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Abstract

Over recent years, video has become one of the most important means of communication. This is due to the rapid growth in network
bandwidth and device storage capacity. The management of video databases therefore requires efficient video analysis methods. Video
shot boundary detection (SBD) is considered an essential step in a wide range of video analysis processes such as video browsing,
indexing, retrieval and summarization. Many SBD methods have been proposed; however, accuracy in the detection of shot boundaries is
still unsatisfactory. In this paper, an efficient SBD method is proposed. The proposed method consists of two stages: identification and
verification. In the identification stage, candidate shot boundaries are identified based on a modified Artificial Bee Colony (ABC)
algorithm. In the verification stage, the global and local features of frames are extracted to verify the shot boundaries. Fuzzy histograms
are utilized as a global feature while features from Fast Accelerated Segment Test (FAST) corner detection is implemented to extract

interest points as a local feature. The proposed method has shown highly accurate results.

Keywords: Shot boundary detection, Artificial Bee Colony, Fast Accelerated Segment Test, Fuzzy Histogram.

1. Introduction

The rapid growth of network bandwidth and device storage
capacity has led to an explosion in the use of video data, which are
now widely used in many applications such as video on demand,
video conferencing and distance learning. This growth has
motivated the development of efficient tools for video indexing,
search and retrieval [1].

The basic unit in video structure is called a shot. A video shot can
be defined as a sequence of consecutive frames taken from a
single camera. Thus, in order to analyse video structure, video
shots must first be obtained by temporally segmenting a video
sequence. The process of detecting video shots concentrates on
locating the boundaries between shots. This process is known as
video SBD [2].

Depending on the type of transition from one shot to another, shot
boundaries can be categorized into two types. The first type is a
cut transition (CT), in which the transition between two successive
frames occurs due to an abrupt change in terms of specific
features. A gradual transition (GT), in contrast, proceeds by steps
or degrees. GT can be further classified into dissolve, fade and
wipe. In dissolve, the last frames of the current shot are temporally
overlapped with the first frames of the next shot. Fade occurs as a
fluid change in the brightness of the frame that continues until the
frame is black (fade out), whereafter the black frame smoothly
turns into the next shot (fade in). Finally, in wipe, the appearing
and disappearing shots are interchanged in the transitional frames
until the appearing shot completely replaces the disappearing one
[3-4].

Artificial intelligence (Al) is one of the best-known computer
science research fields. Al is defined as the study of intelligent
machines that perceive environmental conditions and take
appropriate decisions to maximize their chances of achieving a
solution to a given problem. The ABC algorithm has been proven
as a successful optimizer for numerical problem-solving, which
has motivated researchers to apply ABC to a range of other
problems, including integer programming problems, binary
optimization, combinatorial optimization and machine learning
[5].

The basic idea behind SBD is to locate discontinuities in the visual
content of a frame. SBD has attracted considerable research
attention of late, and a number of methods have been presented.
Most of these extract specific features from frames and compare
the extracted features in order to locate the presence of shot
boundaries [6].

Due to existing of various video types beside to other factors such
as change in video illumination, video analysis is a challenging
task. As SBD is a critical step in most video analysis processes,
accurate SBD approaches are still required. In this paper, an
efficient method of shot boundary detection is proposed. The
method makes use of a modified ABC algorithm to identify
candidate boundaries. Afterward, a combination of the FAST
algorithm and fuzzy histograms is implemented in order to verify
candidate boundaries.

The remainder of this paper is organized as follows: Section 2
introduces the background and related concepts. Section 3 reviews
the existing body of literature. In Section 4, the proposed method
is described. This is followed by a discussion of the experimental
results in Section 5. Finally, Section 6 sets out the conclusion.

Copyright © 2018 Authors. This is an open access article distributed under the Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



http://www.sciencepubco.com/index.php/IJET

International Journal of Engineering & Technology

637

2. Background
This section presents the concepts that are used in this paper.

2.1. Artificial Bee Colony (ABC) Optimization

Optimization is a critical issue in the field of artificial intelligence.
Optimization problems are widely present in control engineering,
information science, industrial design, and other fields. Their
prevalence has translated into a great deal of attention being paid
to optimization algorithms. Such algorithms are classified into
population-based algorithms, deterministic algorithms and non-
deterministic (stochastic) algorithms [7] [8].

In population-based algorithms, each population member
cooperates with other members in the population in order to
improve solutions. Population-based algorithms are subdivided
into evolutionary algorithms or swarm intelligence-based
algorithms. Swarm intelligence-based algorithms are inspired by
the intelligence of swarms, which can organize themselves
systematically and intelligently. Swarm intelligence-based
algorithms such as the genetic (GA), particle swarm optimization
(PS0O), ant colony optimization (ACO) and artificial bee colony
(ABC) algorithms are simple, easy to implement, scalable, fault-
tolerant and effective [9].

Among these algorithms, ABC, which was proposed by Karaboga
in 2005, has proven to be effective at achieving global
optimization. ABC employs a small number of control parameters,
which advantage has led to the recent application of the algorithm
to the solution of several problems, such as image segmentation.
The ABC algorithm is inspired by the behaviour of swarms of
bees, and is based on the means by which bees search for the
optimal food source. In the context of this study, the location of
the food source is analogous to the location in the search space,
while the quantity of nectar in the location is analogous to the
fitness of the candidate solution [10].

ABC simulates three types of bees: foragers, onlookers, and
scouts. In ABC, each forager modifies its position in the search
space. Onlookers randomly modify the position of foragers and
move to a new position if any such random modification improves
the forager. Scout bees replace foragers if there is no improvement
after a number of modifications [9].

ABC has been found to excel at exploration, but be less effective
at exploitation. In order to improve the ABC algorithm, a number
of modifications on the original algorithm have been presented.
The improved discrete ABC (DABC) algorithm is proposed in
[10]. The resultant algorithm has been used to solve hybrid
flexible flowshop problems with dynamic operation skipping. In
DABC, the local search strategy is modified to improve the
exploitation ability of standard ABC. The first step in DABC is
initialization of the population, followed by the evaluation of each
solution within the initialized population to identify the optimal
solution. The third step is the employed exploitation task using a
hybrid neighbourhood structure. The fourth and fifth steps are
onlooker and scout phases, respectively. In the sixth step, the
proposed local search is applied around the food sources that have
been selected thus far. The heart of the modification in DABC lies
in the process of exploitation. The enhanced local search depends
on randomly generating new positions for the current solution
based on a skipping neighbourhood structure, which ensures good
exploitation and exploration.

In [11], the authors adopt the concept of particle swarm
optimization (PSO) to present a method known as gbest-guided
ABC. The method incorporates the global best information into
the solution search Equation, which improves the exploitation of
the original ABC algorithm. The authors argue that gbest-guided
ABC outperforms the original ABC algorithm. Another
modification of ABC is proposed in [12], in which a quick ABC
(gABC) algorithm modifies the behaviour of onlooker bees in
order to improve the local search of the original ABC. In gABC,

onlooker bees choose food sources in a manner that differs from
that used by forager bees to determine the best food sources,
while, in the original ABC algorithm, both onlooker and forager
bees determine food sources in the same manner. The proposed
modification to the way in which onlookers select food sources
depends on search-in-the-neighbourhood  solutions.  The
neighbourhood area is defined in relation to the structure
similarity measurement using the mean Euclidean distance.

In [13], a multi-swarm ABC (MABC) is proposed for dynamic
optimization problems. As the optimal solution in dynamic
problems changes over time, and the standard ABC lacks the
ability to detect that change, the author proposes a strategy to
detect such changes in the environment. The detection strategy
calculates the best bee fitness in every generation, and uses that
fitness as a baseline. Thereafter, changes are detected if
differences become apparent between newly detected fitness and
the baseline, indicating that the previous best fitness has been
degraded. The second modification to standard ABC is to divide
the population into several sub-swarms during the initialization
phase. A further modification proposed by MABC relates to the
strategy of the current solution in the current sub-swarm. MABC
is claimed to be superior to standard ABC in relation to the speed
of convergence.

2.2. FAST Corner Detection

Interest points (or, interchangeably, corners) in an image are
pixels that occupy certain positions and can be repeatedly
detected. The detection of interest points is the process of locating
the positions of these points. Interest point or corner detection is
utilized to extract important features from an image; these features
are beneficial in several applications such as image matching and
object detection in video sequences [14].

Several well-known algorithms are used to detect interest points,
including the Moravec, Harris, SUSAN, and FAST corner
detection algorithms. FAST was proposed by Rosten and
Drummond, and has as its principal advantage its excellent
computational efficiency compared to other interest point
algorithms, such as Harris and SUSAN [15].

2.3. Fuzzy Histogram

Image histogram is simply a representation of the occurrence of
grey level frequencies in an image. It is considered a global image
feature, and is primarily utilized in order to obtain a global
description of an image. Image histograms are widely used in
image processing operations such as image enhancement [16].

In 1965, Lotfi Zadeh introduced the concept of fuzzy sets. A fuzzy
set is a generalization of a classical (crisp) set. Since the
introduction of the concept, it has been widely incorporated in
multiple research fields in order to improve results. Its ability to
do so lies in the fact that it allows an element to be a member of a
set with a certain degree using a specific membership function.
Fuzzy histograms are therefore able to introduce more accurate
results than classical histograms [17]. In summary, the fuzzy
histogram is a generalization of the crisp histogram and replaces it
in many applications.

2.4. Evaluation Criteria

In order to evaluate shot boundary detection methods, two basic
metrics are usually utilized: precision and recall. In general,
precision is defined as the proportion of relevant information
returned by the system as in Equation (1). Recall, on the other
hand, is defined as the proportion of all the relevant information
that is returned by the system as in Equation (2) [18].

s )

Nc+Ny

Recall =
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Where

Nc : the number of shot boundaries that are correctly detected.

Nw : the number of shot boundaries that are missed in the detection
process.

N : the number of shot boundaries that are falsely detected.

3. Related Work

This Section presents several approaches found in literature that
are related to the proposed method. In [19], an SBD method based
on performance analysis of multiple colour histograms is
proposed. In the proposed method, shot boundaries are identified
by computing the histogram differences between successive
frames in several colour spaces using assorted difference
measures. The authors conclude that the histogram intersection
technique performs better than other histogram techniques.
Another method for SBD is presented in [20], and employs the
hidden Markov model (HMM) to discover shot boundaries. It
categorizes video frames into abrupt transition region, gradual
transition region and non-transition region. This method consists
of two steps: training data to train the parameters of HMM, and
testing video based on HMM.

In [21], the proposed SBD method relies on a binary k-NN
classifier to identify shot boundaries. The method, however,
suffers from computational complexity. In [13], the authors
propose a method in which a support vector machine (SVM)
algorithm is utilized to classify video frames into normal frames,
cut transitional frames and gradual transitional frames. This
method requires vast amounts of memory and computing power
due to the presence of numerous training samples. A new fast
framework that strives for a balance between detection accuracy
and performance is proposed in [22]. In this method, the first step
detects non-boundary segments and focuses on segments
containing shot transitions, which are preserved for further
detection as a second step.

In [23], the authors propose a method based on a hybrid feature
set, which they use as a model for the frame. The hybrid feature
set contains frame transition parameters and estimation errors
based on global and local frame statistics. The global statistic here
is the colour histogram, while the local statistics include edge
strength scatter matrix and motion matrix. This method has been
found to be efficient and works well on a variety of benchmark
videos. Birinci and Kiranyaz have suggested a strong method for
fast and accurate shot boundary detection where the entire design
depends on human perceptual instructions and the familiar ‘visual
information-seeking mantra’ [24]. The proposed method can be
used for discovering all types of piecemeal transitions as well as
acute changes. Furthermore, the proposed method is fully generic,
and can be utilized with any video content without the need for
advance training or tuning.

A technique combining local and global feature descriptors to
obtain the temporal characteristics of videos is proposed in [25].
In this technique, an adaptive threshold is used. Moreover, the
candidate segment selection and transition pattern analysis are
executed by the variation score between video frames. The
experimental result refers to good computational efficiency.
Finally, Fanan and Khobragade in 2016 proposed a video shot
boundary detection method that achieves the condition of real time
applications. This method uses a pre-processing scheme prior to
shot detection, which includes SVD and candidate segment
selection [26].

There are many SBD approaches have been proposed in literature;
however, the accuracy of SBD still needs to be improved. In the
following Section, the proposed method is elaborated.

4. Proposed Method

As is clear from Figure 1 below, which shows the block diagram
of the proposed method, there are two major stages: identification
and verification. After extracting the frames from the input video,
the identification stage commences, which is followed by the
verification stage. The following subsections present the details of
each stage.

Extract frames from input video

Identification stage:
Identify candidate boundaries using
SAIABC

Verification stage:
1. Extract fuzzy histogram
2. Extract interest points using FAST

Fig. 1: Block diagram of the proposed method
4.1. ldentification Stage

In this stage, candidate shot boundaries are identified using a
modified ABC optimization algorithm. Standard ABC has been
proven to be competitive in comparison to other swarm-
intelligence algorithms; however, despite performing well in terms
of exploration, it is less effective at exploitation [11]. This
occasionally results in ABC getting stuck at a local optimal
solution. Hence, the proposed modified ABC adopts the idea of
accepting a worse solution, which originated in the well-known
combinatorial optimization algorithm, simulated annealing (SA).
The SA-Inspired ABC (SAIABC) performs the local search that is
used by SA - rather than greedy search — to enhance the
exploitative capabilities of the original ABC. SA is a
metaheuristic technique used to find the optimal global solution to
a given problem. In SA, the risk of accepting a worse solution
with a probability given by Boltzman distribution [27]. Algorithm
1 demonstrates the pseudo code of accepting the worse solution in
a certain probability. Algorithm 2 shows the pseudo code of
SAIABC. Algorithm 2 invokes Algorithm 1 whenever the
obtained solution is worse than the old one.

Uijz xu+ Tand(xi}-—xkj) (3)
_ FiY
Pi - 2{\1:1 Fit; (4)
. if ;=0
Fit;={ 1+fi ‘- (5)
1+abs(f;) iffi<O
Py = Do 1+ cos ((Itev;/Maxiter) ) (6)
Where

v;; - new solution that is found by employ bees by local search
around i"" food source ,i=1, 2, ..., SN (source food number).

x;; - upper bound of dimension j.

x; - lower bound of dimension j.

P; : represents the amount of food source nectar.

Fit; : fitness value of i solution.

Dq : acceptance probability.

p, - initial probability.
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In canonical ABC, a new solution is randomly obtained by
Equation (3) before being evaluated by Equation (5). Standard
ABC applies a greedy algorithm to find a better solution, meaning
that it accepts a new solution as the best solution if it is better than
the old one, regarding of fitness function, and keeps the old
solution if the new one is worse. This methodology holds a
considerable risk that the algorithm will stick to a local optimum
solution. On the other hand, in SAIABC, instead of making use of

a greedy algorithm, a worse solution is accepted within a certain
probability. This acceptance probability is computed by Equation
(6), as shown in Algorithm 1.

In identification stage, video frames are read and SAIABC is
applied in order to obtain frames (candidate frames) that have a
high probability of being shot boundaries. The identified frames
need to be verified to be either real boundaries or identified
because of illumination or camera motion effects.

Algorithm 1: Pseudo code of accepting of worse solution

Input : x;, v;, trial;, p,
Output : x;

1- If v;is better than x;

i. Calculate p, using Equation (6)
ii. If r<pg,then //risarandom real no. [0-1]

2. trial;=trial; + 1

1. trial; =trial; + 1

i. X; = U;
ii. trial; =trial; + 1
2- Else
1. X; = U;
iii. Else
iv. Endif
3- Endif

Algorithm 2: Pseudo code of SAIABC

Input : N, Maxiter

Output : Best Solution

4- While Iter < Maxiter do

probability

iX. lter=lIter+1
5- End While
6- Return the best solution

1- Generate initialize population
2- Evaluate fitness of population using Equation (5)
3- Iter=1

i. Send employed bees to produce new solution as in Equation (3)
ii. Evaluate new solution
iii. If new solution is worse then
Apply algorithm 1
iv. Calculate probability using Equation (4)
v. Send onlooker bees to produce new solution depending on

vi. Evaluate new solution
vii. If new solution is worse then
Apply algorithm 1
viii. Memorize the best solution found so far

4.2. Verification Stage

After identification of candidate frames, the second stage,
verification, is performed. In the verification stage, the candidate
frames are double-checked. In the first check, each candidate
frame (F;) is compared with the previous frame (F;_;). The
comparison process is performed in terms of corners detected
from both frames being processed. FAST corner detection
algorithm is applied for the purpose of extracting corners. The
major advantage of FAST corner detection is its computational
efficiency compared to other interest point algorithms such as
Harris and SUSAN, making it particularly well suited to online

video processing. This makes it optimal for deployment in the
proposed method.

To increase the accuracy of the results of the detection process, in
addition to corner detection, the fuzzy histograms of both frames
are also compared. Fuzzy histogram is utilized in this paper due to
its ability to introduce more accurate results than classical
histogram.

The candidate frames that pass the first evaluation step are then
further evaluated in the second step. Candidate frames that fail the
initial evaluation step are discarded. Each passed frame (F;) is
compared with the next frame (F;, ;) in the second evaluation step.
In the same way as the first evaluation step, the second evaluation
step discards those frames that fail the comparison process. The
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passed frames then compose the final result of the shot boundary
detection, which represent accurate shot boundaries.

5. Experimental Results and Discussion

This section introduces and discusses the results obtained by the
proposed method. The proposed method was applied to six
standard video sequences that were downloaded from an open
video website. These video sequences were recognized by
TRECVid organization. As the process of downloading the raw
video sequences along with their descriptions from the TRECVid
website was complex, three of the six video sequences are
manually described. Table 1 sets out the results of the six videos.
The video sequences chosen were deliberately diverse both in
terms of their duration as well as the number of shots they contain.

Table 1: Recall and precision of proposed method

. . No. of it
Video Duratio Frame Detecte | Actua
Sequence n s d ICT R P
CT
Ani05 6.19 m 11363 38 38 100% 100%
Ani09 6.50 m 12306 41 39 100% 95.12
%
Bor03 26.56 m | 48450 234 231 98.26 97.42
% %
Nad57 6.57 m 12510 45 45 100% 100%
Senses10 47 m 7401 13 13 100% 100%
9
Sensesll 47 m 74 19 12 12 100% 100%
5

As explained in Section 1, transitions may take one of two forms:
cut transition (CT) or gradual transition (GT). This paper focuses
only on CT. Table 1 shows that the proposed method results in a
very high degree of accuracy in regard to both recall and
precision. In four of the six video sequences, actual shot
boundaries were obtained with 100 per cent recall and precision,
while the remaining two video sequences were obtained with a
high degree of accuracy. These results indicate the robustness of
the proposed method.

6. Conclusion

Shot boundary detection is a fundamental and essential aspect of
most video analysis processes, including video retrieval and video
summarization. In this paper, an efficient method of video shot
boundary detection is proposed. This method makes three
contributions. First, it modifies ABC based on idea inspired by SA
(SAIABC). Second, it utilises SAIABC in shot boundary
identification. Third, it extracts both global and local features in
order to verify the identified boundaries. In conclusion, using
SAIABC to identify candidate shot boundaries requires no
threshold value, which is the main advantage of utilizing SAIABC
in detecting shot boundaries. This is because the threshold value is
critical and determination of its value has a significant effect on
the process outcome. The use of an optimization algorithm in shot
identification grants the proposed method significance, while
verification by means of global and local features makes the
method more accurate. As a consequence, the proposed method
yields excellent results.
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