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Abstract: Temporal video segmentation is the primary step of 

content based video retrieval. The whole processes of video 
management are coming under the focus of content based video 
retrieval, which includes, video indexing, video retrieval, and 
video summarization etc. In this paper, we proposed a 
computationally efficient and discriminating shot boundary 
detection method, which uses a local feature descriptor named 
local Contrast and Ordering (LCO) for feature extraction. The 
results of the experiments, which are conducted on the video 
dataset TRECVid, analyzed and compared with some existing shot 
boundary detection methods. The proposed method has given a 
promising result, even in the cases of illumination changes, 
rotated images etc. 
 
Keywords: Shot Boundary Detection, Video retrieval, LCO, 
Abrupt Transition, Local descriptor 

I. INTRODUCTION 

The superabundant use of internet and mobile phones causes 
the bountifulness of video repository. As this becomes 
bountiful, the analysis and management of video, become a 
laborious task. All these tasks on video data together called 
Content Based Video Retrieval (CBVR). Since shot is the 
basic building element of a video, the elementary step of this 
CBVR is shot boundary detection or video shot 
segmentation. A shot is a group of continual frames of video, 
which is captured by a camera uninterruptedly. The general 
structure of a video is shown in Fig. 1. An inevitable step for 
managing the large video databases is video segmentation. 
Temporal video segmentation is the process of dividing the 
video into different shots, which is manageable in size and 
properties. The SBD is a part of video segmentation, by 
which, we are trying to find the particular position, where a 
shot transition is taken place in the input video. In other 
words, the shot boundary, in which, an end of one shot and 
the start of next short will exist. The transition is a cut or 
abrupt transition (AT), if these two boundary frames are 
consecutive. Fig. 2 Shows a sample frames of cut transition. 
If the transition is followed throughout a number of frames, 
then it is gradual transition (GT). This is takes place by the 
graphical effects which is applied manually to the video. This 
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can be in different forms, wipe, dissolve, fade in/out. To 
perform the task SBD, we have to consider the basic element 
of a shot named frames. Each frame of a video is an image, 
so, as it is composed of a set of features, which are the 
information relevant for solving the computational task 
related to a certain application. So the preliminary and 
prominent step of this SBD is the extraction of features from 
consecutive frames of input video. Researchers under this 
promising area of computer vision are using either global or 
local features or both in their research. Global features 
represent the image as whole. Whereas, local image features 
consider the patches of image to describe the image and is 
more robust in nature. For both global and local features the 
classifiers also different, as nature of the feature is different. 
 

 
Fig. 1 General structure of a video 

 
Even the computational complexity is high in the case of 
local features, as it gives more details about the image; 
researchers are widely using these local features in the area of 
image matching. Some of them are mentioned here in the 
literature. Junaid baber et al.[1] presented a framework for 
video segmentation using entropy as global feature and for 
fade detection SURF as local feature. They have shown a 
promising result for video segmentation. Local features can 
extract maximum details about the image, as it is considering 
the small parts of image, rather, image as whole in global 
feature extraction. More number of proposals [2],[3],[4-6], 
like SIFT, SURF and modifications of these, were come out 
based on this local features in this area. Conspicuous 
performance has been given by SIFT [2] descriptor.  
So many extensions of this SIFT descriptor is introduced 
based various applications. PCA-SIFT introduced by [9], 
used PCA for dimensionality reduction in SIFT descriptor. 
Enhanced version of SIFT by using log polar location grid, 
named GLOH (Gradient Location and Orientation 
Histogram), is recommended by [8].  
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By the use of integral images the reduced computational 
complexity descriptor, Speeded Up Robust Feature (SURF) 
introduced in [5]. ASIFT is another enhanced version of SIFT 
[10], which deal with the view change in image matching. 
Singular Value Decomposition (SVD) updating is used with 
adaptive feature extraction in [11]. In order to identify hard 
cuts, double thresholding technique is used as classifier. SVD 
updating for gradual transition detection employed, which 
warrants the reduction in time complexity. Yoo et al. [12] 
suggested the variance distribution of edge information as 
feature for gradual transition detection. By considering a 
block of frames, the edge strength is extracted using 
orthogonal vectors by [13]. This approach oversees the 
effects of fast motion and lighting in the video. 
A well founded image matching is done with a new 
descriptor; Sampling based local descriptor (SLD) in [14]. 
The sampling is performed using elliptic equations. The 
method is invariant to the deformations like scaling, rotation, 
view change etc. but not fully invariant. Matching 
performance of aforementioned descriptors is good, but, in 
real time applications, they are inefficient. In order to defeat 
the problem with illumination changes, rather than the raw 
intensities of pixels, order of the pixel based feature 
descriptors [18] were introduced. Due to its discriminative 
ability, intensity ordering patterns are popular in the area of 
visual analysis. 
 Wang et al. [15] suggested a local intensity order pattern 
(LIOP) to encode the order pattern among the pixels located 
at a fixed radious. Another order based descriptor, named, 
interleaved order based local descriptor (IOLD) is 
recommended by Dubey et al. [16]. In this, a set of 
interleaved local neighbours of each pixel is considered for 
creating the descriptor. The matching performance of these 
order based approaches is high, but, computational 
complexity and expense are also high. So, a new descriptor, 
which is simple in computation and less expensive, is 
required in the area SBD.  

 

 
Fig.2 Sample frames of a cut transition 

Here, in this paper, we have made use of a local descriptor 
named,   Local Contrast and Ordering (LCO)[28], which is 
very simple and more efficient. Image matching, which 
locates the correspondences between two frames of the video, 
based on these extracted feature vectors, is the next step of 
SBD. In order to make point correspondences between two 
images, here it is the frames of video, feature matching is 
performed. Finally the classification will be done according 
to this correspondence. In the proposed method, Euclidian 
distance, the fast similarity/dissimilarity matric, is used for 
comparing the images. Lastly, the transition or no-transition 
in the shot is decided by this comparison with the help of 
some threshold. Rest of this paper is ordered as follows. 
Section 2 gives a short literature about the shot boundary 
detection process and different feature descriptors. The 
proposed SBD method is explained in section 3 followed by 
the results analysis in section 4. Finally, concluded the paper 
in section 5. 

II. LITERATURE REVIEW 

Gargi et al.[20] had given a detailed analysis on SBD 
algorithms. Mainly they focused on color histogram based 
approaches and proved that it is one among the best methods 
for abrupt transition detection. They also considered 
compressed domain techniques like MPEG algorithms in 
their review, since the compressed domain has become 
ascendant in video analysis. The temporal video 
segmentation in compressed domain extracts the features 
from DCT coefficients and motion strength [21-23]. 
However, computational efficiency is high whereas, the 
histogram approaches are better in performance. In the last 
decades, researchers were more attentive in fuzzy logic for 
video segmentation. The combination of fuzzy logic and 
genetic algorithm is used in [24]. The membership function 
of the fuzzy system is calculated using genetic algorithm, 
which uses pro-observed actual values for SBD. Final 
classification is done by fuzzy system. A genetic algorithm 
search heuristic is used for optimization in [25], in which, no 
direct threshold used. Edge change ratio metric is used to 
describe the detection process. Recently D.Asha et al.[26] 
proposed a novel method towards SBD, using multiple Haar 
transform features. A procedure based Shot detection 
algorithm is used for identification of shot transition. Result 
shows the better performance of this method. A method, 
particular to dissolve detections suggested by Chong wangh 
[27]. A dissolve pattern description by Gabor wavelet 
features and dissolve selection by cut detection in low 
resolution are showing the novelty of this work. Finally, 
classification of shot done by SVM. Birinci et al. [19] 
proposed a generic fast SBD method, which follows the 
human perceptual rules. Abrupt as well as gradual transitions 
are considered by extracting local features. Local features can 
give maximum details about an image. Reduced time 
complexity is the main highlight, achieved by eliminating the 
redundant computation. 
With the help of geometric and photometric transformation, 
the relation between two different frames of a shot can be 
identified. Local image features can be used to achieve this 
through three step process; initially, by using detectors, 
extract the interest points from images. Secondly, every 
interesting point with their neighborhood is represented by 
distinctive descriptor vector. Finally, the correspondence 
between image pair is identified by matching these descriptor 
vectors. Though there are a number of local image features 
available, it is indeed that selecting a feature descriptor which 
is fully invariant to illumination changes, rotation, scaling 
and changes in view point is a great challenge in the area of 
content based video processing.  
Many researchers were approached image matching with 
binary patterns, which are fast and meet the real time 
demands. Local Binary Pattern and its multiple extensions, 
Binary Robust Independent Elementary features (BRIEF), 
ORB, modified BRIEF etc. are examples of binary pattern 
based descriptors. An Ultra Short Binary (USB) descriptor is 
introduced by Shiliang shang et al. [17], which is a 24 bit 
binary descriptor. Fast image matching and indexing is 
achieved by this feature. Though the descriptors are very fast 
in computation, the problem with large distortions still exists 
in these binary descriptors.  
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As we discussed in the introduction, though the local features 
like SIFT, SURF and SLD are invariant to scaling, rotation in 
some extend, they are not sufficient for solving the 
illumination change problems. Order based descriptors like 
LIOP, IOLD  are considering the illumination changes and 
showing high matching performance. But, the complexity in 
computation is a drawback for them.  
Motivated from all these discussions, we have used a simple 
and discriminant descriptor, Local Contrast and Ordering 
(LCO) in our SBD method. It is an order based local 
descriptor proposed by J. Duo et al. [28], which satisfies the 
computational cost and matching accuracy. 

III. PROPOSED METHOD 

After extracting the frames from video, we have to extract the 
features from those frames. Even feature extraction methods 
are plenty, each one is lacking in some characteristics. 
Choosing a befitting feature extraction method is a challenge 
not only in shot boundary detection, but, in other vision based 
algorithms. Invariance of a feature descriptor in different 
distortions is prioritized one, which should be taken care of. 
Histogram oriented features, like HoG, edge oriented 
histogram; Transformation based features like DWT, DCT; 
Texture based features like GLCM; Binary pattern based 
features like LBP, LTP, BFRIEF, ORB; local features like 
SIFT,SURF etc. are the customarily used feature descriptors 
for image matching in Shot Boundary Detection. Some of 
features like SIFT, are computationally complex. Some are 
not fully invariant to distortions, some are not fast in 
computation, and some are not efficient enough to deal with 
real time demands. 
Here, in this paper, we are using a local descriptor named, 
Local Contrast and Ordering (LCO), for feature extraction, 
which is very simple, invariant to distortions like illumination 
changes, rotation, scaling etc. and discriminating one. We are 
making use of these characteristics of C in our SBD process. 
Initially, the extracted frames of input video will be 
converted to gray scale. Then divide each frame into N equal 
sized non overlapping region of interest. Then for each 
region, calculate the LCO feature vector separately and 
finally combine the LCO vectors of each ROI into a single 
feature vector for ith frame. 
The calculation of LCO descriptor for a region of interest in a 
frame is as follows: 
Step 1: Identify the point of interest q0. 
Step 2: Define the Region of Interest (K), with m x m window, 
surrounding q0 
Step 3: Divide the K equally into n x n sub-regions, K1, K2, 
K3,…….., Kn x n.  
Step 4: Calculate the intensity difference of each pixel qi in K 
as,  

  (1) 
Step 5: Create two containers to store the qis in K based on 
the sign of this D(qi), Dplus and Dminus. 
Step6: Sort the contents of Dplus and Dminus. 
Step 7: Give the ordering of pixels based on the D(qi) values. 
Step 8: To get the exact ordering, 
 Do the convolution with an isotopic filter for the pixels 
with same D(qi) value. 
 No change is required for the pixels with different D(qi) 
value. 
Step 9: Segment the pixels in Dplus and Dminus equally into d 
intervals according to the ordering. d=3 chosen. 

Step 10: Frame the LCO(Pi) for  a sub-region as, 
   

   (2) 
 
 
Step 11: Store the number of LCO(Pi)s in each category(+1 
to -3) in different bins of a histogram. So, each sub region Ki 
could be represented by a histogram with 6 bins.  
Step 12: Combine all sub-region histograms together as in 
equation (3), and normalize it to a unit vector to increase the 
robustness. 
 

 
                      (3) 
Further, find the collective LCO vector for the entire frame.  
After calculating the feature descriptor for every frame in the 
input video, the next step is image matching. In which, 
comparing the consecutive frames of video to identify the 
shot transition. The comparison can be done with similarity/ 
dissimilarity measures. Commonly used measures are Sum of 
Absolute Difference, Euclidean distance, histogram 
difference etc. In our method we used familiar Euclidean 
distance which is faster in comparison. The Euclidean 
distance, ẟ(ft,ft-1), between two adjacent frames, ft and ft-1,  is 
calculated with the equation (4). 

         (4) 
Where, N is the number of elements in the LCO descriptor 
vector of each frame, ft(i) represents the ith element of the 
LCO vector of tth frame. 
Next, an adaptive threshold, Thlco, is calculated from these 
distance values using the equation (5). Then compare the 
ẟ(ft,ft-1), of adjacent frames with this threshold to locate the 
cut transition. A cut will be declared, if the ẟ(ft,ft-1), of 
adjacent frames are greater than the Threshold. 
 
 
 

   
 (5) 
 
Where, m is the number of frames in the input video, and this 
threshold is adaptive and is a percentile value of maximum 
difference. 

IV. RESULTS AND ANALYSIS 

For analysis of our method we have used TRECVid dataset. 
Four videos, which include different types of distortions like, 
illumination changes, rotation, scaling, zooming etc., are 
specifically chosen from the entire dataset. Videos chosen for 
experiment are represented as V1 to V5. The description of 
these videos is given in the 
table 1. 
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In order to show the performance of our approach we have 
compared our method with three other well-known 
approaches, Scale Invariant Feature Transform, Speeded Up 
Robust Features and color histogram approach. Comparative 
result is shown in table 2 and table 3. The result shows that, 
the LCO feature based method is giving better result than 
other three feature based methods. Our method correctly 
detecting the shots even in the cases of large illumination 
changes, view changes, scale changes and rotation. As we are 
using only the ordering and sign of intensity values, the time 
complexity is also very less. 
We have evaluated the results with two different measures, 
recall and precision using the equation 6 and 7 respectively. 
 

Table 1:. Description of video sequences 

 
 

Table 2: Ground truths, Cuts detected and False 
Positives of individual methods 

 
Table 3: Comparison of Recall and Precision of SIFT, SURF, 

Histogram and LCO 
methods.

 

 

  
 (6) 
 

     (7) 
 
Recall and precision values of our approach is compared with 
other three methods in table 3. As this LCO descriptor is very 
simple to establish, the computational efficiency is very high.  

Further, we have analyzed the experiment with two 
parameters, n and d. n is the number of sub regions in the 
local region and d is the number of ordering intervals. The 
value of d is taken as 3, same as in [28]. We have done the 
experiment with the n values 3, 4 and 5. The recall and 
precision comparison is shown in Fig 4-6. Recall of n=4 and 
n=5 are similar but when n=3 it is very less. The accuracy of 
this approach is proportional to the value of n, but, if we 
select high n value then the LCO descriptor dimension will 
increase and computation time so as. So we have chosen n=4 
for our experiment. Thus the dimension of LCO descriptor is 
96, but it is 128 for both SIFT and SURF. So the 
computational time is less when compared to other methods. 

V. CONCLUSION 

The proposed method for short boundary detection using 
texture based descriptor LCO. The LCO descriptor possesses 
very discriminative nature which is very useful in identifying 
shot boundaries. Besides, the shot boundary detection 
became a light weight process as LCO follows minimum 
computation overhead. The extensive experiments show that 
this method outperforms the existing methods for SBD. The 
publically available data sets are used in this method to 
facilitate repeatability of experiments.  Our method improves 
the accuracy of the SBD. As a future work, need to device 
methods to reduce computational cost without compromising 
accuracy of SBD. 
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Fig. 4 Comparison of Recall and precision values when n=3, d=3 for LCO 

 
Fig. 5 Comparison of Recall and precision values when n=4, d=3 for LCO 

 
Fig. 6 Comparison of Recall and precision values when n=5, d=3 for LCO 
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