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ABSTRACT-This paper presents feature representation of information of a frame in a video. The feature representation
for text using graylevel cooccurence matrix (GLCM) and feature representation of audio using dynamic time warping is
presented.
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1. INTRODUCTION

Videos and internet evolution play a vital role in an infotainment and education world. Videos have come across so
many developed versions. Converting raw video streams into highly and thoroughly structured and indexed, web-ready,
database-driven information entities are a must. Information database has evolved from simple text to multimedia with video,
audio, and text.

There are many information carriers in a video stream, as is the visual content, the narrative or speech part, and text
captions. Visual content remains the most important item. A representative frame image is preferred from a long scene with
little or no change. This process is the key frame extraction. Two kinds of key frame extraction strategies have been
developed and used by various researchers. The simplest way is to select one or several frames from each segmented shot.
Some use the first frame of each shot as the representative frame, i.e., the key frame of the shot. Others may use a random
one, the last one or the middle one as the prototypical frame.

Video: One of the features of video analysis is that it brings together a number of media types (image, audio and (via ASR)
text) into a single connected setting. Thus, video analysis has the opportunity of exploiting the data from these correlated,
simultaneous channels, to extract information. In addition there are other features which are specific to the media of video;
those that involve the way in which the video frames are linked together using various editing effects (cut, fades, dissolves,
etc.). The general video analysis process involves:

Boundary detection: Segmenting the video stream into shots.

Key-frame extraction: Characterizing the content of a shot/video.

Determining what objects are in the shot/video: The primary application of such a process is to allow the index of video in
order to make it searchable, for content-based image retrieval systems; however the ultimate goal is to recognize the events
portrayed and to understand the narrative of the video.

1.1 Feature extraction in video

By analyzing a video stream in terms of a structured sequence of shots, and then characterizing the shots in terms of
key-frames, the modeling of video content is reduced to extracting the content of structured still images. This means that the
visual features extracted from video are mainly derived from the frame images, which are described above. In addition videos
have the features which describe the motion of objects between frames, as well as features relating to the audio channel.
Boundary detection: The identification of the shot boundaries is a key essential step prior to performing shot-level feature
extraction and any subsequent scene-level analysis. Shot transitions can be classified as of two types: abrupt transitions (cut)
and gradual transitions (fade, wipe, dissolve, etc.). The approaches to detecting these shot transitions either make use of some
statistical measure the change in frame features which indicate a transition or use some form of Machine Learning (ML). In
general visual features are used to identify the boundaries. There are a number of ML approaches to Boundary Detection
including nearest neighbor, neural nets, HMM for both shot boundary detection and higher level topic/story boundary
detection and SVM.
Key-frame extraction: The usual approach to providing a higher level description for a video stream is to extract a set of key
frames which represent a summarization of the content of the whole stream. The general technique employed is frame
clustering, each cluster being centered on a key-frame, thus the key-frames are maximally distinct from one another.
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The results of applying the clustering technique are dependent upon which features are used, the distance metric employed
and the method for determining the number of key-frames (clusters) which sufficiently describe the video. Although
clustering is the main key-frame extraction technique, other ML approaches have been applied to the problem, such as
genetic algorithms.
Object extraction: The extraction of objects from video applies the techniques described above, for image object
identification. As objects can be found in a number of sequential or disparate frames, they can also be used as features in key-
frame extraction.
1.2. Textural features

From a perceptual point of view, a texture may be defined by its "coarseness”, “repetitiveness”, “directionality” and
“granularity”. However in terms of digital images, the texture of an image or region is defined as a function of the spatial
variation in pixel intensities (grey values), Tuceryan and Jain, 1998. The analysis of texture is used to determine regions of
homogeneous texture, the boundaries between these regions can then be used to segment the image. Textural classification is
also used to associate a region with a textural class (e.g. the material being represented (cotton, sand, etc), or a property of
that material (smooth, coarse, etc). The image analysis applied in the modeling of texture can be divided into three general
methods:
Statistical methods: It characterizes image texture according to measures of the spatial distribution of grey values (e.g.
moments of different orders, correlation functions, related covariance functions).
Structural methods: It assumes that textures are composed of primitives (called texels). The texture is produced by the
placement of these primitives according to certain placement rules. This class of algorithms, in general, is limited in power
unless one is dealing with very regular textures. Structural texture analysis consists of two major steps: (a) extraction of the
texture elements (texels), and (b) inference of the placement rule. A texture may then be characterized through properties of
its texels (average intensity, area, perimeter, etc.) or the texel pattern as defined by the placement rules.
Model-based methods: It studies texture as a linear combination of a set of basis functions. The two main difficulties of
such methods are first to find a suitable model to represent the texture (e.g. Fractal Model, Markov model, Fourier filter,
Multi-channel Gabor filter, Wavelet transform) and then to compute the accurate parameters which capture the essential
perceived characterization of the texture.

2. LITERATURE SURVEY

Li and Doermann, 2002, implement text-based video indexing and retrieval by expanding the semantics of a query
and using the glimpse matching method to perform approximate matching instead of exact matching.

Caroline et al., 2007, facilitate automatic indexing and retrieval of large medical-image databases, both images and
associated texts are indexed using medical concepts from the Unified Medical Language System (UMLS) meta-thesaurus.
They use a structured learning framework based on support vector machines to facilitate modular design and learning of
medical semantics from images. It presents two complementary visual indexing approaches within this framework: a global
indexing to access image modality and a local indexing to access semantic local features.

Cees et al., 2007, identify three strategies to select a relevant detector from thesaurus, namely: text matching,

ontology querying, and semantic visual querying for a given query. They evaluate the methods against the automatic search
task of the TRECVID 2005 video retrieval benchmark, using news video archive of 85 hours in combination with a thesaurus
of 363 machine learned concept detectors. They assessed the influence of thesaurus size on video search performance,
evaluated and compared the multimodal selection strategies for concept detectors, and finally discuss their combined
potential using oracle fusion.
Rong Yan and Alexander, 2007, describe the effectiveness of a video retrieval system that depends on the choice of
underlying text and image retrieval components. The unique properties of video collections (e.g., multiple sources, noisy
features and temporal relations) examine the performance of these retrieval methods in such a multimodal environment, and
identify the relative importance of the underlying retrieval components.

3. MATERIALS AND METHODOLOGY
3.1. GRAY LEVEL CO--OCCURRENCE MATRIX (GLCM)

Grey Level Co-occurrence Matrices (GLCM) is one of the earliest methods for texture feature extraction proposed
by Haralick , 1973. Since then it has been widely used in many texture analysis applications and remained to be an important
feature extraction method in the domain of texture analysis. Texture is one of the important characteristics used in identifying
regions of interest or objects in an image. GLCM is one of the statistical method of examining texture that considers the
spatial relationship of pixels is the GLCM, also known as the gray level spatial dependence matrix. The GLCM functions are
used to characterize the texture of an image by calculating how often pairs of pixel with specific values and in a specified
spatial relationship that occurs in an image.
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This created GLCM is then used for extracting statistical measures.. GLCM is a second order statistical feature
which contains information about pixels having similar gray level values in an image.
The properties or features extracted from normalized symmetrical GLCM are:
1. Energy or Angular second moment.
2. Correlation.
3. Homogeneity.
4. Contrast.
Energy parameter is also called as Uniformity. Energy measures textural uniformity, i.e., pixel pairs repetitions; when the
image patch under consideration is homogeneous (only similar gray level pixels are present) or when it is texturally uniform.
Energy is a feature that measures the smoothness of the image. Less smooth the region is, the more uniformly distributed Pij
and the lower will be the value of ASM.

Energy = EI IZNQ P; 2
1)

where Py is the ij’ "entry of the normalized co-occurrence matrix, Ng is the number of gray levels of the video frame.
Correlation is a measure of gray tone linear-dependencies in the |mage in particular, the direction under investigation is the
same as vector displacement. High correlation values (close to 1) imply a linear relationship between the gray levels of pixel
pairs. Thus, GLCM correlation is uncorrelated with GLCM energy and entropy, i.e., to pixel pairs repetitions. Correlation
reaches it maximum regardless of pixel pair occurrence, as high correlation can be measured either in low or in high energy
situations

Energy = Z; 12”9 P, 2
(2)

where Ly, My, Ox, and o, are the means and standard deviations of the marginal probabilities P,(i) and Py(j) obtained by

summing up the rows or the columns of matrix P;; respectively.

Homogeneity parameter also known as inverse difference moment measures image homogeneity as it assumes larger values

for smaller gray tone differences in pair elements. Homogeneity is a measure that takes high values for low contrast images.
Ng Ng

1
Homogeneity = Z Zm - Pij
=1 j=1 (3)

Contrast parameter measures the spatial frequency of an image and is difference moment of GLCM. It is the difference
between the highest and the lowest values of a contiguous set of pixels. It measures the amount of local variations present in
the image. A low contrast image presents GLCM concentration term around the principal diagonal and features low spatial
frequencies.

Ng Ng

Contrast = ZZU =

= 4
Sequence of steps that will be used for creating an index for video files and retrieval of video files are presented.
Step 1: The author of a video can create a description about a video file. This description can be placed in a text file.
The description can be as follows:
a. Name of the event, say cricket match, football match, interview with a person or entertainment movie, etc.
b. Names of the countries or names of the interviewed people (politicians, academicians, achievers), location of
sceneries (forest, river, rainy sky, disastrous situation etc).
¢. Commentator’s names.
d. Important advertisements.
Step 2: Feature creating software can be used if available to extract features from a video or software can be created
for extracting various important representative features from the frames of a video. In this research work, features
are created for the objects of a frame using region properties and texture properties. To extract the text portion from
a frame, region properties are used.
3.2. Dynamic Time Warping
One of the earliest approaches to isolated word speech recognition was to store a prototypical version of each word
(called a template) in the vocabulary and compare incoming speech with each word, taking the closest match. This presents
two problems: what form do the templates take and how are they compared to incoming signals.
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The simplest form for a template is a sequence of feature vectors that is the same form as the incoming speech. We
will assume this kind of template for the remainder of this discussion. The template is a single utterance of the word selected
to be typical by some process; for example, by choosing the template which best matches a cohort of training utterances.

Comparing the template with incoming speech might be achieved via a pairwise comparison of the feature vectors in
each. The total distance between the sequences would be the sum or the mean of the individual distances between feature
vectors. The problem with this approach is that if constant window spacing is used, the length of the input and stored
sequences is unlikely to be the same. Moreover, within a word, there will be variation in the length of individual phonemes:
’Canopy’ might be uttered with a long /A/ and short final /p/ or with a short /A/ and long /p/. The matching process needs to
compensate for length differences and take account of the non-linear nature of the length differences within the words. The
Dynamic Time Warping algorithm achieves this goal; it finds an optimal match between two sequences of feature vectors
which allows for stretched and compressed sections of the sequence.

4. RESULTS AND DISCUSSION
4.1.Feature representation for texts in a frame

Table 1. Appearance of text in a frame
Frames of different videos Text in a frame
SRILANKA

OILSHAN

IDBI FORTIS

NUMERALS

Cricket ball in motion

SERVO

DAIKIN

© 2014, VIRIS- All Rights Reserved Page -29



\\-‘// International Journal of Innovative Research in Information Security (JIRIS) ISSN: 2349-7017(0)

Volume 1 Issue 5 (November 2014) ISSN: 2349-7009(P)
UIRIS WWW.ijiris.com
EMIRATES
MONEY GRAM
&% CAUTION
KOREAN

The different texts that appear in a video can be exclusively mentioned as keywords in a text document that can be used for
retrieval of videos. Alternatively, the frame can be preprocessed and segmented followed by labeling of objects and getting
the bounding box of objects. The original contents corresponding to each bounding box can be used to find the presence of
text by using a template matching.

Step 1: A frame is read.

Step 2: The image is preprocessed and segmented suitably.

Step 3: The segmented image is labeled.

Step 4: By using region properties, bounding box of the segmented objects is obtained.

Step 5: The intensities corresponding to the bounding box are compared with the character templates to find out the

presence of characters in the image. These characters are combined in sequence to obtain a word.
Appearance of text in a frame is presented in Table 2.
4.2. Feature representation for audio track in the video

The audio is extracted by using video to audio process. The stereo track is converted into mono. The words in the
track are separated. The words present in thirteen videos are shown in Table 1.1.

Table 2. Words in videos

Video Video File Name WORDS EXIST IN VIDEO

Number

V1 011 (V1) Noisy

V2 011-8 (V2) Noisy

V3 Ct-Scanner-How It Works | Scanner, Medical, Receiver, Patients, X-
(V3) Ray, Medical.

V4 How Does —Mri-Works Hydrogen, Radio Frequency, Magnetic
(V4)

V5 Mri Animation (V5) Tissue, Bodies, Bone Fractures
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V6 Fmri-Experimentation Silence
With Virtual Reality
Application (V6)
V7 Introduction To Ct- Silence
Imaging (V7)
V8 Lung Cancer Video (V8) Silence
V9 Mri Of Brain (V9) Silence
V10 Real Time 3d Geometry Geometry, Video, Facial Expression,
(V10) Beautify Smile
V11 Simple Demonstration Of | Silence
Magnetic (V11)
V12 The Ct-Scan Process Silence
(V12)
V13 Voxel — Mri Dataset Silence
Rendering V(13)

Table 3.4. presents the different videos with available words And its helps us to retrieve, all the videos that contain a
particular spoken word.

Table 3. Presents important words in different videos
Words VIV [V ]|V4 V5 |V6 |V7 |V8 |V9 |VI10| Vil | V12 | V13
In Video 2

Scanner
Medical
Receiver
Patients
X-Ray
Bodies
Radio N
Freq.
Tissue N
Bone N
Fractures

Silence N N N N N N N

[EE

222222 W

Table 4. Sample wave file for words
Words Speech wave file
In Video
Scanner
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Medical
Receiver
Patients

5. CONCLUSION

In this paper, a system for texture feature extraction and audio feature are extracted of video frames using GLCM and
dynamic time warping method is presented. Video frames are extracted from the videos. The objects of the frames are
separated by using features. This GLCM approach provides texture of the objects, DTW approach provides extracted audio
and hence retrieval of objects and videos can be done efficiently.
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