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Abstract

Given one item, finding its closest match within a database of other
such items is a task performed in numerous domains. Image matching,
data mining, and electroencephalogram data analysis are a few varied
examples. The extension of the concept of Euclidean distance in 2D and
3D space to higher dimensional space provides an effective comparison of
items in these sorts of domains.

Particular regard will be given to the performance of nearest neigh-
bour searching in a large database of SIFT descriptors. (Scale Invariant
Feature Transform) SIFT descriptors are useful in support of many image
matching tasks.

There are a number of algorithms, each with there own issues of storage
size and search performance. The literature review (COMP6720) will aim
to describe the significant algorithms and their performance attributes.
The review should also identify opportunities for the enhancement (or
enhanced implementation) of existing algorithms for the purposes of com-
puter vision. Such further work would be the subject of the (COMP6702)
follow-on project.

1 Objectives

The nearest neighbour approach to finding similarities between images is a sig-
nificant tool in the field of computer vision. It’s effective application can con-
tribute to many worthy uses of computer vision, such as:

e Safety (identifying drowning in a pool)
e Security (facial recognition)
e Health (medical imaging and diagnostics)

This literature review will focus on the application of nearest neighbour
searching to the field of computer vision.

The first objective of this review is to discover what are the most signifi-
cant algorithms used for this purpose. Through understanding and describing
these algorithms, it is expected that some opportunities for improvement will
be identified. These improvements might be in the form of a new algorithm, a
modified algorithm, or a more efficient implementation of an algorithm.



The ultimate objective of this review will be to take one or more of these
opportunities and develop a plan for exploiting them through further research
in next semesters project: COMP6702.

2 Initial Reading List

2.1 Background
[1, 5,7, 2|

2.2 Data Structures
3, 18, 17]

2.3 High Dimensions/Large Databases
[9, 8, 10, 11, 14, 4]

2.4 Other
(12, 6, 13, 15, 16]

3 Timetable

The simple timeline for this project is expected to be as follows:
e 9 March: Introduce the project
e 10 March: Submit project topic and plan
e 21 March: Re-submit project topic and plan
e 24 March: Review 5 articles.
e 31 March: Review 5 articles.
e 7 April: Review 5 articles.
e 14 April: Review 5 articles.
e 21 April: Review 5 articles and submit draft report to supervisor
e 28 April: Review 5 articles and redraft.
e 5 May: Review 5 articles and redraft.
e 12 May: Review 5 articles and redraft.
e 19 May: Review 5 articles and redraft.
e 26 May: Redraft
e 2 June: Submit final report

e 5-11 June: Publicly present report



4 Background

Nearest neighbour searching is the problem of being given a point in space and
finding the nearest other point from a set of points. Simple two-dimensional
examples include:

e finding the nearest airport to a plane, for an emergency landing

e finding the nearest pizzeria to a customers home, for a pizza delivery

5 Nearest Neighbour in Computer Vision

A common sub-task of many more complex computer vision problems is that of
matching an interesting portion or patch from an image to its closest match in
a set of other patches. The means of identifying and extracting these patches is
not the subject of this review. Comparing them to find the closest match is.

Means of comparison such as averaging or summing the colour value of all
pixels in the patch are not very useful for determining similarity in much detail.
What is required is a means of comparing all of the pixels to their corresponding
pixels in a potential match at the same time. It so happens that if each pixel
in the patch is considered as a dimension of space, the patch can be plotted as
if it where a point in that space.

In metric space, there is a valid concept of distance between points. If
we treat two image patches as points in space, we can determine the distance
between them. The lesser the distance between them, the more similar they
are in appearance. Since it is easy to plot points in two dimensional space on
a flat screen or piece of paper, Figure 1 is a good visual example. Three image
patches of two pixels each are compared. Representing white/light-grey/dark-
grey/black as 0/1/2/3/4 we plot the patches as points. By calculating the
distances AB and AC, we can determine that B is closer to A than C is.

6 Motivation for High-Dimensional Space

A two-pixel patch, although useful as a visual demonstration, is fairly trivial.
Typically, interesting patches of images are much larger. As the number of
dimensions increase, however, the concept and means of computing distance
between points remains valid. High-dimensional space can, however, have a
negative impact on the performance of nearest neighbour searching algorithms
that were designed with simpler 2D or 3D space in mind.

As an example of what will be reviewed, a cursory look at some of the exist-
ing literature has revealed that the degraded performance caused by increasing
dimensions can sometimes be overcome by knowing something about the dis-
tribution of points. One dimension might provide greater discrimination than
another, for instance.

7 Time/Space Complexity

A brute force approach to finding a nearest neighbour would take O(n) time
to evaluate each point in the set. Since there might be millions of points, and
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Figure 1: Simple Images Plotted as Points

retreaval might be expensive, time can become a serious issue.

Consider also that a 121-pixel patch in 24bit colour occupies 363 bytes. 1

million patches would take 363MB. And 11 million patches would take 4GB. At
this number, available memory could become a serious issue as well.
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