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CHAPTER 3 

 

 

 

3. MODEL-BASED SHOT BOUNDARY DETECTION 

 

3.1 Introduction 

 

Shot boundary detection is the fundamental task in cutting videos into natural shots by 

computerized means, which plays essential roles in video content processing, high-

level feature extraction, and visual content editing and management. In this chapter, a 

novel method on shot boundary detection operating directly in compressed domain is 

proposed, which can be characterized by a number of operational stages. Firstly, 

several novel local indicators are extracted from macroblocks, and then AdaBoost is 

employed for feature selection and fusion. The selected features are used in classifying 

candidate cuts into five sub-spaces via approaches of a rule-based decision making and 

pre-filtering. Following that, global indicators of frame similarity between start and 

end frames of cut candidates are examined by using phase correlation of DC-images. 

Gradual transitions like fade, dissolve and combined shot cuts are also identified in 

compressed-domain. Experimental results on the test data from TRECVID 2007 have 

demonstrated the effectiveness and robustness of the proposed methodology. In 

addition, the proposed system can achieve nearly 5 times faster than real-time video 
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play due to the nature of its compressed-domain processing, achieving additional 

advantages in terms of processing speed and computing costs. 

 

The remaining part of this chapter is organized as follows. In Section 3.2, analysis of 

several novel features extracted from compressed-domain is presented, based on which, 

pre-filtering of cuts and feature selection and fusion as well as statistical parameter 

determination are discussed in Section 3.3. In Section 3.4, modelling of cut detection 

as decision-making is presented, followed by maximum likelihood based detection and 

further phase-correlation based validation. Section 3.5 covers detection of combined 

shot cuts and several gradual transitions. Experimental results and discussions are 

given in Section 3.6, and finally brief conclusions are drawn in Section 3.7. 

 

3.2 Compressed Domain Feature Extraction 

 

In this section, several local features are extracted in compressed-domain. Unlike 

others work in pixel-domain or directly on DC-images, the novelty of the work is the 

definition of features by statistical analysis of the difference of two consecutive DC-

images which is found effective and robust. Descriptions of the whole process on 

feature extraction and analysis are presented below. 

 

3.2.1 Feature extraction 

First of all, DC-images are extracted from each input frame 
if  in MPEG videos. As 

each DC value corresponds to the average pixel value inside the related block, the DC-
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image provides a low-resolution version of the original frame, which presents a scaled-

down visual content platform for further analysis. Here let us define 
)()( , i

dc

i

dc UY  and 
)(i

dcV  

as the corresponding DC-images of luminance and chromatic components, and hN  and 

vN  denote the number of macroblocks in horizontal and vertical directions, 

respectively. Since all the macroblocks are intra-coded in I-frames, the corresponding 

DC-images can be directly extracted. For P-frames and B-frames, their DC-images are 

obtained via weighted motion compensation (WMC) as proposed in [19]. The process 

of WMC can be simply summarized as follows. For B and P frames, their DC-images 

are estimated in two steps: Firstly, DC-image(s) of one or two reference images (also I 

frames) are reconstructed by weighted sum of DC terms in neighbouring blocks where 

more or less weights are assigned to pixels close or far to the block center. Then, DC-

terms are (interpolated when necessary and) added to extracted DC-terms of residual 

images. Further details can be found in [19] and [24].  

 

Without losing generality, the 4:2:0 video format is taken to describe the proposed 

technique in extracting local features, where four luminance blocks and two 

chrominance blocks are included. For the convenience of description, the mean of the 

four Y values, denoted as 
)(i

dcY , is used as an overall measurement of the macroblock. 

Hence from each of Y, U and V components, there is only one DC value corresponding 

to each macroblock. For the 
thi  frame, its DC-differencing image between it and the 

thi )1(   frame is defined below: 

VUYChChChiD
Ch

i

dc

i

dc ,,,||3)( )1()(1   
  (3-1) 
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For each DC-differencing image )(iD , its mean and standard derivation are then 

determined as )(i
 
and )(i . Furthermore, )(1 ip  

and
 

)(2 ip
 
are defined as two 

proportions which represent the percentage of pixels in )(iD  that are larger than the 

two given thresholds )(1 i and )(2 i . These two thresholds are defined as 

5.04/)()(1  ii   and 4/)()(2 ii   . As seen, )()( 21 ii   , hence )()( 21 ipip  . 

Since )(1 i and )(2 i are dependent on )(i , and thus they present an adaptive 

thresholding mechanism, which makes )(1 ip  and )(2 ip  robust to the luminance 

changes across frames inside shot cuts.  

 

The reason why two proportions, )(1 ip  
and

 
)(2 ip , are used is given below. Although 

)()( 21 ipip  , these two values are expected to be close enough as the associated 

thresholds are very close to each other. Otherwise, the difference of inconsistent scenes 

between frames are more likely caused by motion, i.e. false alarms rather than real cuts, 

this fact will be used in pre-filtering of cuts in Section III(A). 

 

In addition, a motion prediction error )(ierr  and a normalized energy of Y 

component )(iEy  are defined for the ith frame as follows:  

i

i

dci CjjYCierr   1,)()( )(1
     (3-2) 

vh

i

dcyy NNjjYEiE 41,)]([)( 2)(1

_0  
      (3-3) 

where iC  is the number of non-intra coded 88  blocks indexed by j ; 

2

_0 )1(4  LNNE vhy  is used for normalization, and 256L  is the number of 

intensity levels. Please note )(iEy  is used to detect gradual transitions in Section 3.5. 
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3.2.2 Feature analysis 

Figure 3.1 illustrates one example of cut in four consecutive frames and their 

corresponding DC-images. For each of two consecutive DC-images, their differencing 

image is extracted and shown in Fig. 3.2(a). In fact, the adaptive thresholding will help 

to yield two binary masks in which white and black pixels refer to those whose )(i  

are larger or smaller than )(1 i  and )(2 i , namely active or inactive blocks within the 

image, respectively. Some previous work using active blocks yet under fixed threshold 

can be found in [30].  

 

 

Figure 3.1. Example of one cut in four consecutive frames with the original frame 

images (top) and their corresponding DC images (bottom) (enlarged for better 

visualization). 

 

According to the differencing images in Fig. 3.2(a), three binary masks obtained by 

thresholding using )(2 i are given in Fig. 3.2(b) in which majority white pixels can be 

found in the middle image when a cut occurs. In comparison, the other two images in 

Fig. 3.2(b) have a small proportion of white pixels. However, this small proportion 
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may become large when motion exists in frames as it will inevitably lead to 

inconsistency between frames and high values in )(iD . To overcome this drawback, 

median filtering (in 3*3 window) of )(iD  is used before calculating )(i
 
and )(i  for 

adaptive thresholding. The results after median filtering of )(iD  and new obtained 

binary masks are illustrated in Fig. 3.2(c) and 3.2(d). Please note that before and after 

median filtering, the corresponding )(2 ip  in three differencing images are found as 

(3.8%, 96.2%, 14.6%) and (0.3%, 97.1%, 2.3%), respectively. This has clearly shown 

that median filtering of differencing image can help to reduce the effect of local 

motions and produce more accurate measurement of changed blocks for shot detection. 

 

 

               ( a )                             ( b )                        ( c)                         (d) 

Figure 3.2. Three DC-differencing images of each two consecutive DC images in Fig. 

3.1 and their corresponding binary masks after adaptive thresholding (Columns a-b). 

Results in (c) are those by median filtering of (a) and their binary masks are given in (d).  
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3.3 Pre-filtering of Cut and Feature Selection 

 

In the proposed system, detection of cuts is taken of first priority for two reasons: One 

reflects the fact that cut is the most frequent shot events in videos; the other is that 

gradual transitions such as fade and dissolve need to be determined between each pair 

of detected cuts. In addition, as for a particular case of gradual transition, detection of 

combined shots of cuts with a series of black or white frames also relies on accurate 

detection of cuts. For more robust shot detection, pre-filtering of cuts is introduced to 

eliminate apparent non-cuts for efficiency. To this end, AdaBoost [49] is utilized for 

feature selection and fusion. 

 

3.3.1 Pre-filtering of Cut 

Pre-filtering is to remove frames of very limited changes, considered as non-cuts, from 

its neighbours for efficiency. Here, limited changes are associated with the extracted 

features in terms of )(),(),( 1 ipii   and )(2 ip  as follows.  

 

Since a cut often causes an overall change of the visual content inside boundary frames, 

such changes normally leads to a larger )(i  due to the apparent intensity difference 

between boundary frames, and smaller )(i  due to the consistency between 

differential frame pixels and their mean )(i . As a result, it is expected that )(i  to be 

either smaller or slightly larger than )(i . Therefore, all the cuts should satisfy 

)()( ii  
 
where 1  and this relatively large value is used to allow a certain 



Chapter 3. Model-based Shot Boundary Detection                                                           .                                                                                                                                                                                                                   

40 

 

degree of motion-caused inconsistency in measuring frame differences. A smaller or 

larger   helps to remove more or less false alarms yet too small  may has a risk to 

remove real cuts.   

 

As for )(1 ip and )(2 ip , they are used to represent percentage of active (changed) 

blocks in frames. When a cut occurs, there should be a large percentage of changed 

areas in neighbouring frames. As a result, it is required 02 )( pip   where )1,0(0 p  

refers to a minimum requirement of changed macroblocks. Here a relatively small 

value is chosen for 0p  to allow the case of overlapped scene and/or boundary in a cut. 

Here, larger or smaller 0p  can filter more or less non-cuts.  

 

As pointed out in Section 3.2.1, though )()( 21 ipip  , )(1 ip and )(2 ip  should be close 

to each other and this is constrained by )()( 21 ipipc   where 1c  . It is easily to 

find that smaller or larger c  can eliminate more or less non-cuts. 

 

Further, cuts should normally satisfy the condition that )(2 ip  is larger than both 

)1(2 ip  and )1(2 ip , i.e. more active blocks (changed) than those of neighbouring 

frames. This is because there is a significant change of image contents during a cut, but 

small change before and after a cut. However, in some special cases, )(2 ip  can be 

slighter less than either )1(2 ip  or )1(2 ip  due to large intensity change like flashing 

light or strong motions involved before or after a cut. Therefore, the above constraint is 

loosen as ))1(),1(max()( 222  ipipipc .  
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In the proposed implementation, the above conditions are utilized to remove non-cuts, 

and only those satisfying these conditions are allowed for further cut detection. In 

addition, parameters used in pre-filtering, including  , 0p  and c , are all determined 

in a statistical way, which will be described in Section 3.4.4. 

 

3.3.2 Feature Selection 

To optimally choose a group of features for cut detection, AdaBoost [49] is employed 

in the proposed system for feature selection from some traditional features and newly 

extracted ones. An improved AdBoost.M2 algorithm is applied in which Euclidean 

distance is used to eliminate non-effective weak classifiers and to select most 

discriminative features for cut detection [51]. Here positive samples are selected as 

features extracted from real cuts and negative ones from all gradual transitions and 

false alarms obtained by a coarse detector which is designed by simply thresholding of 

)(iD . A 5-fold cross-validation process is then employed which means 80% of data is 

used for training and 20% for test in such a context.  

 

The test data from TRECVID in 2006 and 2005 is used in feature selection. Except for 

our proposed features like )(i , )(i , )(1 ip , )(2 ip  and )(ierr , five traditional 

features are also extracted including indicators of luminance, colour, motion magnitude, 

edge and inter-frame differences. All the features are extracted from a temporal 

window and used for the test, and the outcome can be summarized as follows: 
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Firstly, it is found that edge and motion magnitude features are low discriminative. 

This is mainly due to the fact that they are dependent on contents in videos and lack of 

generality, especially for edges extracted from compressed domain and the effect of 

local motions. Secondly, absolute magnitudes of luminance, colour and inter-frame 

differencing as well as )(ierr  provides intermediate level of discrimination, followed 

by )(i , )(i , )(1 ip  and )(2 ip . One reason here is the median filtering of DC-

differencing image which helps to obtain more consistent measurement of shot changes, 

and also the adaptive thresholding is useful in achieving robust values of  )(1 ip  and 

)(2 ip . Finally, a temporal window larger than 3 frames is found unnecessary for shot 

cut detection. 

 

The test results are summarized into three groups as illustrated in Table 3.1, where the 

first two tests use a temporal window of 11 frames and the 3
rd

 uses a window of 3 

frames. In the first experiment, all the features are utilized to form a 110-dimensional 

feature vector. In the other two experiments, only selected features are used in the 

forms of a 55-dimensional vector and 15-dimensional vector, respectively. From Table 

3.1 the proposed features with much lower dimensions have produced improved results.  

In addition, it is very difficult to obtain better training results through feature selection 

due to the inconsistent visual appearances (in terms of features) embedded in various 

cuts. Consequently, classify cuts into several categories is proposed for more effective 

detection, and details of which are presented in the next section. 
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Table-3.1. Performance comparison using AdaBoost based cross  

validation on the data from TRECVID in 2006 and 2005. 

Experiments Test 1 Test 2 Test 3 

Average recall  0.9709 0.9718 0.9716 

Average precision 0.9702 0.9706 0.9705 

 

3.4 Modelling and Detecting Abrupt Shot Changes 

 

To achieve robustness and effectiveness in cut detection, cut detection is modelled as a 

decision-making process, where cuts are categorized into five sub-spaces according to 

their visual appearances. Such a model of decision-making process enables a coarse-to-

fine operation to be utilized to detect cuts via rule-based detection and phase-

correlation based validation. Details of the proposed techniques are described below. 

 

3.4.1 Modelling 

Although some basic principles such as heavy change of luminance and/or colour can 

be found for cut detection, it is difficult to apply them to arbitrary sequences for 

classification. If the two boundary frames are totally different, the relevant frame 

difference will be very large. However, if there is overlapped scene in the boundary 

frames of a cut, the measurements of these features will be small. More importantly, 

these small values may appear very similar to the cases caused by camera or object 

motions. Therefore, it is important to classify these different situations into several 

categories for more effective cut detection. 
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If the cut detection problem is taken as a process of decision making, then there is one 

feature space   which contains consecutive r  frames of features for temporal 

filtering and one decision space  . Let 
 
be the decision-making process, then it 

should simply have  )( . Since cuts may have various appearances and context 

information, the feature space 
 
in the proposed system are further divided into K  

sub-spaces, namely 
k

k

  where ],1[ Kk  and nmifnm   .  

 

In fact, 5K  corresponding to five sub-spaces in   namely ]5,1[|  kk , where 

kk  )(  and each k  can be taken as one category or sub-type of cuts and has its 

own characteristics of visual appearances. This process of classifying cuts into several 

subspaces is different from the work in [10] and [36].  Actually, several shot classes 

are defined in [10] according to their semantic events in sports video, i.e. field view 

and close-up, etc., and in [36] five categories of transitions are defined in which only 

one refers to abrupt change of shots. Details on how to identify each sub-type of cuts in 

the proposed algorithm are discussed below. 

 

In 1  and 2 , two boundary frames of a cut almost share nothing in both background 

and foreground. The difference between these two is that in 1  there is very large 

change of intensity in frame images while in 2  the intensity change is limited, 

although some colour difference may be apparent. These cuts should appear as a peak 

of )(i  and )(i . For cuts in 1 , there should have a large peak. In 3 , there is a 
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relative large part of common background or foreground during shot changes, which 

will inevitably lead to lower difference of the two boundary images. Therefore, lower 

peaks of )(i  and )(i  are expected.  

 

 

Figure 3.3. Typical samples of five categories of cuts and one exception (the last row) 

in consecutive four frames of the video sequences.  
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Shot changes in 4  corresponds to a shot cut followed by sudden intensity changes 

like the effect of flash lighting. Although this kind of shot change is not a strict cut as it 

is usually a three-frame event, they are considered as a cut in the evaluation 

specifications of TRECVID 2007. In 4 , apparent luminance or colour changes at a 

cut will lead to a large peak of )(i  and )1()(  ii  (more changes than previous 

frame pair) as well as large prediction errors satisfying )1()()1(  ierrierrierr , 

but )(i
 
is near or smaller than )1( i (the cut change may be weaker than the frame 

pair after the cut). Finally, 5  contains shot changes followed by strong motions, 

which may lead to large frame difference in several frames after the shot change, i.e. a 

peak of )(i  and a large )1( ierr , but )(i a very small peak or non-peak, i.e. 

)1()1(),1()(  iiii   and )()1( ierrierr  . 

 

Typical samples of these five categories of cuts are illustrated in Fig. 3.3. It is 

important to point out that these cover more than 99.5% of cuts in the test data, and one 

exceptional example excluded from the above five categories is also given. It is worth 

noting that the categorization of cuts has successfully divided this difficult task into 

five sub-problems of homogeneous situations to achieve both effectiveness and 

robustness. This categorization is different from the existing solutions in which 

dedicated algorithms are designed for various types of videos, i.e. news, sports, movies, 

etc., as the latter ignores common appearance of cuts from different videos sources. It 

is also impractical in automatically dealing with a wide variety of video sources.  
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Figure 3.4. Workflow of the proposed system for shot boundary detection.  

 

To help understand how the whole system works, a flowchart is shown in Figure 3.4 

which contains three main parts, i.e. feature extraction, cut detection as well as gradual 
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transition detection and fusion. To better describe the proposed system, three 

conditions are defined in correspondence to the three stages in cut detection, i.e. pre-

filtering, model-based detection and validation. Condition 1, 2 or 3 returns true if a cut 

candidate is determined by the corresponding stage. Otherwise, it returns false. Please 

note that the information of detected cuts is used to guide the detection of several 

gradual transitions as well as to generate final results through fusion with the results of 

gradual transitions.  

 

3.4.2 Decision Rules for the Five Categories of Cuts 

For most of the cuts, they are found appearing as a peak in the sequence of )(i  and 

)(i . The peak here reflects the fact that frame difference is larger during a cut but 

turns smaller before or after the cut. Many people intend to threshold the frame 

difference for cut detection [20-21, 28-29, 32]. However, this approach lacks robustness 

as these values are dependent on the degree of intensity/colour changes and their 

ranges can be very wide. In the proposed algorithm, their relative peak values are 

actually measured as a change ratio in comparison with its neighbouring frames, details 

of which are given as follows.  

))1(/)(),1(/)(min()(min  iiiii 

    

(3-4) 

))1(/)(),1(/)(min()(min  iiiii 

    
 (3-5) 

 



Chapter 3. Model-based Shot Boundary Detection                                                           .                                                                                                                                                                                                                   

49 

 

Apparently, 1)(min i  and 1)(min i  can be used to represent a peak of )(i  and 

)(i , respectively, and their values are good indications to show the degree of sudden 

changes between the current frame and its two neighbouring frames when a cut appears. 

 

 Normally, larger )(min i , )(min i  and )(2 ip  are more likely to be referred to as a 

potential cut. Therefore, three likelihoods of cuts, )(, ki ,  )(, ki  and )( 2, pki , are 

extracted where ]5,1[k denotes five categories of cuts.  

1

min, )]()([1)(  ikki        (3-6) 

1

min, )]()([1)(  ikki        (3-7) 












5,4)(

3,2,1)(
)(

2

2

2,
kip

kip
pki     (3-8) 

where parameters )(k  and )(k  are defined below to reflect various visual 

appearance of different category of cuts. In (3-8), a larger  )(2 ip  is required for cuts in 

4  and 5  because of more active blocks (changed) during a cut. While for the other 

three categories, a smaller )(2 ip  is sufficient to yield similar likelihood.  

 

Based on these three separate likelihoods, a combined likelihood ),( ki  is then 

obtained by weighting these three measures as:  

3/)]()()([),( 2,,, pki kikiki   
   

(3-9) 

 

Given the combined likelihood values ),( ki  ]5,1[| k , the category of the maximum 

likelihood is determined as: 
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]5,1[|),(maxarg0  kkik
k

      (3-10) 

 

A cut candidate in category 0k  is detected if 00 ),(  ki , where )1,0(0   is a 

constant threshold.  Otherwise, it is a false alarm. Here a relative small 0  is set to 

allow most possible cuts to be detected as they will be further validated in the next 

section.  

 

Regarding )(k , it is determined as follows. Due to the apparent luminance change, 

there exists a very large peak of )(i  in 1  but relative small peak in 2 , 3  and 5 , 

i.e. in 1  all cuts satisfy 1)(min i  but in other three categories 1)(min i . 

Therefore, to obtain a high likelihood )(, ki  for real cuts it is defined 1)1(   but 

1)5()3()2(    t  in 2 , 3  and 5  even with a smaller )(min i .  

 

As for cuts in 4 , )4(  is defined as follows to cope with the fact that 

)1()()1(  ierrierrierr  and both )(i and )1( i larger than )1( i  , hence 

1)()4( _  ierr    and larger )4(  will lead to higher cut likelihood of )(4, i . 

2/]
)1(

)(

)(

)1(
[)(

)1(/)]1(),(min[)()4(

_

_









ierr

ierr

ierr

ierr
i

iiii

err

err









    

(3-11) 

 

For )(k , it is decided to enable )(, ki  to have appropriate likelihood value 

corresponding to the five categories of cuts. This is determined as follows, in order to 

characterize the visual appearance of the extracted features:   
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)1(

)]1(),(min[
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)1(

2,)(/)(1

4,3,1,

)(

k
i

ii

ierr

ierr

kii

kt

k









     (3-12) 

where 1t  for cut category 1 , 3  and 4  in order to maintain a high likelihood 

value in (3-7); )2(  is defined in a way to expect a small value of )(/)( ii  , say less 

than or slightly above 1 due to the limited intensity changes in 2  with smaller )(i  

but larger )(i . Large differences in terms of both motion prediction error )(ierr  are 

also expected and standard derivation )(i  in 5  which corresponds to strong motions 

after the cut. 

 

3.4.3 Validation of Detected Cuts 

Although the above decision rules can successfully detect abrupt cuts, there are still 

quite a few false alarms due to camera motion such as panning or object motion etc. 

Since the basic measurements are the mean and standard derivation extracted from the 

difference of DC-images on co-sited macroblocks, this makes them sensitive to these 

motions. Therefore, further validation of detected cut candidates is needed, and this 

validation will also help to reduce the sensitivity of parameters chosen in the decision 

process and improve its robustness. 

 

For motion caused scene changes, although they may have large )(i  and )(i  

making it like a real cut, the overall similarity of the two frames is still high, and 
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boundary frames of a real cut tends to be dissimilar. Therefore, the similarity of 

boundary frames can be used as a good indicator to validate detected cuts. Among 

many techniques proposed in measuring such a similarity, phase correlation is used to 

optimize the validation performances in terms of accuracy and efficiency, which is 

based on the principle that: (i) it is invariant to luminance changes and image shifts; 

and (ii) it enables fast implementation using Fourier transform [3, 16, 24].  

 

Specifically, DC-images in Y component, )(iYdc  and )'(iYdc , are taken for phase 

correlation. Since these DC images are both coarse and smoothed version of the 

corresponding images, it helps to achieve more efficient and robust results in validating 

the detected cuts. Please note phase correlation is employed in validating cuts, rather 

than detection in [3, 16, 24] as it is found even working on DC-images the complexity 

is still too high to be implemented in a real-time manner. 

 

In addition, the central part of )(iYdc  and )'(iYdc  only is proposed to use, which crops 

the two DC images into size of 3232 . In this way, the validation can be made more 

efficient as it enables fast implementation of Fourier transform. Such cropped image 

validation approach also presents the advantage that inconsistent scene content lying in 

the boundary areas of the image can be removed before the validation process, making 

its validation performance more effective and robust. For simplicity, the cropped 

images are still denoted as )(iYdc  and )'(iYdc  
for the remaining part of this chapter. 
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Let )(idc  and )'(idc  be Fourier transform (represented by )( ) of )(iYdc  and )'(iYdc , 

respectively, their phase correlation )',( iidc  is derived as given below: 

   



















|)'()(|

)'()(
)',(

)'()'(,)()(

*

*
1

ii

ii
ii

iYiiYi

dcdc

dcdc
dc

dcdcdcdc

   (3-13) 

The global peak of maximum amplitude over )',( iidc  surface is determined, and the 

corresponding amplitude which belongs to [0,1] is then taken as similarity 

measurement between their two original frames if  and 'if . 

 

Let if  to 1if  be one candidate cut detected above, four phase correlation results can 

be extracted on DC images as follows:  









)2,()();2,1()(

)1,()();,1()(

32

10

iiiciiic

iiiciiic

dcdc

dcdc
   (3-14) 

 

If a real cut exists between frame if  and 1if , both ),( 1 ii ff   and ),( 21  ii ff  should be 

pair of similar images, leading to  large value of )(0 ic  and )(2 ic . At the same time, 

)(1 ic  and )(3 ic  should be small due to dissimilar pair of images involved, i.e. ),( 1ii ff  

and ),( 2ii ff in (16).  As a result, the validation process can be designed as given in (3-

15), and the experimental results are compared in details in Section 3.6. 

)),(),(min())(),(max( 0231 cticicicic      (3-15) 
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where )1,0(ct  is a statistically determined threshold. In general, larger or smaller ct  

remove less or more false alarms, but a too small  ct  may risk removing real cuts. 

 

3.4.4 Determining Parameters 

In the following, how the parameters in the algorithm are automatically determined is 

discussed, and here the parameters include those used in pre-filtering of cuts in Section 

3.3.1 and detecting gradual transitions in Section 3.5. Taking 0p  in Section 3.3.1 as an 

example, firstly the probability density functions of )|( 2 cutpp and )|!( 2 cutpp  from 

the training set are extracted. Normally, larger 2p  refers to a more likely cut. Then, an 

overall error classification rate )( 0p is obtained below if a cut is decided by 

thresholding 2p  with 0p , where 10   is used to attain a weighted cost of error 

classification and a larger   may help to obtain a smaller 0p . Parameters )( 0pac  and 

)( 0pac represent missing and false detection rates, respectively. 
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(3-16) 

Since the strategy here is to allow almost all real cuts above the selected threshold, it is 

intended to choose a larger   for a smaller 0p  and less missing cuts.  The false alarms 

incurred will be filtered by additional constraints from other features at the detection 

stage. In fact, unless stated otherwise, all the parameters are determined in this way to 
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cope with robustness. As shown in Fig. 3-5, parameter   is determined by: (i) cp and 

cp  satisfying %1)()(  cccc papa  are obtained; (ii) by allowing 2/)('0 cc ppp  , 

  can be determined as:  



 











)'()'(

)'(

00

0

papa

pa

cc

c     (3-17) 

where the parameter 0  is used to adjust the weights. It can be easily found that 

1  corresponds to the solution of conventional minimum error rate classification. 

When 1 , there are less missing rate of  )( 0pac  but more false alarm rate of 

)( 0pac . On the contrary, 1  refers to more missing rate of  )( 0pac  but less false 

alarm rate of )( 0pac .  

 

 

Figure 3.5. Determining  , where 01.0)()(  cccc papa  and 0'p  is the middle point 

of cp and cp . 

 

In pre-filtering of cuts and cut detection, all parameters are determined with 2/1  to 

avoid more missing detection. While in further validation stage, it is set as 1  in 
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determining ct  to balance missing and false detection rates. Finally, the parameters are 

decided as 7.1 , 2.1c , 45.00  , 98.2t , 06.2t , 65.00 l and 25.0ct . 

As shown in Fig. 3.5, when )'()'( 00 papa cc  , 0'p  is the solution of conventional 

minimum error rate classification. However, 707.0  in the proposed system will 

achieve a better cost function in such a context. 

 

3.5 Determining Gradual Transitions and Fusion 

 

After detection of abrupt changes, boundaries of gradual transitions need to be 

identified within each pair of neighbouring cuts. Techniques on detection of gradual 

transitions of dissolve, fade and combined shot cuts as well as fusion of detected 

results are discussed below.  

 

3.5.1 Determining Combined Shots 

Combined cuts, which contain cuts and a series of black or white frames, can be 

classified into two parts, i.e. normal cuts in the boundary and monochrome frames 

(black or white) in the middle. The reason to detect this pattern is that in TRECVID07 

they are considered as ONE (combined) shot as “OTHERS”, a kind of gradual 

transitions. To detect such patterns, frame energy is taken as priority due to the fact 

that these black or white frames normally are of nearly constant energy. More 

importantly, this constant energy appears greatly smaller or larger than the energy in 

the start or end frames of relevant normal cuts.  
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Let two detected cuts be ),( 1ii ff  and ),( 1'' ii ff , where '1 ii  . If all the frames 

indexed within ]',1[ ii   contain nearly constant energy and this energy is either much 

smaller or higher than the energy of two boundary frames, i.e. frame if  and 1'if , then 

one combined shot of cuts is detected between ],[ 1'ii ff . In the proposed system, the 

energy in if  is represented by )(iEy , and a detected combined shot contain one cut, 

several black or white frames, and another cut.  

 

3.5.2 Determining Other Gradual Transitions 

As for dissolve, usually a U-shape or downward-parabolic pattern is identified for its 

detection [1]. However, in real situations there is quite a lot of noise attached which 

makes the detection inaccurate and lack of robustness. Since a dissolve contains 

information from two different frames, by linear interpolation, this leads to a high 

motion prediction error )(ierr and a big )(i  in corresponding frames. Although 

strong motion may also cause high )(ierr , this can be distinguished by checking the 

frame similarity of the two boundary frames. For real dissolve effect, the two boundary 

frames are significantly different like a cut. On the contrary, boundary frames of 

motion-caused false alarms usually still present high similarity.  

 

Based on the above analysis, a straightforward method has been implemented for 

dissolve detection as follows. Firstly, a candidate frame of dissolve is obtained if 

0)( eierr   and 0)(  i , where 0e  and 0  are two thresholds. Then, each single 
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candidate frame is extended to a small clip by merging its neighbouring frames. This 

merging process is done in two directions iteratively if one neighbouring frame has its 

prediction error larger than one third of the average prediction error in the merged clip. 

If the frame under extension is another candidate frame, the extension in the 

corresponding direction stops and the associated two clips are merged in the next stage. 

Next, all the short clips are combined into a whole if their distance is less than 3 frames. 

This is something like the process of clustering possible frames into the dissolves. If 

the whole segment detected contains less than 3 frames, it is abandoned. Otherwise, its 

two boundaries are identified as  1i  and 
2i ( 12 ii  ).  

 

Finally, candidate segment of dissolve is validated by using phase correlation of DC 

images as defined in Section IV. If the frame similarity between the pair of 
11

,1 ii ff   and 

122
, ii ff  are high but the similarity between 

21
, ii ff is low enough like a cut, then a 

dissolve is detected. 

 

As for the event of fade, it is detected only if a fade out event is followed by a fade in, 

i.e. fade out/in (FOI), and this is consistent with the requirements in TRECVID’07. 

During such a FOI process, one apparent appearance is the change of luminance 

intensity which shows a clear V-shape. The left and right sides of this V-shape are 

corresponding to fade out and fade in, respectively. To determine such changes, firstly 

the valley of lowest energy is located in a temporal window, then two peaks in the left 
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and right of this valley are determined. If denoting vi , lefti  and righti  as frame indexes of 

the valley and two peaks, a FOI is detected if it satisfies 

fleftv Nii  and fvright Nii   

))(),(min()( rightyleftyvye iEiEiE 
 

where 2fN  is the minimum frames required for a single fade in/out effect as a 

complete FOI effect should be no less than 5 frames. In other words, there are 

intermediate frames in both sides and the intensity changes, measured by energy, are 

significant ( 1e ). Please note that parameters 0e =15.1 and 0 =1.82 are determined 

with 2/1  and e =5 is decided with 1  by using the method in Section 3.4.4 as 

dissolves are further validated by the similarity of their two boundary frames. 

 

3.5.3 Fusion of Detected Results 

As different detectors are utilized for abrupt and gradual transitions of shot changes, a 

fusion procedure is necessary for a final decision and further improves both the 

accuracy and robustness. In the proposed system, a simple fusion process is designed, 

which can be described as: (i) if two cuts are found too close to each other, say less 

than 5 frames, they are considered as false alarms; (ii) detected gradual transition is 

removed if it is found to contain cuts; (iii) overlapped gradual transitions are merged. 

Final output is generated in XML format in accordance with the requirements of 

TRECVID’07 submissions. 
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3.6 Results and Discussions 

 

In this section, comprehensive comparisons of experimental results are discussed under 

TRECVID framework to verify the proposed methodology in detecting both cuts and 

gradual transitions. To further prove the efficiency of the extracted features, AdaBoost 

based training and classification is also produced. Finally, results from other 

participants are taken for an overall evaluation on the SBD task.  

 

3.6.1 Data Preparation 

In TRECVID 2007, there are 2320 shots in 17 test sequences with 637,805 frames, in 

which about 90% of the shots are cuts. Percentages of cuts in different categories are 

listed in Table 3.2, in which over 99.6% cuts are included in these categories. For 

quantitative evaluation, manual ground truth data is provided by TRECVID organizers. 

It is worth noting that errors are likely in the provided ground truth data and 

controversy maybe inevitable, such as missing or false definitions, and this is mainly 

due to (i) unclear boundary of some special editing effects and (ii) time-consuming 

massive efforts required in producing such ground truth.  

 

Unlike news video used in previous years, test data in TRECVID’07 cover a wide 

range of sources from news reports, documentaries, and educational programmes to 

archived videos in black and white. For SBD, about 6 hours of test data in MPEG-1 

format is selected from 400 hours video sources provided by the Netherlands Institute 
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for Sound and Vision (http://portal.beeldengeluid.nl/). Details about these videos in 

comparison with previous two years are given in Table 3.3. 

 

Table-3.2. Percentage of cuts in different categories 

1  2  3  4  5  
11.38% 82.00% 3.52% 1.26% 1.47% 

 

Table-3.3. Summary of test videos in TRECVID 2005-2007 

Items 2005 2006 2007 

Number of Videos 12 13 17 

Total Frames 744604 597043 637805 

Total Size (gigabytes) 4.65 4.24 4.08 

Total Transitions 4535 3785 2463 

Transition 

Types 

(Number/ 

Percentage) 

Cut 2759/60.8% 1844/48.7% 2236/90.8% 

Dissolve 1382/30.5% 1509/39.9% 134/5.44% 

FOI 81/1.8% 51/1.3% 2/0.08% 

Others 313/6.9% 381/10.1% 91/3.69% 

 

3.6.2 Overall Performance and Evaluation 

There are three measurements used in evaluating the results, i.e. recall and precision 

rate of cut detection, gradual transition, and overall performance. For gradual 

transitions, one additional measure is frame accuracy in locating shot boundaries. 

Further details of these measurements can be found in NIST home page [5]. Each 

approach has up to 10 groups of runs with various parameters to form a precision 

versus recall curve, and different approaches are compared according to this curve. 

Also, a combined measurement of both precision and recall, 1F  , is defined below to 

rank performance of different algorithms.  

http://portal.beeldengeluid.nl/
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precisionrecall

precisionrecall
precisionrecallF






2
),(1  .   (3-18) 

 

Table 3.4. Comparing results in terms of performance in detection of all transitions 

and cuts at TRECVID 2007, and only the best one from each participant is listed in 

deceasing F1 measure order. The “SysID” of the proposed system is with the prefix 

“AIS” which are highlighted with gray cell background.   

 

Rank All Transitions Cuts 

SysID F1 Rec Pre SysID F1 Rec Pre 

1 TT05 0.955 0.956 0.954 AIS9 0.977 0.973 0.982 

2 Hu05 0.952 0.949 0.956 Hu14 0.975 0.969 0.981 

3 AIS9 0.930 0.941 0.919 TT03 0.972 0.977 0.968 

4 SMWR_2 0.925 0.896 0.957 SMWR_3 0.968 0.960 0.976 

5 NHK.2 0.924 0.905 0.944 UPT03 0.965 0.962 0.969 

6 LIG-4 0.922 0.910 0.935 NHK.4 0.950 0.961 0.939 

7 r-mpan 0.919 0.931 0.907 LIG-4 0.947 0.933 0.962 

8 UPT03 0.917 0.902 0.933 RE02 0.947 0.952 0.942 

9 RE02 0.908 0.904 0.912 r-s45 0.946 0.932 0.960 

10 SL-mod9 0.897 0.876 0.920 SL-mod5 0.944 0.932 0.957 

11 t292.u 0.868 0.886 0.851 st_run8 0.935 0.944 0.926 

12 st_run1 0.863 0.840 0.887 t292.u 0.906 0.950 0.865 

13 Sei2 0.836 0.747 0.950 Sei1 0.873 0.804 0.954 

 

In 2007 there are 35 teams registered for SBD task, and eventually only 15 teams have 

their results submitted as 128 runs. For each submitted run, it is evaluated by using 

four measures given above. The best results from every team in each of the four 

measures are extracted and listed in Table 3.4 and Table 3.5 in decreasing 1F  measure 

order. Results whose “SysID” is with a prefix of “AIS” are ours. In addition, 

experimental results on the data from TRECVID in 2006 and 2005 are given in Table 

3.6 for comparison purposes.  
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Table 3.5. Comparing results in terms of performance in detection of gradual 

transitions at TRECVID 2007, and only the best one from each participant is listed in 

deceasing F1 measure order. The “SysID” of the proposed system is with the prefix 

“AIS” which are highlighted with gray cell background. 

 

Rank Gradual Transitions (GT) Frame Accuracy of GT 

SysID F1 Rec Pre SysID F1 Rec Pre 

1 TT05 0.753 0.709 0.802 UPT05 0.858 0.894 0.824 

2 Hu11 0.725 0.718 0.733 TT02 0.827 0.742 0.933 

3 LIG-5 0.688 0.646 0.735 Hu09 0.823 0.785 0.865 

4 r-mpan 0.670 0.766 0.595 SL-mod9 0.821 0.775 0.872 

5 NHK.3 0.660 0.578 0.768 t292.u 0.798 0.894 0.720 

6 AIS9 0.493 0.587 0.425 NHK.5 0.797 0.709 0.910 

7 RE02 0.422 0.374 0.484 AIS9 0.791 0.823 0.761 

8 UPT01 0.333 0.345 0.321 LIG-6 0.778 0.704 0.870 

9 SL-mod8 0.326 0.544 0.233 Sei2 0.762 0.652 0.917 

10 st_run1 0.321 0.282 0.372 st_run6 0.690 0.593 0.826 

11 t292.Tn 0.282 0.335 0.244 SBT_4 0.641 0.714 0.581 

12 SBT_10 0.260 0.748 0.157 r-span 0.624 0.478 0.897 

13 Sei2 0.231 0.136 0.757 Re02 0.456 0.302 0.928 

 

According to the results in Table 3.4 and Table 3.5, the following observations can be 

made: 

 For cut detection, the proposed submission is the best, and the recall/precision 

rates achieved are 97.3% and 98.2%, respectively; 

 For gradual transition detection, the proposed submission is ranked in the middle 

and analysis of this is given later in this section; 

 Our submission is among the top three in terms of overall evaluation with rates 

of recall and precision as (94.1%, 91.9%) in comparison with (95.6%, 95.4%) 

and (94.9%, 95.6%) from the other two best results; 
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 It is worth noting that the submission of “SysID” AIS9 yields the best results 

over the four measures. While for others, in most of cases they have different 

runs of best results in each of the four measures. This means the proposed 

system is well integrated in which fusion of detection results are well resolved, 

and this is different from other teams who utilized independent detectors for cut 

and gradual transitions; 

 In addition, the results in Table 3.6 also demonstrates the effectiveness and 

robustness of the proposed techniques in detecting shot boundaries from videos 

other than the TRECKVID’07 test data sets. 

 

Table 3.6. Results of shot detection from the data in TRECVID 2006 and 2005.  

Item 

Data 

Cut Gradual transitions 

Precision Recall Precision Recall 

2006 98.1% 98.3% 62.2% 46.7% 

2005 98.2% 98.5% 59.6% 45.8% 

 

According to the report from TRECVID’07 [5],  the main techniques used in some 

other systems can be analyzed as follows for further comparisons and benchmarking 

with the proposed algorithms described. In the 1
st
 system, six independent detectors are 

used as finite-state-machines for the detection of cut, dissolve, fade in, fade out, fast 

dissolve and wipe effects. In total more than 100 features are employed and detected 

shots are further validated by SVM. As for the 2
nd

 system, block-based colour 

histogram is inputted to a graph partition model, SVM and SIFT are then used for shot 
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detection and validation, respectively. In the 4
th

 system, 42 features are extracted for 

self-supervised learning and SVM for cut detection. Gradual transitions are detected 

via a fade detector and unsupervised learning and further validated by camera motion. 

In the 5
th

 system, four groups of rules are employed to detect cut, dissolve, long 

dissolve and fade in/out transitions with 14 manually determined thresholds. 

 

3.6.3 Performance Analysis in Details 

To analyze the reasons which lead to the best results on cut detection and also relative 

poor results in detecting gradual transitions, further discussions are provided on the 

effectiveness of the post-processing and selected parameters as well as analysis of 

errors below.  

 

A. Effectiveness of Important Parameters 

In the proposed system, several essential parameters are introduced to determine shot 

changes of cuts and gradual transitions. In the following, the effectiveness of selected 

parameters are analyzed, where parameters    and 0p  are used for pre-filtering of cuts, 

and t  and 0e  for cut and fade detection, respectively. Figure 3.6 illustrates series of 

precision-recall curves to show the effectiveness of these parameters. As seen, three 

curves are plotted corresponding to its three values for each parameter. Ideally, the 

curve with a shape closest to the top-right corner with a coordinate of (1,1) presents the 

best performance in terms of F1 measurement.   
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From the curves illustrated in Figure 3.6, the following observations can be made: 

 It can be seen that the overall performance is robust to the value change of 

parameters in a certain range where the precision-recall curves look similar to 

each other. The selected values, i.e.   =1.7, 0p =0.45, t =3.06 and 0e =15.1, 

help to yield slightly better performance in F1 measurement; 

 To remove more false alarms, a smaller   need to be specified, or a larger 0p , 

a smaller t , and/or a larger 0e , as it can achieve a higher precision rate;  

 On the contrary, a higher recall rate can be obtained if a larger   is chosen, or 

a smaller 0p , a larger t , and/or a smaller 0e .  

 

  

Figure 3.6. Precision-recall curves to show effectiveness of selected parameters where 

  , 0p  and t   for cut detection and 0e  for gradual transition detection.  
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B. Effectiveness of Phase-Correlation for Post-processing 

To quantify the contribution of the validation process, additional experiments are 

carried out, in which the phase-correlation post processing is removed and all the 

experimental results are summarized in Table 3.7.  It can be seen from Table-3.6 that 

this post-processing can help to reduce about 3% false alarms of the improved 

precision rate, while the degraded recall rate is maintained at 0.2%. In other words, it 

contributes 1.2% in the measurement of 
1F . Since this post-processing can successfully 

remove false alarms, the basic principle in determining candidate cuts is to choose 

smaller threshold in decision-making to allow most of candidates being detected. Note 

that these results are based on the corrected ground truth data hence a better result than 

those in Table 3.4.  

 

Table 3.7. Results of shot detection from the data in TRECVID 2006 and 2005.  

 Recall Precision F1 

No post-processing 0.986 0.958 0.972 

With post-processing 0.983 0.984 0.984 

 

C. Error Analysis 

Evaluation results by TRECVID’07 indicate that errors generated by the proposed 

system contain missed detections and false alarms, which are also dependent on how 

accurate the ground truth is established. Apparently such inaccuracy inside the ground 

truth, including missing defined and arguable shots, inevitably affects the evaluation 

results. The performances of the proposed algorithm is further analysed under this 

context as given below.  
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(a)                                  (b)                               (c) 

Figure 3.7 Examples of missing detected cuts due to similar intensity (a), strong 

motion (b) and undefined in the five categories of cut (c). 

 

     

Figure 3.8 Four examples of false detected cuts of apparent visual changes in frames.  

 

As for abrupt cuts, missed detections can be found due to three possible reasons: a) 

similar intensity between frames with motion or luminance change before and after the 

shots; b) detected cuts starting from or ending to nearly black frames which are 

wrongly merged into gradual transitions of combined shots; c) those excluded from the 

defined 5-categories of cuts. In addition, false cuts are usually those presenting 
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apparent visual differences introduced by strong motion or special editing effect, and 

some of them appear like a cut but are undefined in the ground truth. Several examples 

of missing and false detections as well as arguable ground truth of cut changes are 

given in Fig. 3.7, Fig. 3.8 and Fig. 3.9, respectively. 

 

 

Figure 3.9. Six arguable cuts in ground truth where four cuts are listed in the top  

two rows and two non-cuts at the bottom.  

 

Regarding gradual transitions, missing detection is mainly caused by dissolve of small 

changes in intensity/colour and irregular wipe effects, and modelling of these wipe 

effects seems to be a good solution to this problem [50]. False alarms are usually 

caused by motion or change of lighting conditions, which deserves accurate camera 

motion estimation to further validate detected results. Since gradual transitions are 

detected within each pair of detected cuts, errors in cut detection may also cause 

problems here. In addition, some errors are due to ambiguous or missing boundary of 

shot change defined in the ground truth. Fig. 3.10 illustrates several examples of the 
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defined and undefined gradual transitions to reveal the involved ambiguity, difficulty, 

and inaccuracy in obtaining objective ground truth. 

 

 

Figure 3.10 Examples of defined gradual transitions (top row) and undefined  

arguable gradual transitions (bottom two rows).  

 

D. Complexity and Speed Analysis 

 

For comparison purposes, the complexity and speed of the best 13 runs as announced 

by TRECKVID07’s evaluation (on overall performance as shown in Table 3.4) are 

illustrated in Table 3.8, in which the following information are presented: 1) Mode and 

frequency of the CPU (2
nd

 column), 2) number of frames that can be processed in each 

second (fps) and its rank among other teams (3
rd

 column); 3) rank of time in (partial) 

decoding  MPEG video and its ratio in all run time (4
th

 column); 4) rank of time for 

feature extraction and video segmentation (5
th

 column), this also reflects a comparable 

complexity of the main algorithm.  
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Table 3.8. Comparisons of complexity and speed.  

Rank CPU (GHz, mode) FPS/rank Decode (rank/%) Segment (rank) 

1 1.6, Intel Xeon D 5110 90.3/8 2/11.3% 9 

2 3.0, Intel P4 0.96/12 13/95.9% 3 

3 2.8, Intel P4 D 123/6 10/84.2% 5 

4 1.66, CORE2 T5500 37.6/10 6/9.9% 11 

5 2.4, Intel Core 2 391.4/2 4 /87.8% 2 

6 3.2, Intel P4 6.8/11 11/12.6% 12 

7 3.0, Intel P4 4419.2/1  1/17.4% 1 

8 2.0, Intel Celeron 162.1/4 8/50.7% 6 

9 2.41, AMD Athlon 64 133.0/5 9/85.2% 4 

10 3.06, Intel Xeon 101.9/7 7/28.6% 8 

11 1.67, PowerPC G4 0.683/13 12/1.36% 13 

12 2.4, Intel Celeron 177.4/3 3/22.9% 7 

13 3.6, Intel P4 D 59.7/9 5/15.4% 10 

 

Since it is difficult to theoretically analyze the complexity of these algorithms, the data 

in Table 3.8 is taken as a relative comparison without consideration of the differences 

among the hardware. From Table 3.8, following observations can be made, which 

include: i) In total there are 10 groups achieving performances faster than real-time 

video play, i.e. 25-30 fps, while the lowest and highest speeds are 0.683fps and 

4419.2fps, respectively. The proposed algorithm achieves 123fps at a rank of No.6,  

which is faster than the two groups, which performed better than ours in terms of F1 

measurement; ii) the decoder used is quite old and not optimized, which affect the 

performance of the algorithm in terms of processing speed. Nonetheless, it is still 

ranked No. 10 in the table which can be further improved with a up-to-date decoder; iii) 

Regarding feature extraction and segmentation, the proposed method is ranked No. 5 in 

terms of lower complexity. This suggests that the proposed methodology can be well 
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applied to online video segmentation and many other content-based applications on 

real-time basis such as video indexing and retrieval. 

 

3.7 Summary 

 

A novel method is presented in this chapter for shot boundary detection in compressed 

MPEG videos, where it is found the suggested features are effective and robust. Taking 

this fundamental task as a process of decision making, a series of rules are introduced 

in mapping extracted local features into five sub-spaces. Phase correlation on DC 

images of candidate cut boundaries is found essential in eliminating false alarms 

caused by camera or object motion. The effectiveness and robustness of the method 

has been fully proved by the results on a wide range of test data from TRECVID 2007. 

Most importantly, the achieved good results also shown that shot boundary detection 

can be fast and fully implemented in compressed domain with high performances. 

 


