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Abstract: 

Today, large data set is a key of good performance for computer innovation and machine learning problems. But a part of it 

includes finding nearest neighbour matches in large image data set which is computationally expensive part. New algorithms are 

developed for the same and are evaluated and then compared with the preceding algorithms. The Locality sensitive hashing (LSH) 

technique is best known hashing based nearest neighbour technique which requires multiple numbers of hash functions. Hash 

Functions have the property that the hashes of elements that are close to each other are also likely to be close. Variants of LSH such 

as multi-probe LSH  improves the high storage costs by reducing the number of hash tables, and LSH Forest adapts better to the 
data without requiring hand tuning of parameters.  For finding the best algorithm to search a particular data set, Optimal nearest 

neighbour algorithm and its parameters depend on the large data set characteristics and gives description of automated 

configuration procedure. In order to scale to very large data sets that would otherwise not fit in the memory. When dealing with 

such large data, possible solutions include performing some dimensionality reduction on the data, keeping the data on the disk and 

loading only parts of it in the main memory or distributing the data on several computers and using a distributed nearest neighbour 

search algorithm. 
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I. INTRODUCTION 

Searching most similar matches to large data also gets called as 

nearest neighbour matching, and it is most computationally 

expensive part of many computer innovation algorithms. [2] 

Having a well-planned algorithm for performing fast nearest 

neighbour matching in large data sets can bring speed 

improvements of several orders of magnitude to many 

applications. Examples of such problems include clustering 

local features into visual words using the k-means or similar 

algorithms and finding the best matches for local image 
features in large data sets, human pose estimation, global 

image feature matching for scene recognition, matching 

deformable shapes for object recognition  The nearest 

neighbour  search problem is also of major importance in many 

other applications including document retrieval, machine 

learning, bio-informatics, data compression, and data analysis. 

It has been shown that using large training sets is key to 

obtaining good real-life performance from many computer 

vision methods [8]. Today the Internet is a vast resource for 

such training data, but for large data sets the performance of 

the algorithms employed quickly becomes a key issue. When 

working with high dimensional features, as with most of those 
encountered in computer vision applications, there is often no 

known nearest-neighbour search algorithm that is exact and 

has acceptable performance. [1] To obtain a speed 

improvement, many practical applications are forced to settle 

for an approximate search, in which not all the neighbours 

returned are exact, meaning some are approximate but 

typically still close to the exact neighbours. In practice it is 

common for approximate nearest neighbour search algorithms 

to provide more than 95 present of the correct neighbours and 
still be two or more orders of magnitude faster than linear 

search. [1] Hence work on the most promising nearest 

neighbour search algorithms in the literature is required and 

propose new algorithms and improvements to existing ones. 

II. LITERATURE SURVEY 

Use of the BBD-tree, (1+ε)-approximate nearest neighbour 

queries for a set of n points in    can be answered in O (     

    ) time, where       ≤ d [1+  /ɛ e] d is a constant depending 

only on dimension and ɛ. The data structure uses optimal O 

(  ) space and can be built in O (      ) time. The algorithms 

have presented are simple (especially the midpoint splitting 

rule) and easy to implement. Empirical studies indicate good 

performance on a number of different point distributions. 

Unlike many recent results on approximate nearest neighbour 

searching, the pre-processing is independent of ɛ, and so 

different levels of precision can be provided from one data 

structure. Although constant factors in query time grow 

exponentially with dimension, constant factors in space and 
pre-processing time grow only linearly in d. [1].  In the context 

of nearest neighbour query in a high dimensional space with a 

structured data set SIFT descriptors in 128 dimensions in 

application, application have demonstrated that various 

randomisation techniques give enormous improvements to the 

performance of the KD-tree algorithm. [2]. Overview of 
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efficient algorithms for the approximate and exact nearest 

neighbour problems is described. The goal is to pre-process a 

dataset of objects (e.g., images) so that later, given a new query 

object, one can quickly return the dataset object that is most 

similar to the query. The problem is of significant interest in a 

wide variety of areas. The goal is twofold. Survey a family of 

nearest neighbour algorithms that are based on the concept of 
locality sensitive hashing. [3].Automatic algorithm 

configuration allows a user to achieve high performance in 

approximate nearest neighbour matching by calling a single 

library routine. Experiments, have found that either of two 

algorithms can have the best performance, depending on the 

dataset and desired precision. One of these is an algorithm 

have developed that combines two previous approaches: 

searching hierarchical k-means trees with a priority search 

order. The second method is to use multiple randomized kd 

trees. [4]. the problem of approximate nearest neighbour 

(ANN) search for visual descriptor indexing. Design a trinary-
projection direction-based partition function. The trinary-

projection direction is defined as a combination of a few 

coordinate axes with the weights being 1 or -1.  Pursue the 

projection direction using the widely adopted maximum 

variance criterion to guarantee good space partitioning and find 

fewer coordinate axes to guarantee efficient partition function 

evaluation. [5] Introduced a method to enable efficient 

approximate similarity search for learned metrics [6]. Large 

training sets are important for many computer vision and 

machine learning problems. Finding nearest neighbour matches 

to high dimensional vectors representing training data is most 

computationally expensive. Thus a new algorithm is proposed 
for approximate nearest neighbour matching and is evaluated 

and compared it with previous algorithms. [7] 

 

III. PROBLEM DEFINITION 
problems like finding the best matches for local image features 

in large data sets, clustering local features into visual words, 

global image feature matching for scene recognition, human 

pose estimation, matching deformable shapes for object 

recognition. The nearest neighbour search problem is also of 

major importance in many other applications, including 

machine learning, document retrieval, data compression, bio-
informatics, and data analysis. And for that Use of large 

training sets is key to obtaining good real-life performance 

from many computer vision methods. Today the Internet is a 

vast resource for such training data but for large data sets the 

performance of the algorithms employed quickly becomes a 

key issue. Hence propose new algorithms and improvements to 

existing ones are needed. 

 

IV. PROPOSED SYSTEM 

In this section system architecture, evaluation methods are 

discussed.  

Approximate Nearest Neighbour Matching 
In this section we discuss the problem of fast approximate 

nearest neighbour matching and present the algorithms that 

found to be the most effective for efficiently finding nearest 

neighbour matches for high dimensional points. For high-

dimensional spaces, there are no generic nearest-neighbour 

search algorithms known that are exact and more efficient than 

linear search. As linear search is too costly for many 

applications, this has generated an interest in algorithms that 

perform approximate nearest-neighbour search, in which non-

optimal neighbours are sometimes returned. Such approximate 

nearest neighbour (ANN) search algorithms can be orders of 

magnitude faster than exact search, while still providing near-
optimal accuracy. Most ANN algorithms have a way to trade-

off between the search time and accuracy (when accepting a 

lower accuracy the search is faster and when demanding a high 

accuracy the search will take longer). The trade-off can usually 

be controlled by one or more algorithm parameters and by 

varying these parameters we can analyse how well an 

approximate nearest-neighbour algorithm performs. Repeated 

distance computations between the query point and datasets 

points are the most expensive part of most nearest neighbour 

search algorithms, so in order to be more efficient most 

algorithms try to ”lookat” as few points in the data set as 
possible. To do that and still return a large fraction of the 

correct neighbours, the search algorithms have various 

strategies of choosing which points in the dataset to examine 

and which to ignore. 

 
Fig 1: Proposed System Architecture 

 

The focus is on one of the most popular algorithms for 

performing approximate search in high dimensions, based on 

the concept of locality-sensitive hashing (LSH). The key idea 

is to hash the points using several hash functions to ensure that 

for each function the probability of collision is much higher for 

objects that are close to each other than for those that are far 

apart. Then, one can determine near neighbour by hashing the 

query point and retrieving elements stored in buckets 
containing that point. The LSH algorithm and its variants has 

been successfully applied to computational problems in a 

variety of areas, including web clustering  computational 

biology , computer vision , computational drug design and 

computational linguistics.  Recently developed LSH family for 

the Euclidean distance, which achieves a near-optimal 

separation between the collision probabilities of close and far 

points. An interesting feature of this family is that it effectively 

enables the reduction of the approximate nearest neighbour 

problem for worst-case data to the exact nearest neighbour 

problem over random (or pseudorandom) point configuration 

in low-dimensional spaces. 
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Partitioning Trees Based Nearest Neighbour Techniques: 

There are various types of Partitioning Trees Based Nearest 

Neighbour Techniques are available which are listed below. 

A] The Priority Search K-Means Tree Algorithm  
It have found the randomized k-d forest to be very effective in 

many situations, however on other datasets a different 

algorithm, the priority search k-means tree, has been more 
effective at finding approximate nearest neighbours ,especially 

when a high precision is required. The priority search k-means 

tree tries to better exploit the natural structure existing in the 

data, by clustering the data points using the full distance across 

all dimensions, in contrast to the (randomized) k-d tree 

algorithm which only partitions the data based on one 

dimension at a time. Therefore, it can be expected for the 

priority search k-means tree algorithm to be able to better 

discover the natural clustering structure present in the data and 

to perform better on some datasets. 

 

-Algorithm1: Building the priority search k-means tree  

Input: features dataset D, branching factor K, maximum 

iterations Imax, centre selection algorithm to use Calg  

Output: k-means tree  

1: if |D|< K then  

2: create leaf node with the points in D  

3: else  

4: P←select K points from D using theCalg algorithm  

5: converged←false  

6: iterations←0  

7: whilenot converged and iterations < Imax do  

8: C←cluster the points in D around nearest centres P  

9: Pnew ←means of clusters inC  

10: if P=Pnew then  

11: converged ←true  

12: endif  

13: P←Pnew  

14: iterations←iterations + 1  

15: endwhile  

16: for each clusterCi ∈C do  

17: create non-leaf node with center P i  

18: recursively apply the algorithm to the points inCi  

19: endfor 

 20: endif 

 

-Algorithm2: Searching the priority search k-means tree  

Input: k-means tree T, query point Q, maximum number of 

points to examine L  

Output: K nearest approximate neighbours of query point 

procedure SEARCHKMEANSTREE(T,Q,L)  

1: count←0  

2: PQ←empty priority queue  

3: R←empty priority queue  

4: call TRAVERSETREE(T,PQ,R) 

 5: while PQ not emptyand count < L do  

6: N←top of PQ  

7: call TRAVERSETREE(N,PQ,R) 

 8: endwhile  

9: return K top points from R procedure 

 TRAVERSEKMEANSTREE(N,PQ,R)  

1: if node N is a leaf node then  

2: search all the points in N and add them to R 

 3: count←count+|N| 

 4: else  

5: C←child nodes of N  

6: Cq ←closest node ofC to query Q  

7: Cp ←C\Cq  

8: add all nodes inCp to PQ  

9: call TRAVERSETREE(Cq,PQ,R)  

10: endif 

 

B] The Hierarchical Clustering Tree 

Matching binary features is increasing interest in the computer 

vision. Algorithms like priority search k means tree and 

randomized kd-tree are suitable for matching vector based 

features. They are either not efficient or not suitable for 

matching binary features. For example, the priority search k-

means tree requires the points to be in a vector space where 

their dimensions can be independently averaged. Binary 

descriptors are  compared using the Hamming distance, which 
for binary data can be computed as a bitwise XOR operation 

followed by a bit count on the result like very efficient on 

computers with hardware support for counting the number of 

bits set in a word. This section clearly presents a new algorithm 

and data structure which called as hierarchical clustering tree. 

Matching binary features found to be very effective in 

hierarchical clustering tree. The hierarchical clustering tree 

performs a decomposition of the search space by recursively 

clustering the input data set using random data points as the 

cluster centres of the non-leaf nodes In priority search k-means 

tree  using more than one tree did not bring significant 
improvements, and found that building multiple hierarchical 

clustering trees and searching them in parallel using a common 

priority queue like same approach that has been found to work 

well for randomized k-d trees caused in significant 

improvements in the search performance. 

 

-Algorithm3: Building signal hierarchical clustering tree 

Input: features dataset A 

Output: hierarchical clustering tree 

Parameters: branching factor B, maximum leaf size    

1. If size of A <    then 
2.  Create leaf node with the points in A 

3. Else 

4. P  select B points at random from A 

5. C  Around nearest centers p cluster the points in A 

6. For each cluster   ∈ C do 

7. with center    Create non-leaf node  

8. Recursively apply the algorithm to the points in    
9. End for  

10. End if. 

Locality Sensitive Hashing Based Nearest Neighbour 

Techniques:  
locality sensitive hashing (LSH) is best known hashing based 
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nearest neighbour technique in which large number of hash 

functions are used with the property that the hashes of 

elements that are close to each other are also likely to be close. 

Multi-probe LSH is Variants of LSH        which reduces 

number of hash tables and improves the high storage costs. 

LSH Forest adapts better to the data without requiring hand 

tuning of parameters. The quality of the hashing functions is 
dependent on the performance of hashing methods. A large 

body of research has been directed at improving hashing 

methods by using data-dependent hashing functions. The 

several LSH algorithms have successfully used in a number of 

projects provide theoretical guarantees on the search quality 

and LSH have used for columns in large sparse matrices with 

high Jaccard similarity and  to find similar documents in 

reality, e.g. Euclidean distances, Cosine distance.    

Locality sensitive hashing (LSH) is a basic in large data 

processing algorithms that are planned to operate on objects 

with features in high dimensions. The hint behind LSH is the 

following: construct a family of functions that hash objects into 

buckets such that objects that are similar will be hashed to the 

same bucket with high probability. 

 

A] LSH for Euclidean Distance: 

Simple idea: hash functions correspond to lines. 

Algorithm4: 

1) Consider buckets size b and Partition the line into buckets.  

2) Hash each point to the bucket having its projection onto the 

line. 

3) Nearby points are always in same bucket and distant points 

are rarely in same bucket. 

 
Fig 2: LSH for Euclidean Distance case 1. 

 

 
Fig 3: LSH for Euclidean Distance case 2. 

 

B] LSH   for Cosine distance: 

Algorithm5: 

1) Think of point as a vector from the origin (0, 0… 0) to its 

location. 

2) Points vectors make an angle whose cosine is the   

normalized dot product of vector: 
     

        
  

 

 
Fig 4: LSH for Cosine distance 

 

C] LSH for City block hashing: 

Algorithm6: 

1) Initialize vector of size of Dim. (V) 
 

2) Generate random projection for each individual vector. (R)  

 

3) Calculate hash value: 

                h (i) = 
     

   
 

 

4) Hash value = combine h(i). 

 

V. IMPLEMENTATION DETAIL 

A] Mathematical Model 

STEP 1: 

U: {I, Q, F, H, O} 

 
I: Input Images {I1, I2….In} 

 

Q: Query Image {Q1} 

 

 F: Set of Features of Database images and query image after 

applying SIFT Algorithm {F1, F2, Fn} 

 

N: Set of values of Database images and query image after 

applying NN algorithms Techniques {N1, N2…..Nn} 

 

O: output Images {O1, O2….On} 
 

 
Fig 5: Venn diagram 

 

SETP 2:  Infinite Finite Automata (NFA): A Infinite Finite 

Automata M is five Tuple, (Q, Ʃ, δ, q0, F)  
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Where, Q = {   ,    ,     ,    ,     } 

Where,    : SIFT Algorithm,    : Store,    : Store   

   : Nearest Neighbour Algorithm,    : Similar Images  

   = Start state 

F = {  } 

Ʃ = {I, F, FT, V} 

           F: Features 

           FT: Features from Table 

           V: Values  

δ = Q * Ʃ 

  δ (   , F,    ) 

  δ (   , F,    ) 

  δ (   , FT,    ) 

  δ (   , FT,    ) 

  δ (   , V,    )     

 
Fig 6: NFA 

 

B] Experimental Setup 

S/W:  Java JDK 1.7 

 

H/W: RAM 4GB 

 
System Type: 64bit Windows OS 

 

Processor: Intel Core i5@ 2.50Hz 

 

C] Result Analysis  

The proposed system is compared with existing system in 

terms of Precision and Recall. The comparison of existing and 

proposed system is shown in following graphs. This study 

shows that comparison of hashing techniques between 

Euclidean distance, city block and cosine distance in which 

cosine distance gives high percentage of precision and recall 
compared to Euclidean distance and city block. On comparing 

Tree based technique (here) K-means algorithm and best 

Hashing based technique i.e. the cosine distance gives 

comparatively high precision and recall. 

 

 Fig 7: Precision comparison between hashing base techniques. 

 
 
Fig 8: Precision comparison between proposed system and 

existing system. 

 

 
Fig 9: Recall comparison between hashing base techniques. 

 

 
Fig 10: Recall comparison between proposed system and 

existing system. 

 

VI. CONCLUSION 
In most of the applications the nearest neighbour search 

problem has major importance, including data analysis, 

machine learning, document retrieval, data compression, and 

document retrieval bio-informatics.  For that use of large 

training sets are very important to obtain good real-life 
performance from many computer apparition methods. Today 
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the Internet produces large data but for large data sets the 

performance of the algorithms employed quickly becomes a 

very important issue. Hence designing of new algorithms and 

improvements of existing algorithm required.  Applying 

hashing technique in the implementation of nearest neighbour 

certainly help in improving the results over tree based 

technique, and in different hashing techniques cosine distance 
technique gives better results. 
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