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Abstract

In this paper, a novel algorithm for content-based video indexing and retrieval using key-frames texture, edge, and
motion features is presented. The algorithm extracts key frames from a video using k-means clustering based
method, followed by extraction of texture, edge, and motion features to represent a video with the feature vector. The
algorithm is evaluated on a database of three hundred and thirty five videos (collected from TRECVID 2005, Google,
and BBC) of four types. The performance of the proposed framework is compared with volume local binary patterns
(VLBP) method. The proposed algorithm outperforms well compare to VLBP method.
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1. Introduction

The availability of internet, quality recording, and huge
storage multimedia technologies with low cost, allows
a user to record a video and store it in a video
repository. There is an increase in demand, for an
efficient annotation and retrieval framework to
maintain the huge video repositories. A number of
content-based video indexing and retrieval
frameworks have been proposed in the literature. The
initial step in content-based video indexing and
retrieval (CBVIR) framework is, dividing a video in to
smaller portions known as video shots. A video shot
consists of a sequence of similar content frames
(Weiming Hu et al, 2011). The shot boundary
detection algorithms are helpful in separating a video
in to video shots. The main steps engaged in a shot
boundary detection framework are, the first step is
extracting features from each individual frame of the
video, then, compare the feature vectors of the frames,
to find the shot boundaries. Distinctive features used
for shot boundary detection are, color histogram
features (C. H. Hoi, L. S. Wong, and A. Lyu, 2006),
motion features (S.V.Porter, 2004), edge change ratio
features (Z.-C. Zhao and A.-N. Cai, 2006), and corner
points (X. B. Gao, ]. Li, and Y. Shi, 2006). The next step
in CBVIR framework is representing a video shot with
the features took from it. One of the methods employed
to represent a video shot is, extraction of key frame
followed by representing the video shot with the
features of the key frame. Unique key frame extraction
methods proposed in the literature can be noted in
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(R.Hamid et al., 2007; G. Lavee et al., 2009; ]. Tang et al.,,
2009; X. Chen et al., 2009).

The authors of (Bart Thomee et al, 2015)
introduced a benchmark dataset and discussed the
future challenges of multimedia data. One of the
statements given by the authors is that, there exist
huge amount of image and video data with less
metadata and erroneous annotations, and they claimed
that, proper annotation of the multimedia data as one
of the future challenges. In (Fillipe Souza et al, 2015),
the authors have introduced a new pattern based video
understanding method. A natural language description
of video segments has been introduced in (Niveda
Krishnamoorthy et al.,, 2013). The authors of (Pradipto
Das et al, 2013) have proposed a method useful for
describing a video segment with thousand frames with
few words. A content and concept based video retrieval
framework is introduced in (Jeffrey Dalton et al.,, 2013).
In (D.Sudha et al,, 2015), the authors have presented a
survey on different algorithms that are useful for video
retrieval by reducing the semantic gap between high
level and low level features. The authors of
(Muhammad Nabeel Asghar et al, 2014) have
presented a survey on different video indexing
frameworks. In (Hatim G. Zaini et al, 2014) have
introduced a content-based video retrieval framework
using multiple features and semantic concepts. In
(Matthijs Douze et al., 2010), a novel method based on
individual frame comparisons between query video
and videos in the video database has been introduced.
A framework based on one dimensional video distance
trajectories has been proposed in (Zi Huang et al,
2010). The authors of the paper (Shangfei Wang et al,,
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2015) have presented a survey on existing video
content analysis frameworks and projected the future
challenges.

Textures with motion are known as temporal
textures (Szummer, M., and Picard, R.W, 1996). In
(Szummer, M. et al,1996), the authors have introduced
a spatial temporal auto aggressive model useful for
temporal texture recognition. In (Lifeng Shang et al,
2010), the authors have proposed two new
frameworks for near duplicate video retrieval based on
spatiotemporal features using conditional entropy and
local binary patterns. (Chetverikov.D, and Peteri.R,
2005), have put forward a survey on dynamic textures,
and five types of extraction methods. (Fazekas.S et al,
2005), have compared the dynamic texture
classification methods based on normal flow features,
and complete flow features. (Smith.].R et al, 2002),
have proposed a novel method handy for video
indexing based on spatio-temporal wavelets. In (Ja-
Hwung Su et al, 2009), the authors have proposed a
method for content-based video retrieval based on
temporal patterns mining mechanism. A survey on
existing frameworks of near duplicate video retrieval
and future challenges have been presented in (Jiajun
Liuetal 2013).

2. Related Work

The texture based methods discussed in this section
are, local binary patterns (LBP), and volume local
binary patterns (VLBP).

2.1 Local binary patterns (LBP)

(Ojala et al,, 1996) have introduced the popular and
successful method of texture extraction, called local
binary patterns (LBP). The LBP value for a pixel
centered in a 3x3 patch of an image can be found by
comparing the value of it with the neighborhood pixels,
if the neighborhood pixel value is greater than center
pixel value, replace the neighborhood pixel value with
one, and otherwise replace with zero. By multiplying
the resultant 3x3 patch values with corresponding
binary weights and sum of products yields the LBP
value for the center pixel as shown in figure, Fig.1.

3x3 patch from animage 0 1 0
88 | 105 | 89 Threshold
1 1
96 95 | 118 |
1 1 1
220 | 181 | 166 Sum of dot product

8 4 2
16 1
32 | 64 | 128
LBP Value =245

Fig. 1. Example calculation of LBP value for a 3x3 patch

The same procedure is implemented in all the 3x3
patches of the image, which yields the texture image.

The histogram of texture image serves as the LBP
feature vector of the image.

2.2 Volume local binary patterns (VLBP)

(Guoying zhao et al, 2006), have extended the local
binary patterns method, and represented a video with
dynamic textures. Volume local binary patterns
method mainly based on extracting dynamic textures
from a sequence of three frames at a time. An example
computation of volume local binary patterns for a
3x3x3 cubic patch is as showed in figure, Fig.2.
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Fig.2. An example calculation of VLBP pattern value for
a 3x3x3 cubic patch

Applying threshold operation on four neighborhood
pixels of 3x3x3 cubic patch, then, sum of dot product
with the corresponding binary weights will yield the
volume local binary pattern value for the center pixel.

3. Proposed algorithm

In this section, the novel algorithm meant for content-
based video indexing and retrieval is introduced.
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Fig.3. Proposed framework

673| International Journal of Current Engineering and Technology, Vol.6, No.2 (April 2016)



M.Ravinder et al

Content-Based Video Indexing and Retrieval using Key frames Texture, Edge and Motion Features

The framework of the proposed algorithm is as
depicted in figure, Fig.3.

The first step in our framework is, from the input
video selecting ten key frames using k-means
clustering algorithm. The second step is extracting
texture, edge, and motion features from each of the key
frames, after extracting the features from all the ten
key frames the next step is concatenation of all the
features extracted to form the feature vector of the
video and index the video with the feature vector.

3.1 Key-frames extraction using k-means clustering
algorithm

The first step in our proposed framework is extraction
of ten key frames using k-means clustering algorithm.
The k-means clustering algorithm is useful to quantize
the n data items in to k groups of similar data items. A
set of data item (d1, d2, d3, ....... , dn) are given, where
all the data items are vectors of same size.

The k-means clustering algorithm consists of
following steps:

Step 1: Initialize k cluster center centers with the
randomly selected k data items from the given set of
data items.

Step 2: Assign the data items to their corresponding
nearest cluster centers.

Step 3: Find the mean of each cluster of data items, and
update the new cluster centers with the mean of
corresponding cluster of data items.

Step 4: Continue step 2 and step 3 until convergence of
cluster centers.

By using the k-means clustering algorithm as
explained above, the steps involved in finding the key
frames from the given input video are:

Step 1: From the input video extract the color
histogram of each frame and store them as set of
feature vectors.

Step 2: Apply k-means clustering algorithm and
partition the set of feature vectors to ten clusters.

Step 3: From a cluster of feature vectors, find out the
feature vector which is near to the corresponding
cluster center.

Step 4: After that declare the corresponding frame of
the feature vector as key frame.

Step 5: From all the ten clusters extract ten key frames
by applying step 3 and step 4 on each cluster.

3.2 Texture, edge, and motion features extraction

The next step in our proposed framework is extraction
of texture, edge, and motion features from the key
frames extracted in the previous step.

Texture, edge, and motion features of each key
frame are extracted by considering one frame at a time.
First we will apply the texture, edge, motion feature
extraction methods on first key frame after that the
same procedure is followed on all the remaining nine
key frames.

The procedure followed to extract the texture features
is:

Stepl: Divide the frame in to four equal parts
(approximately).

Step 2: On each part of the frame extract local binary
patterns.

Step 3: Concatenate all the features extracted in step 2,
to form the texture feature vector of the key frame.

The procedure followed to extract the edge features
of a key frame is:

Step 1: On the input key frame apply the two sobel
filters (3x3 filters) which results in two images (X, Y).
Step 2: By using the resultant images of step 1, find the
direction of each pixel by using tan-(Y/X).

Step 3: Find the histogram (edge features) of resultant
image of step 2.

The procedure followed to extract motion features
of a key frame is:

Step 1: For the input key frame kf find either kf-10 th
frame (if kf+10 > Number of frames of the video), or
kf+10 th frame.

Step 2: Find the absolute difference between two
frames.

Step 3: Find the histogram (motion features) of
resultant frame of step 2.

After extracting texture, edge, and motion features
of all the ten key frames, the feature vector of the video
is formulated by concatenating all the extracted
features of ten key frames.

The same procedure is applied to all the videos in
the database, and for a query video. The resultant
feature vector of the query video is compared with the
feature vectors of the videos in the video database,
with the help of Euclidean distance measurement
algorithm, which results in retrieval of videos from the
database.

4. Experimental results

To implement the proposed algorithm, a video data set
of three hundred and thirty five videos, in which
seventy two boat, eighty car, and one hundred and
forty eight air-plane, and thirty five war tank videos
are there. The data set is available at
(http://vision.eecs.ucf.edu/projects/arslan/vidmatchi
ng/index.htm).

The experimental results of our algorithm
compared with existing method volume local binary
patterns (VLBP). Precision and recall measures are
used to evaluate the retrieval performance, which are
calculated using the following equations (2), and (3).

true positive

precision= — — (2)
true positive + false positive
true positive
recall = — p - (3)
true positive+ false negative

The experimental results of the proposed framework,
and the existing method VLBP, are as shown in table 1,
and table 2.
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Table 1 Precision (N=5) (%) (Top 5 retrieved videos)

Category VLBP Proposed Framework
Boats 46.94 52.5
Cars 47.75 60.5
Air planes 58.78 75.68
War tanks 36 44.57
Average value 47.3675 58.3125

Table 2 Recall (N=35) (%) (Top 35 retrieved videos)

Category VLBP Proposed Framework
Boats 16.98 15.24
Cars 15.36 19.08
Air planes 10.57 14.38
War tanks 15.97 19.84
Average value 14.72 17.135

The average precision, and average retrieval rate, of
our proposed method and the existing VLBP method,
are graphically as shown in below figures, Fig.4, and
Fig.5.

110 T T T T
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Fig.4. Comparison of proposed method with existing
method VLBP in terms of average precision
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Fig.5. Comparison of proposed method with existing
method VLBP in terms of average retrieval rate

Conclusions

In this paper, a novel framework has been introduced
based on key frames texture, edge, and motion

features, meant for content-based video indexing and
retrieval. The algorithm is tested on the data set of
three hundred and thirty five videos and the
performance of the proposed framework compare to
existing method VLBP is reasonably good.
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