated 
distance is otherwise smaller than the new head of PQ, then check 
if the entry is an object. If yes, the object is inserted into A as the 
next VNN; otherwise (an index node), for each child node of the 
index node, a new entry is created and inserted into PQ.
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Another possible PREPRUNING variant is to use MINVIDIST 
(q,C,A) as the distance of a child node C. However, the MINVIDIST 
of C calculated based on A could be inaccurate, since A may 
not contain all objects with MINVIDISTs less than that of C. 
We thus cannot avoid recalculating the MINVIDIST for every 
entry retrieved from PQ. Since MINVIDIST is significantly more 
expensive than MINDIST, this modification introduces a higher 
computational overhead.

IV. Implementation

A. Experiments on the VkNN Algorithms
Experiment result  presents a performance comparison between 
the two POSTPRUNING variants  and the PREPRUNING 
algorithm  The two POSTPRUNING variants are the (standard) 
POSTPRUNING algorithm described in Algorithm 2 and the 
modification of the NS ripple   algorithm, POSTPRUNING-NS-
TC. We vary two parameters, the number k of VNNs and the 
cardinality n of the dataset.

Fig.7: shows the  a) I/O cost b) visibility CPU cost c)Total 
response Time. The effect of k on a synthetic dataset of 150, 000 
rectangles

Fig.8: shows the a)I/O cost b)visibility CPU cost c)Total response 
Time. The effect of k on a real dataset containing 556, 696 census 
blocks from Iowa, Kansas, Missouri and Nebraska

Fig.9: shows the a)I/O cost b)visibility CPU cost c)Total response 
Time. The effect of n on synthetic datasets
Effect of k: In this experiment, the effect of k on the I/O cost, 
CPU cost and total response time. For both datasets, vary the k 
value from 15 to 150 with an increment of 15. Fig. 6 shows the 
result for the synthetic dataset with the default cardinality. For 
all cost measures, POSTPRUNING and POSTPRUNING-NS-TC 
do not produce any noticeable difference when k is smaller than 
the number of VNNs. The NS termination check provides benefit 
only when we use the VkNN query to rank all visible objects. 
We therefore compare on POSTPRUNING and PREPRUNING 
in this experiment. 
For all cost measures, POSTPRUNING and PREPRUNING 
perform similarly when k is small. As k increases, the cost of 
POSTPRUNING increases more rapidly than that of PREPRUNING 
because, as more VNNs are retrieved, the ratio between visible 
and invisible nodes becomes greater. These invisible nodes are 
pruned by PREPRUNING but not by POSTPRUNING.
In terms of the I/O cost (Fig. 6(a)), PREPRUNING always 
performs better than POSTPRUNING because PREPRUNING 
is optimal in terms of the I/O cost (Theorem 1).
In terms of the CPU (visibility computation) cost (Fig. 6(b)), 
for k values under 90 PREPRUNING has a slightly higher 
cost than POSTPRUNING. This is because PREPRUNING 
applies the MINVIDIST function to nodes as well as objects 
while the MINVIDIST function is applied to only objects for 
POSTPRUNING. As more VNNs are retrieved, POSTPRUNING 
has more entries to consider than PREPRUNING because 
many nodes are pruned by PREPRUNING. The total response 
time is shown in Fig. 6(c). We observe that the two algorithms 
perform similarly when k is small. 135 the benefit of pruning 
invisible nodes becomes notable and PREPRUNING outperforms 
POSTPRUNING more and more when k is greater.  In summary, 
PREPRUNING has a better performance and scales better than 
POSTPRUNING. Experiment is conducted on the real dataset 
and the result is shown in Figure 14. Similar to the results 
from the synthetic dataset, PREPRUNING scales better than 
POSTPRUNING for all measures. The cost difference between 
the two algorithms is much larger than that of the synthetic dataset 
because the real dataset has a greater density than the synthetic 
dataset. The higher density consequently accents the difference 
between the results produced by the MINDIST and MINVIDIST 
distance functions.

272 InternatIonal Journal of Computer SCIenCe and teChnology

IJCSt Vol. 2, ISSue 2, June 2011 I S S N  :  2 2 2 9 - 4 3 3 3 ( P r i n t )  |  I S S N  :  0 9 7 6 - 8 4 9 1 ( O n l i n e )

w w w . i j c s t . c o m



 2) Effect of n: In this experiment, the effect of n by using 
POSTPRUNING, POSTPRUNING-NS-TC and PREPRUNING to 
rank all visible objects for each n value. We vary n from 50,000
to 250,000 with an increment of 50,000. Figure  shows that the 
I/O cost, CPU cost and total response time of POSTPRUNING 
increase as n increases, while the costs for POSTPRUNING-
NS-TC and PREPRUNING decrease, because POSTPRUNING 
visits every node. Increasing the number of objects means a 
larger R*-Tree and more nodes for POSTPRUNING to visit. 
POSTPRUNING-NS-TC has lower costs than POSTPRUNING 
because POSTPRUNING-NS-TC terminates the search when all 
possible VNNs candidates are considered. 
For PREPRUNING, although the NS-TC is not applied, the 
algorithm achieves lower costs than POSTPRUNING-NS-TC, 
because  PREPRUNING visits only nodes overlapped with the 
visibility region. The costs of POSTPRUNING-NS-TC and 
PREPRUNING reduce as n increases because of the negative 
correlation between the number of VNNs and n as shown in 
Figure. 
In summary, PREPRUNING visits fewer nodes, performs less 
visibility computation and has a smaller total response time than 
the two POSTPRUNING variants. Specifically, PREPRUNING 
has a threefold smaller response time than POSTPRUNING-NS-
TC.

Fig. 10: shows the Number of VNNs vs dataset size

Summary: PREPRUNING has a better performance than 
POSTPRUNING and POSTPRUNING-TC-NC. When the number 
of obstacles is small, the two POSTPRUNING variants may have 
a smaller total response time than PREPRUNING, however, the 
cost difference is negligible.

B. Experiments on the AVkNN Algorithms
AVkNN  presents performance comparisons between two sets of 
AVkNN algorithms, MRF and SRF, in terms of the I/O cost and 
total response time. For both MRF and SRF, the total response time 
is significantly dominated by the CPU cost, and thus the CPU cost 
can be deduced from the total response time. Therefore, presents 
the total response time but not the CPU cost. In the experiments, 
vary the following parameters: (i) the number m of query points; 
(ii) the value of k; (iii) the sparsity of the query points (defined as 
the span s of the s×s square that confines the query points). The 
default values of m, k and s are 40, 60 and 1 respectively.
We omit the result on the effect of n due to the fact that n affects 
both MRF and SRF in the same way. This is because the pre-
pruning strategy is applied in all MRF and SRF  algorithms. For 
MRF, we use Algorithm 5 for SUM-AVkNN and MAXAVkNN, 
and Algorithm 6 for MIN-AVkNN. For SRF, we use Algorithm 
8 for SUM-AVkNN and MAX-AVkNN, and Algorithm 9 for 
MIN-AVkNN. For both MRF and SRF, SUM-AVkNN and MAX-
AVkNN only differ in the aggregate function.
1) Effect of m: We vary m from 20 to 100 with an increment of 
20. Fig. 10(a) and Fig. 10 (c) show the result in terms of the I/O 
cost. The I/O cost of MRF increases as m increases,

while the I/O cost of SRF remains stable. MRF has a higher I/O 
cost than SRF. This is because MRF executes a VkNN query on 
each query point while SRF executes a single query. Fig. 10(b) 
and 10 (d) show the result in terms of the total response time. 
The total response time of SRF increases as m increases and SRF 
outperforms MRF. This is because changes in the value of m affect 
the AGGMINVIDIST calculation costs. The I/O cost of MRF is 
always higher than the I/O cost of SRF so we omit presenting 
I/O costs for the rest of the experiments. The result for the MAX-
AVkNN query is shown in Fig. 11. The total response times of 
MRF and SRF increase as m increases and SRF outperforms MRF, 
which are similar to the results

 
Fig.11: shows the (a) I/O cost (synthetic) (b) Total response time 
(synthetic)

Fig. 12: shows the (c) I/O cost (real)      (d) Total response time 
(real).Effect of m on sum-aggregate VkNN query
from the SUM-AVkNN query. As in the earlier, the MAXAVkNN 
and SUM-AVkNN queries use the same algorithm and only differ 
in the aggregate distance function. Consequently, they
are similar to the  results for all settings in our experiments. We 
omit MAX-AVkNN results from the rest of the experiments. 
The result for the MIN-AVkNN query is shown in Fig.13. SRF 
continues to perform better than MRF.

Fig. 13: shows the Total response time (synthetic) (b) Total 
response time (real)
Effect of m on max-aggregate VkNN query
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Fig. 14: shows the a) Total response time (synthetic) (b) Total 
response time (real). Effect of m on min-aggregate VkNN 
query
1. Effect of k:  vary k from 15 to 150 with an increment of 15. 
According to the SUM-AVkNN and MIN-AVkNN query results in 
Fig.15 and 16, respectively, the total response time increases as k 
increases for both algorithms, and SRF performs better than MRF 
for both datasets. However, the increase in the total response time 
for MRF-SUM-AVkNN on the real dataset (Fig. 15(b)) is slower 
than the others. It is recorded that the total response time was 
increased from 2.635 to 3.593 seconds as the value of k increased 
from 15 to 150. In this setting, the slow increase is due to the fact 
that a large number of objects (functioning as obstacles) has to 
be retrieved before the first AVNN can be returned. This effect is 
apparent in the real dataset because the distribution and sizes of 
data objects are less uniform than those of the synthetic dataset.

Fig. 15: shows the  Total response time (synthetic) (b) Total 
response time (real).Effect of k on sum-aggregate VkNN query

Fig.16: shows the a)Total response time (synthetic) (b) Total 
response time (real).Effect of k on min-aggregate VkNN query
Effect of sparsity of query points: In this experiment, study the 
effect of the sparsity of query points by varying the span s of the 
query set from 1 to 5 units with an increment of 1unit. Figs. show 
that SRF continues to outperform MRF for the SUM-AVkNN and 
MIN-AVkNN queries. Fig. 17(a) shows that the total response time 
gradually increases as s increases for the SUM-AVkNN on the 
synthetic dataset, because a greater value of s produces a greater 
difference between sets of visible objects of the query points. 
Consequently, need to retrieve more objects and nodes in order 
to find the k nearest ones visible to all query points. The result 
for the real dataset is shown in Fig. 17(b). The increase in total 
response time is less than that of the synthetic dataset.

Fig.17: shows the a) Total response time (synthetic) (b) Total 
response time (real)
Effect of sparsity of query points on sum-aggregate VkNN 
query
The result for the MIN-AVkNN query is shown in Fig. 18.The 
span s has a negative correlation with the total response time for 
the algorithms and  datasets. An increase in s provides a greater 
difference in perspectives between query points. A greater the 
difference in perspectives provides more objects visible to Q, 
because an object needs to be to visible to only one of the m query 
points to be visible to Q for the MIN-AVkNN query. Therefore, 
for both MRF and SRF, the number of objects and nodes required 
to be considered in order to find k visible objects is reduced.
4) Summary: SRF is superior to MRF in terms of the I/O cost. The 
difference between the total response times of the two approaches 
is smaller than that of the I/O cost. The total response

Fig. 18: shows the a) Total response time (synthetic) (b) Total 
response time (real).Effect of sparsity of query points on min-
aggregate VkNN query time for processing AVkNN queries 
increases as k or m increases for all aggregate functions. The 
total response time decreases as s increases for the MIN function 
and increases as s increases for SUM and MAX. SRF is a better 
method for AVkNN query processing than MRF.

V. Conclusion& Future work
This research work  investigated the visible k nearest neighbor 
(VkNN) problem and a distance function called minimum 
visible distance (MINVIDIST), which is the distance between a 
query point to the nearest visible point of an object. Further two 
VkNN algorithms, PREPRUNING and POSTPRUNING. Both 
algorithms build up the visibility knowledge incrementally as 
the visible nearest objects are retrieved. POSTPRUNING uses 
MINVIDIST for result ranking and MINDIST for branch ordering. 
PREPRUNING uses MINVIDIST for both. Which is  shown in 
the experimental results that PREPRUNING scales better than 
POSTPRUNING in terms of the CPU and I/O costs as k becomes 
larger or the density of the dataset increases. Also proposed a 
multiple query point generalization to the VkNN query according 
to three aggregate distance functions: SUM, MAX and MIN of the 
visible distances from an object to the query points. We proposed 
two approaches, multiple retrieval front (MRF) and single retrieval 
front (SRF). MRF issues a VkNN query at each query point to 
retrieve objects, whereas SRF issues just one aggregate query to 
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retrieve objects from the database. SRF consistently performs 
better than MRF, approaches use a separate priority queue to 
re-rank the retrieve objects according to the aggregate visible 
distance metric.  
Query points moving form  current  direction for VkNN. This 
approach is to adapt the safe-region concept, which widely used 
in variants of Nearest Neighbor problems with moving queries, to 
formulate a region that the visible k NNs do not change (VkNN 
safe region). First sub problem to address is maintenance of a 
visibility region of a moving query point. This sub problem was 
addressed by Aronov et al. [1]. This technique is however not 
suitable for regions with holes/obstacles in the middle (which 
is commonly the case for VkNN). The second sub problem to 
address is maintenance of the MINVIDIST between an object and 
a moving query point. These two sub problems will be investigated 
in order to derive a safe-region solution for moving VkNN queries. 
Another possible research direction involves deriving an alternative 
distance measure to MINVIDIST. In some applications, it could be 
more meaningful to rank visible objects based on how large they 
appear according to the perspective of the user at the query point 
q. For example, a distant mountain would be more 16 prominent 
than a flower right next to the user. An alternative measure could 
be formulated based on the size of the projected image of each 
visible object on a unit-circle (or a unit-sphere in 3D) centered at 
q. Using this measure, the object with the largest projected image 
is considered to be the most preferred or the nearest 
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