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Abstract

The local image features used in an object recognition system should be invariant to image scaling, translation, rotation
and also to the illumination changes on the image. Thus, these features should be efficiently detected through a staged
filtering approach which can identify the stable points in a scale space. In this paper we discuss the application of SIFT
in feature extraction which is the fundamental concept in object recognition. An important aspect of this approach is
that it generates large numbers of features that densely cover the image over the full range of scales and locations. The
key points are detected using a cascade filtering approach which enables the correct match for a key point to be selected
from a large database of other key points. With visual reference maps that consists of more or less organized images
there is a compromise between the density of reference data stored and the capacity to identify, when it is not exactly in
the same position as one of the reference views. Thus, we have also proposed SURF to improve the performance of

appearance-based localization methods that perform image retrieval in large data sets.
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I. INTRODUCTION

Images taken from different viewpoints may suffer
transformations such as noise, rotation, scaling, transla-
tion, which leads to the two images of the same scent to
appear different. Thus it is challenging task in vision
applications to find similarity correspondences between
two images of the same scene or object. To provide reli-
able matching between different viewpoints of the same
image, extraction of prominent features is required. Fea-
ture detection occurs within an image and seeks to de-
scribe only those parts of that image where we can get
unique feature descriptors. During the training session,
the feature descriptors are extracted from sample images
and stored. In classification, feature descriptors of an
image will be matched with all trained image features of
the trained images giving maximum correspondence and
the best match.

Feature detection algorithms [14][8] are proposed in the
literature to compute reliable descriptors [7][2] for image
matching [5][4]. SIFT and SURF descriptors [3] are
concluded as the best in their performance and have now

been used in many applications[15]. A thorough com-
parison of many feature descriptor algorithms is reported
in [9] which concluded that overall SIFT outperforms
other detectors. SURF was not included in the compari-
sons[10] and although it has been claimed to be superior
to SIFT[6] by the proposers of SURF [5].

Il. METHODS

A.SIFT

Scale Invariant Feature Transform (SIFT) features are
features extracted from images to help in reliable match-
ing between different views of the same object [16]. The
extracted features are invariant to scale and orientation,
and are highly distinctive of the image. They are ex-
tracted in four steps. The first step computes the loca-
tions of potential interest points in the image by detecting
the maxima and minima of a set of Difference of Gauss-
ian (DoG) filters applied at different scales all over the
image. Then, these locations are refined by discarding
points of low contrast. An orientation is then assigned to
each key point based on local image features. Finally, a
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local feature descriptor is computed at each key point.
This descriptor is based on the local image gradient,
transformed according to the orientation of the key point
to provide orientation invariance. Every feature is a vec-
tor of dimension 128 distinctively identifying the neigh-
borhood around the key point.

The following steps are involved in SIFT algorithm:

a. Scale-space Extrema Detection: The first stage of
computation searches over all scales and image loca-
tions. It is implemented efficiently by using a differ-
ence-of-Gaussian function to identify potential interest
points that are invariant to scale and orientation.

b. Keypoint localization: At each candidate location, a
detailed model is fit to determine location and scale.
Keypoints are selected based on measures of their stabil-
ity.

c. Orientation assignment: One or more orientation is
assigned to each keypoint to achieve invariance to image
rotation. A neigbourhood is taken around the keypoint
location depending on the scale, and the gradient magni-
tude and direction is calculated in that region.

d. Keypoint descriptor: The local image gradients are
measured at the selected scale in the region around each
keypoint. These are transformed into a representation
that allows for significant levels of local shape distortion
and change in illumination. The first stage used differ-
ence-of-Gaussian (DOG) function to identify potential
interest points, which were invariant to scale and orienta-
tion. DOG was used instead of Gaussian to improve the
computation speed.

D(x.y,0)=(G(x,y.k o) G(x,y, o)) *I(xy) —» (1)
= L(x,y, ko) L(x,y, 0) > (2)
where * is the convolution operator, G(x,y, ©) is a
variable scale Gaussian, I(x,y) is the input image
D(x,y, o) is Difference of Gaussians with scale k times.
For any object in an image, interesting points on the ob-
ject can be extracted to provide a "feature description™ of
the object. This description, extracted from a training
image, can then be used to identify the object when at-
tempting to locate the object in a test image containing
many other objects. To perform reliable recognition, it is
important that the features extracted[11] from the train-
ing image be detectable even under changes in image
scale, noise and illumination. Such points usually lie on
high-contrast regions of the image, such as object edges.
SIFT keypoints[1] of objects are first extracted from a set
of reference images and stored in a database. An object is
recognized in a new image by individually comparing
each feature from the new image to this database and
finding candidate matching features based on Euclidean
distance of their feature vectors. From the full set of
matches, subsets of key points that agree on the object
and its location, scale, and orientation in the new image
are identified to filter out good matches. The determina-
tion of consistent clusters is performed rapidly by using
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an efficient hash table implementation of the general-
ized Hough transform. Each cluster of 3 or more features
that agree on an object and its pose is then subject to
further detailed model verification and subsequently out-
liers are discarded. Finally the probability that a particu-
lar set of features indicates the presence of an object is
computed, given the accuracy of fit and number of
probable false matches. Object matches that pass all the-
se tests can be identified as correct with high confidence.
e. Keypoint Matching: Keypoints between two images
are matched by identifying their nearest neighbours. But
in some cases, the second closest-match may be very
near to the first. It may happen due to noise or some oth-
er reasons.

Another important characteristic of these features is that
the relative positions between them in the original scene
shouldn't change from one image to another. For exam-
ple, if only the four corners of a door were used as fea-
tures, they would work regardless of the door's position;
but if points in the frame were also used, the recognition
would fail if the door is opened or closed. Similarly, fea-
tures located in articulated or flexible objects would typ-
ically not work if any change in their internal geometry
happens between two images in the set being processed.
However, in practice SIFT detects and uses a much larg-
er number of features from the images, which reduces
the contribution of the errors caused by these local varia-
tions in the average error of all feature matching errors.
SIFT can robustly identify objects even among clutter
and under partial occlusion, because the SIFT feature
descriptor [2] is invariant to uniform scaling, orientation,
and partially invariant to affine distortion and illumina-
tion changes. This section summarizes Lowe's object
recognition method and mentions a few competing tech-
niques available for object recognition under clutter and
partial occlusion. In the keypoint localization step, they
are rejected the low contrast points and eliminated the
edge response. Hessian matrix was used to compute the
principal curvatures and eliminate the keypoints that
have a ratio between the principal curvatures greater than
the ratio. An orientation histogram was formed from the
gradient orientations of sample points within a region
around the keypoint in order to get an orientation as-
signment. According to experiments, the best results
were achieved with a 4x4 array of histograms with 8
orientation bins in each. So the descriptor of SIFT that
was used is 4x4x8= 128 dimensions.

B. PCA-SIFT

PCA-SIFT Principal Component Analysis (PCA) is a
standard technique for dimensionality reduction and has
been applied to a broad class of computer vision prob-
lems, including feature selection. PCA-SIFT can be
summarized in the following steps:

1. Pre-compute an eigenspace to express the gradient
images of local patches

32 International Journal of Computing Science and Information www.ijcsit.org

Special_issue, April 2018


https://en.wikipedia.org/wiki/Euclidean_distance
https://en.wikipedia.org/wiki/Euclidean_distance
https://en.wikipedia.org/wiki/Hash_table
https://en.wikipedia.org/wiki/Hough_transform
https://en.wikipedia.org/wiki/Scaling_(geometry)
https://en.wikipedia.org/wiki/Orientation_(geometry)
https://en.wikipedia.org/wiki/Affine_transformation

2. Given a patch, compute its local image gradient

3. Project the gradient image vector using the eigen-
space to derive a compact feature vector.
The input vector is created by concatenating the hori-
zontal and vertical gradient maps for the 41x41 patch
centered at the keypoint. Thus, the input vector has
2x39x39=3042 elements. Then normalize this vector to
unit magnitude to minimize the impact of variations in
illumination. Projecting the gradient patch onto the
low-dimensional space appears to retain the identity re-
lated variation while discarding the distortions induced
by other effects. Eigenspace can be build by running the
first three stages of the SIFT algorithm on a diverse col-
lection of images and collected 21,000 patches. Each was
processed as described above to create a 3042-element
vector, and PCA was applied to the covariance matrix of
these vectors. The matrix consisting of the top n eigen-
vectors was stored on disk and used as the projection
matrix for PCA-SIFT. The images used in building the
eigenspace were discarded and not used in any of the
matching experiments [2].
C. SURF
A basic second order Hessian matrix approximation is
used for feature point detection. The approximation with
box filters is pushed to take place of second-order
Gaussian filter [11]. And a very low computational cost
is obtained by using integral images. The Hessian-matrix
approximation lends itself to the use of integral images,
which is a very useful technique. Hence, computation
time is reduced drastically [5]. In the construction of
scale image pyramid in SURF algorithm, the scale space
is divided into octaves, and there are 4 scale levels in
each octave. Each octave represents a series of filter re-
sponse maps obtained by convolving the same in put
image with a filter of increasing size. And the minimum
scale difference between subsequent scales depends on
the length of the positive or negative lobes of the partial
second order derivative in the direction of derivation [2].
IHl. EXPERIMENTAL RESULTS
Scale Invariant Feature Transform is used to extract fea-
tures from the face. The implementation is done using
MATLAB. Feature extraction enables you to derive a set
of feature vectors, also called descriptors, from a set of
detected features. Computer Vision System Toolbox of-
fers capabilities for feature detection and extraction.
SURF is used to detect blobs and regions. The SURF
local feature detector function is used to find the corre-
sponding points between two images that are rotated and
scaled with respect to each other.
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Fig 1. Detect the facial features in an image using SURF.

Mitched Poets s Orty)

Fig.3 Matching features in an image using SIFT

SIFT starts by detecting edges and corners in the image.
On the resulted image, SIFT tries to find Region of In-
terest points that are differentiating that image from the
others. Then, out of each ROI, it extracts a histogram
where each of the bins is count of particular edge or cor-
ner orientation. These histograms can be concatenated or
quantized into some smaller number of groups with a
clustering method like K-means.
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The key points are the interest points which are the spa-
tial locations, or points in the image that define what
is interesting or what stand out in the image. The key
points should remain same even when the image changes
with rotation, shrinking or distortion.

Fig.4 Performance of SIFT Vs SURF

32D | 64D | 96D | 128D
Scaling | SIFT | SIFT | SIFT | SIFT | SURF
12 20 35 55 75
Time sec sec sec sec sec

Table.1 Average matching time by all descriptors

4, CONCLUSION

SIFT is invariant to rotation, illumination and affine
transformation changes, and shows good performance in
most of the cases but has slow execution time. SURF is
superior with execution time. The evaluations carried out
suggests strongly that SIFT-based descriptors, which are
region-based, are the most robust and distinctive, and are
therefore best suited for feature matching. SURF has
similar performance to SIFT, while at the same time be-
ing much faster. Another experiment concludes that
when speed is not critical, SIFT outperforms SURF.
SIFT, SURF and PCA-SIFT are descriptor based algo-
rithms and have advantages over different conditions.
PCA-SIFT reduces the execution time of SIFT matching
but was proved to be less effective than SIFT in extract-
ing the feature points.
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