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Abstract —Video has become an important element of multimedia computing and communication
environments, with applications as varied as broadcasting, education, publishing and military
intelligence. In Video Retrieval system, each video that is stored in the database has its features extracted
and compar ed to the features of the query image. Proposed work isto retrieve video from the database by
giving query as an object. Video isfirstly converted into frames, these frames are then segmented and an
object is separated from the image. Then features are extracted from object image by using SIFT
features. Features of the video database obtained by the segmentation and feature extraction using SIFT
feature are matched by Mahalanobis Distance. I n this paper experiments are done on different samples of
images. Result isalso calculated after illumination changesin object.
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I INTRODUCTION

Video retrieval has become a prominent research topic in recent years. Research interest in this field has
escalated because of the proliferation of video and image data in digital form. The goal in video retrieval is to
search through a database to find videos that are perceptualy similar to a query video [1]. An ideal video
retrieval engine is one that can completely comprehend a given video, i.e., to identify the various objects present
in the video and their properties. Advances in data storage and video acquisition technologies have enabled the
creation of large video data sets. In this scenario, it is necessary to develop appropriate information systems to
efficiently manage these collections. The common approaches use the son called Content-Based Video Retrieval
systems [2]. Content based video retrieval system is an active field of research. These systems typically include
three steps: video segmentation, feature extraction and feature grouping. Video segmentation algorithms try to
divide the video sequences into meaningful subgroups called shots. Most of the existing feature extraction
algorithms select one or more key frames as being representative of each shot; feature extraction techniques
such as wavelets or Gabor filters are widely used to then extract features from these frames [3]. In the grouping
stage, the shot features are grouped into clusters to represent relevant objects which appear in those shots. In a
guery problem, features selected from the query region will be compared with existing features for possible
matches. However, an object can appear in different imaging conditions (different camera angles, zoom
positions, lighting conditions) in different parts of the video and can also be occluded.

In this paper our work is focused on video retrieval using SIFT feature. Video retrieval plays an important
rolein daily life. Firstly the video is divided into frames, and then frames are divided into images. The object is
separated from the image by the segmentation of the image. The segmented object is a part of image. Feature is
extracted from the segmented image (object). In these proposed method the features are extracted by using the
Scale Invariant Feature Transform (SIFT). SIFT features are used to find the keypoints from the images. SIFT
features are invariant to image [4].
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II. MOTIVATION

Video databases and collections can be enormous in size, containing hundreds, thousands or even millions of
videos. The conventional method of video retrieval is searching for a keyword that would match the descriptive
keyword assigned to the video by a human categorizer. Currently under development, even though several
systems exidt, is the retrieval of video based on their content, called Content Based Video Retrieval, CBVR.
Motivation for video retrieval is to make it efficient then previous approaches and invariant to illumination
changes.

I1l.  PrROPOSED WORK

According to the proposed framework video is divided into frames. A number of frames are generated from
the single video. In the proposed framework we are retrieving video, based on object from the database using
SIFT features. The proposed solution for problem is to make the efficient video retrieval. In the proposed
solution the video retrieval is donein following steps:

e Thevideo is converted into images.
e These images are segmented using the segmentation algorithm to get the object image.
Now the features are retrieved from the object image using the SIFT algorithm.

Last step is the feature matching from the database features by the Mahalanobis Distance to retrieve the
video from the database.

IV. METHODOLOGY

A. Video

Video datais to mean video as a rich media, not only the video images but also its associated audio. We use
video content to denote the information contained in the video data and potentially of interest to the user such as
objects, people, motion, static charts, drawings, maps, equations, transparencies and auditorial information. In
video production, a shot corresponds to the segment of video captured by a continuous camerarecording. Video
frame referred to as a static image, is the basic unit of video data [5]. Frame sequence is defined as a set of
frame intervals, where a frame interval [i,j] is a sequence of video frames from frame i to j. The individual
frames are separated by frame lines. Normally, 24 frames are needed for one second of film. In ordinary filming,
the frames are photographed automatically, one after the other, in a movie camera [8]. A common first step for
most content-based video analysis techniques available is to segment a video into elementary shots, each
comprising a continuous in time and space [10]. These elementary shots are composed to form a video sequence
during video sorting or editing with either cut transitions or gradual transitions of visual effects such as fades,
dissolves and wipes.Video stream consists of frames, shots, scenes and sequences. Frames are single pictures
and the elementary video units. There are 14-25 frames per second, so frame sequences give more meaning than
individual frame. Physically related frame sequences generate video shots. Shots are segmented based on low
level features and shot boundary algorithms can detect shots automatically. Semantically related and temporally
adjoining shots are grouped into scenes. Scenes may be still small for browsing very long video. It might be
necessary to combine related scenes into sequences or acts.

B. Segmentation

The goal of image segmentation is to cluster pixels into salient image regions, i.e., regions corresponding to
individual surfaces, objects, or natural parts of objects. Segmentation is a collection of methods allowing to
interpret spatially close parts of the image as objects [6]. Regions (i.e., compact sets) represent spatial closeness
naturaly and thus are important building steps towards segmentation. Objects in a 2D image very often
correspond to distinguishable regions. Image segmentation is typically used to locate objects and boundaries
(lines, curves, etc.) in image.

Texture Segmentation
The use of image texture can be used as a description for regions into segments. There are two main types of
segmentation based on image texture, region based and boundary based.

Region Based

Region-based segmentation methods attempt to partition or group regions according to common image
properties. These image properties consist of:
0 Intensity values from origina images, or computed values based on an image operator.

0 Texturesor patterns are unique to each type of region.
O Spectral profiles that provide multidimensional image data.
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Boundary Based

Boundary-based methods are often used to look for explicit or implicit boundaries between regions
corresponding to different issue types.

C. 9FT (Scale Invariant Feature Transform)

SIFT (Scale Invariant Feature Transform) features are widely used in object recognition. These features are
invariant to changes in scale, 2D trandation and rotation transformations. SIFT Features however, are of very
high dimension and large number of SIFT features are generated from an image [4]. The large computational
effort associated with matching all the SIFT features for recognition tasks, limits its application to object
recognition problems. Image matching is a fundamental aspect of many problems in computer vision, including
object or scene recognition, solving for 3D structure from multiple images, stereo correspondence, and motion
tracking. Following are the major stages of computation used to generate the set of image features:

1. Scale-space extrema detection: Thefirst stage of computation searches over al scales and image locations.
It isimplemented efficiently by using a difference-of-Gaussian function to identify potential interest points that
are invariant to scale and orientation. The scale space of an image is defined as a function, L(X, y,o), that is

produced from the convolution of a variable-scale Gaussian, G (X, y, o) , with an input image, | (X, y):

L(x,y,0)=G(x,y,0)*1(X,Y)
where * isthe convolution operation in x and y, and

_(x2+y?)/20°
> e

1
G(X, y,0)=%

To efficiently detect stable keypoint locations in scale space, we have proposed (Lowe, 1999) using scale-space
extrema in the difference-of-Gaussian function convolved with the image, D (X, y, o) , which can be computed

from the difference of two nearby scales separated by a constant multiplicative factor k:

D(x y,0) =(G(x, Y, xk0) - G(X, y,0)) (X, y)
=L(Xx,Y,x0)—-L(X Y,0)

There are a number of reasons for choosing this function. First, it is a particularly efficient function to compute,
as the smoothed images, L, need to be computed in any case for scale space feature description, and D can
therefore be computed by simple image subtraction.

2. Keypoint localization: At each candidate location, a detailed model is fit to determine location and scale.
Key points are selected based on measures of their stability. Once a keypoint candidate has been found by
comparing a pixel to its neighbors, the next step is to perform a detailed fit to the nearby data for location, scale,
and ratio of principal curvatures. This approach uses the Taylor expansion (up to the quadratic terms) of the
scale-space function, D (X, y, o) shifted so that the origin is at the sample point:

T 2
D(X) = D+aD X+1XTa I32
0X 2 0JX

where D and its derivatives are evaluated at the sample point and X = (X, Y, 0)" isthe offset from this point.

The location of the extremum, X , is determined by taking the derivative of this function with respect to x and
setting it to zero, giving

— 0°D ' 9D
X =-———__ =
0X? 9X
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The function value at the extremum D(X) , is useful for rejecting unstable extremawith low contrast. This can
be obtained by substituting the above equations, giving:

D(1,J)=/(F, -F,)"C}(F, -F))

D(I,J):Zfi(l)log%

3. Orientation assignment: One or more orientations are assigned to each key point location based on local
image gradient directions. All future operations are performed on image data that has been transformed relative
to the assigned orientation, scale, and location for each feature, thereby providing invariance to these
transformations. The scale of the keypoint is used to select the Gaussian smoothed image, L, with the closest
scale, so that all computations are performed in a scale-invariant manner. For each image sample, L (X, y) , a

this scale, the gradient magnitude, m(x, y) , and orientation, 6 (X, y) , is precomputed using pixel differences:

() = (L0, Y)— L1, Y)Y +(L06 y+D)—L(x y-D)?

O(x,y) =tan((L(x y+1)—L(x y-D)/ (L(x+1 y) - L(x-1y)))

4. 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 alows for significant levels of local shape distortion
and change in illumination. The previous operations have assigned an image location, scale, and orientation to
each keypoint. These parameters impose a repeatable local 2D coordinate system in which to describe the local
image region, and therefore provide invariance to these parameters. The next step is to compute a descriptor for
the local image region that is highly distinctive yet is as invariant as possible to remaining variations, such as
change in illumination or 3D viewpoint. First the image gradient magnitudes and orientations are sampled
around the keypoint location, using the scale of the keypoint to select the level of Gaussian blur for the image.
In order to achieve orientation invariance, the coordinates of the descriptor and the gradient orientations are
rotated relative to the keypoint orientation. For efficiency, the gradients are precomputed for all levels of the
pyramid. A Gaussian weighting function with o equal to one half the width of the descriptor window is used
to assign aweight to the magnitude of each sample point.

D. Sdection of local features

The following requirements were key in selecting a suitable local-feature for images used in this project [9]:
a) Invariance: The feature should be resilient to changes in illumination, image noise, uniform scaling,
rotation, and minor changes in viewing direction.
b) Highly Distinctive: The feature should allow for correct object identification with low probability of
mismatch.
¢) Performance: Given the nature of the image recognition problem for an art center, it should be relatively
easy and fast to extract the features and compare them against a large database of local features.

E. Matching

M ahalanobis Distance
The Mahalanobis distance metric is appropriate when each dimension of image feature vector is dependent of
each other and is of different importance [7]. It is defined as:

D(1,3)=/(F, -F,)'C}(F, -F,)

where C isthe covariance matrix of the feature vectors.
The Mahalanobis distance can be simplified if feature dimensions are independent. In this case, only a variance
of each feature component, ¢i, is needed.

fi(1)

D(l,J):Zfi(l)logﬁ
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V. FLow CHART
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Fig.4 Flow Chart of Proposed work

Flow chart description
1. Taking image from the video as an input.
2. Separation of the object from the image by using segmentation.
3. After detecting object apply SIFT features to get feature vector:
¢ Build Gaussian scale space.
o Keypoint detection & localization. It is checked for all scales, if yes then orientation assignment is
done, else again Gaussian scale spaceis build.
o Keypoint descriptor creation.
e This keypoints descriptors are checked for all octaves, if true then SIFT feature vector is generated,
elseimage is downscaled.
4. Video database follow the same steps as described above.
5. SIFT feature vector is matched from the database features. If matched video is retrieved, else not.

VI. EXPERIMENTAL RESULTS

Experiments were performed on 20 different videos. Different samples of images are taken as an input, object is
detected and video is retrieved from the database. Then the value of precision and recall is calculated. Some
samples are taken after rotation and scaling and result is calculated. The value of precision and recall do not
change after the rotation and scaling and the actual video is retrieved. The videos containing objects are fan,
cow, girl, pen drive, box, toys, car etc. The performance of video retrieval is usually measured by the following

two metrics:
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Precision: In the field of video retrieval, precision is the fraction of video that are relevant to the search. A
good retrieval system should only retrieve relevant items.

Number of relevant images retrieved
Total number of imagesretrieved

Precision=

Recall: Recall in video retrieval is the fraction of the documents that are relevant to the query that are
successfully retrieved. A good retrieval system should retrieve as many relevant items as possible.

Number of relevant imagesretrieved

Recall = :
Total number of relevant images
Table 1: Experimental Results Table 2: Experimental Results of Rotated objects
5. No. Query Detected Actual Precision | Recall S.No. | Queryimage | Detected | Actual Retrieved | Precision | Recall
Image Object Retrieved Object Video
Video Image 6 | [ Sl P 091 0.5
Image 1 . s | 091 | 04 : j
Y : image7 | | s | 089 | 075
Image 2 | | 0.88 0.75 : -
Image8 | | ' T 100 | o4
Image 3 y 1.00 0.5
Image 4 s 100 | 0625 Imaged 100 | 05
Image 5 1.00 0.83 Image 10 0625
10
Fig5. Table1 Fig 6. Table 2
12 ===Precision 12 ! | ; ==Precision";
Recall Recall
1 = e o : : A
0———-—/ : ’\j/’
08 : : : f : 08 : ]
0% | | | LA 05
04 : 3 : 3 : 04
02 0.2
0} 0
1 2 3 4 5 1 2 3 4 5
Precision and Recall Graph of table 2 Precision and Recall Graph of table 1
Fig 7. Graph of Table1 Fig 7. Graph of Table 1

Results show that the performance of the system is more than 95%. The video retrieval is more efficient than
previous approaches because it is invariant to illumination changes. Fig.5 and Fig.6 shows the experimental
results in table form. Fig.7 and Fig.8 shows the graph between Precision and Recall of table 1 and table 2
respectively. The result of the table 1 and table 2 are approximately same, this means that illumination changes
does not affect the result.

VIlI. CONCLUSION

A method for retrieving video containing a particular object, asingle image of the object is given as a query.
In the proposed method video retrieval is based on object. The object is detected by the segmentation. SIFT
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algorithm is applied to the object. The object isinvariant to illumination changes. Features extracted by the SIFT
are keypoints. These keypoints are matched by the database features by Mahalanobis distance. The result has
being evaluated in the form of precision and recall. This video retrieval system is efficient than existing systems
because illumination changes does not affect the system.
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