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Abstract 
In a Wireless data broadcast is a promising technique for 
information dissemination that leverages the computational 
capabilities of the mobile devices in order to enhance the 
scalability of the system. Under this environment, the data 
are continuously broadcast by the server, interleaved with some 
indexing information for query processing. Clients may then 
tune in the broadcast channel and process their queries locally 
without contacting the server. We propose a novel technique, 
called NNH (“Nearest Neighbor Histograms”), which uses 
specific histogram structures to improve the performance of 
NN search algorithms. A primary feature of our proposal is 
that such histogram structures can co-exist in conjunction 
with a plethora of NN search algorithms without the need to 
substantially modify them. The main idea behind our proposal 
is to choose a small number of pivot objects in the space, and 
pre-calculate the distances to their nearest neighbors.

Keywords
Spatial databases, query processing, nearest neighbor 
algorithm.

I. Introduction
Wireless data broadcast is a promising technique for information 
dissemination that leverages the computational capabilities of 
the query initiators (which typically are mobile devices), in order 
to enhance the scalability of the system. In this environment, 
the data are continuously broadcast by the server, interleaved 
with some indexing information for query processing. Clients 
may then tune in the broadcast channel and process their 
queries locally without contacting the server. In spatial query 
processing for
wireless broadcast systems has only considered snapshot 
queries over static data. I am working on an air indexing 
framework intended to (i) outperform the existing (i.e., snapshot) 
techniques in terms of energy consumption and access latency, 
and (ii) support efficient processing of continuous spatial queries 
over moving objects. Nearest-neighbor (NN) searches arise in a 
large variety of applications such as image and video databases 
[1], CAD, information retrieval (IR) [2], data compression [3], 
and string matching/searching [4]. The basic version of the 
k-NN problem is to find the k nearest neighbors of a query 
object in a database, according to a distance measurement. In 
these applications, objects are often characterized by features 
and represented as points in a multi-dimensional space. For 
instance, we often represent an image as a multi-dimensional 
vector using features such as histograms of colors and textures. 
A typical query in an image database is to find images most 
similar to a given query image utilizing such features.

II. Nearest Neighbor Monitoring
A k nearest neighbor (k-NN) query retrieves the k objects in 
a dataset that lie closest to a given query point. There exist 
numerous approaches for efficient k-NN processing over static 
datasets. Recently, however, the research focus has shifted 

towards dynamic environments where (i) the data objects and 
the query points move in an unpredictable manner, and (ii) 
the queries request continuous monitoring of their k nearest 
neighbors for long periods of time. In [1-4] we consider k-NN 
monitoring for various settings and different optimization goals. 
[1] describes a method targeted to Euclidean spaces that 
aims at minimizing the computational overhead for centrally 
processing multiple queries. It achieves low running time by 
handling location updates only from objects that fall in the 
vicinity of some query. In [2] we tackle the same problem, 
but target at reducing the communication cost between the 
central query processor and the data objects. We present a 
threshold-based algorithm that exploits the computational 
capabilities of the objects to achieve this goal. [1-2] assume 
the Euclidean distance metric. In most real-world scenarios, 
however, the data objects and the users (queries) move in 
road networks, and the distance between them is defined as 
the length of the shortest path connecting them. Motivated by 
this fact, in [3] we propose efficient k-NN monitoring methods 
for road networks. In addition to object and query movement, 
our algorithms take into account changes in the network, e.g., 
edge weight updates due to varying traffic conditions. All the 
aforementioned techniques are designed for update streams, 
where the central server processes location updates from a 
particular set of queries and objects.

III. NN-Histogram
Let a data set D = {p1, . . . . pn} with n objects in a Euclidean 
space _d under some lp form. Formally, there is a distance 
function Δ:_d _d →_, such that given two objects pi and pj, their 
distance is defined as Δ (pi, pj)=_ _1 ≤ l ≤ d |xil− xjl|  p_1/p (1)
(xi1, . . . , xid) and (xj1, . . . , xjd) are coordinates of objects pi and 
pj, respectively.

IV. Query Performance
A number of important queries could benefit from such 
histograms, including k-nearest neighbor search (k-NN) and 
various forms of high-dimensional joins between point sets, 
such as all-pair k-nearest neighbor joins (i.e., finding k closest 
pairs among all the pairs between two data sets), and k-nearest 
neighbor semi-joins (i.e., finding kNN’s in the second data set 
for each object in the first set). The improvements to such 
algorithms are twofold: (a) the processor time can be reduced 
substantially due to advanced pruning. This reduction is 
important since for data sets of high dimensionality, distance 
computations are expensive and processor time becomes a 
significant fraction of overall query-processing time [24]; and 
(b) the memory requirement can be reduced significantly due 
to the much smaller queue size. Most NN algorithms assume a 
high-dimensional indexing structure on the data set. To simplify 
our presentation, we choose to highlight how to utilize our 
histogram structures to improve the performance of common 
queries involving R-trees [7]. Similar concepts carry out easily 
to other structures (e.g. SS-tree [25], SR-tree [26], etc.) and 
algorithms as well.
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V. Nearest Neigbour identification in Pivot

A. Algorithm
Input:
D: data set.
SP: step for incrementing the number of pivots.
ε: Condition to stop searching.
Output: a good number of pivots.

B. Variables 
Bnew: reduction ratio in current iteration.• 
Bold: reduction ratio in last iteration.• 
m: number of pivots.• 

C. Method
Bnew ← 0.0; m ← 0; DO {Bold ← Bnew;m ← m + SP;
Choose m pivots to construct an NNH;
Perform kNN queries for sampled objects using the NNH;
Bnew ← average reduction ratio of the searches;
}
WHILE (Bnew - Bold > ε);
RETURN m;

VI. Nearest Neighbour in Histograms Queries
Traversing the index top down. It maintains a priority queue of 
active minimum bounding rectangles (MBR’s) [8,9]. At each 
step, it maintains a bound to the k-NN distance, δ, from the 
query point q. This bound is initialized to infinity when the search 
starts. Using the geometry of an MBR mbr and the coordinates 
of query object q, an upper-bound distance of q to the nearest 
point in the mbr, namely MINMAXDIST(q, mbr), can be derived 
[27]. In a similar fashion, a lower bound, namely MINDIST(q, 
mbr), is derived. Using these estimates, we can prune MBR’s 
from the queue as follows: (1) For an MBR mbr, if its MINDIST(q, 
mbr) is greater than MINMAXDIST(q, mbr_) of another MBR 
mbr_, then mbr can be pruned. (2) If MINDIST(q, mbr) for an 
MBR mbr is greater than δ, then this mbr can be pruned. In 
the presence of NN histograms, we can utilize the distances 
to estimate an upper bound of the k-NN of the query object 
q. Recall that the NN histogram includes the NN distances 
for selected pivots only, and it does not convey immediate 
information about the NN distances of objects not encoded in 
the histogram structure. We can estimate the distance of q to 
its k-NN, denoted δq, using the triangle inequality between q 
and any pivot pi in the histogram: δq ≤ Δ(q, pi) + H(pi, k), 1 ≤ i ≤ 
m.1 (3) Thus, we can obtain an upper bound estimate δest q of 
δq as δestq = min 1≤i≤m_Δ(q, pi) + H(pi, k)_ (4). The complexity 
of this estimation step is O(m). Since the histogram structure is 
small enough to fit in the memory, and the number of pivots is 
small, the above estimation can be conducted efficiently. k-NN 
Joins A related methodology could also be applied in the case of 
all-pairs k-NN join queries using R-trees. The bulk of algorithms 
for this purpose progress by inserting pairs of MBR’s between 
index nodes from corresponding trees in a priority queue and 
recursively (top-down) refining the search. In this case, using 
k-NN histograms, one could perform, in addition to the type 
of pruning highlighted above, even more powerful pruning. 
More specifically, let us see how to utilize such a histogram to 
do pruning in a k-NN semi-join search [5]. This problem tries 
to find for each object o1 in a data set D1, all o1’s k-nearest 
neighbors in a data set D2. (This pruning technique can be 
easily generalized to other join algorithms.) If the two data sets 

are the same, the join becomes a self semi-join, i.e., finding 
k-NN’s for all objects in the data set. Assume the two data 
sets are indexed in two R-trees, R1 and R2, respectively. A 
preliminary algorithm described in [5] keeps a priority queue of 
MBR pairs between index nodes from the two trees. In addition, 
for each object o1 in D1, we can keep track of objects o2 in D2 
whose pair _o1, o2_ has been reported. If k = 1, we can just 
keep track of D1 objects whose nearest neighbor has been 
reported. For k > 1, we can output its nearest neighbors while 
traversing the trees, thus we only need to keep a counter for 
this object o1. We stop searching for neighbors of this object 
when this counter reaches k.

VII. Conclusion
we proposed a novel technique that uses nearest-neighbor 
histogram structures to improve the performance of NN 
search algorithms. Such histogram structures can co-exist in 
conjunction with a plethora of NN search algorithms without 
the need to substantially modify them. The main idea is to 
preprocess the data set, and selectively obtain a set of pivot 
points. Using these points, the NNH is populated and then 
used to estimate the NN distances for each object, and make 
use of this information towards more effective searching. We 
provided a complete specification of such histogram structures, 
showing how to efficiently and accurately construct them, how 
to incrementally maintain them under dynamic updates, and 
how to utilize them in conjunction with a variety of NN search 
algorithms to improve the performance of NN searches. Our 
intensive experiments showed that such a structure can be 
efficiently constructed and maintained, and when used in 
conjunction with a variety of NN-search algorithms, could offer 
substantial performance advantages.
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