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ABSTRACT 

 
To enable a viewer to understand the original plot by just watching 

a condensed video, a successful video summarization system 

should yield a summary that preserves both content highlights and 

information coverage. Content highlights include a set of diverse 

concept patterns, each of which corresponds to semantically 

similar video shots and video scenes, each of which represents a 

sequence of highly related and temporally adjacent shots. Decent 

information coverage helps to eliminate the distant jump between 

two nearby shots in the summary. In this paper, we propose an 

efficient Dynamic Programming algorithm to select salient video 

shots as well as balance the two above criteria in a global 

optimization framework. In this framework, a saliency tuning 

method is proposed to fuse information from multimodal (visual-

aural-motion) features through hierarchical (scene, concept pattern, 

shot and sub-shot) structures. From experimental results, the 

performance of our approach behaves well in informativeness and 

enjoyability of a video summary. 

 

Index Terms— Video skimming, Bags of words, scene 

transition graph, saliency tuning, dynamic programming 

 

1. INTRODUCTION 

 
The fast evolution of digital video has brought many new 

applications and consequently, new technologies to reduce the 

costs of video archiving, cataloging and indexing, as well as to 

improve the efficiency in usability and accessibility of video 

libraries [20]. To address these issues, video abstraction techniques 

have emerged and have been attracting more research interest in 

recent years.  

Video skimming is the task that shortens video into a 

temporally condensed version by which viewers may still 

understand the plot of the original video. An obsolete method is 

uniformly sampling the frames to shrink the video size while losing 

the audio part, like most of fast forward function in digital players. 

The time compression method can compress audio and video at the 

same time to synchronize them, using frame dropping and audio 

sampling [12]. However, its compression ratio is limited unless the 

speech distortion is tolerable. Frame-level skimming mainly relies 

on the user attention model to compute a saliency curve; 

unfortunately this method is weak in keeping the video structure, 

especially for a long duration video [2, 9]. Shot clustering is a 

middle-level method in video abstraction, trade-off of complexity 

and efficiency in video structure extraction [6, 19, 21, 11]. Another 

approach chooses outliers as exemplars for skimming [15, 17]. 

Though it works better in event detection than shot clustering, it is 

still applicable for unstructured (like surveillance) videos. 

Semantic level skimming is a method to understand the video 

content, but it is hard to realize this goal due to the “semantic gap” 

puzzle, except some types of clearly structured videos (news and 

sports) [16]. In the “Informedia” project [18], spoken language 

understanding, text detection, key words extraction from 

transcripts and face detection had been integrated to extract 

important information. However, it may not work for a video 

content without clear semantic features to extract. Some people 

apply user-targeted techniques to realize personalized video 

summarization [1], which looks a promising application. 

 

1.1. Related Work 

 

Sundaram et al. applied the audio data segmentation and phrases 

detection in speech transcripts in the defined utility functions for 

audio-visual skims [19], where an objective function is applied to 

maximize the content information and coherence. Based on the 

motion attention model in [9] only, Ngo et al. proposed to perform 

scene modeling and highlight detection for content balance and 

perceptual quality in video summarization [11] and performed 

recursive selection through the hierarchical structure to satisfy the 

skimming ratio.  

       A dynamic programming method is proposed for scene graph 

optimization in video summarization [6] to maximize visual 

diversity and temporal distribution. Recently Shroff et al. defined 

an objective function with two criteria, coverage (exhaustive) and 

diversity (mutually exclusive) for summarization [17]. Visual (no 

audio) features in bags of words for shot descriptors were utilized 

to choose exemplars, especially appropriate for surveillance 

videos. 

 

1.2. Overview 

 

Here we define two criterions to measure the performance of video 

skimming: content highlights and information coverage. First, it is 

intuitive to extract the main skeleton from the original video, 

regard it as a set of content highlights and keep them in the 

summarized video. Video skeleton could be seen as a queue of 

concept patterns or scenes with certain semantic implications in a 

temporal order. A concept pattern encodes semantically similar 

video shots and generally posses the capability as a hallmark that 

hints the development of the original video. Therefore, a viewer 

may possibly recover the plot by only watching and hearing a 

handful of shots excerpted from a set of diverse concept patterns. 

In addition, a video scene--a sequence of interconnected and 

temporally adjacent shots--often depicts and conveys a common 

semantic thread and thus should be regarded as another type of 

content highlights and highly likely to be selected in the summary.  

Second, it is often uncomfortable for a viewer to continuously 

watch content highlights that are temporally far apart. Therefore, it 

is reasonable to include a few transition shots to fill the gap 

between distant content highlights to overcome the sudden jump in 

the logical story illustration as well as to preserve decent coverage 



of the overall information. So a criterion, called information 

coverage is required to preserve the diversity of video 

summarization. 

        In this paper, we propose a novel approach to video skimming 

to select salient video shots while preserve and balance content 

highlights and information coverage in a global optimization 

framework. The algorithm proceeds as follows: we first segment 

the original video into shots followed by extracting visual, motion 

and audio features from sampled frames in each shot: SIFT (Scale 

Invariant Feature Transform), motion vectors of a moving object 

and MP (Matching Pursuit) decomposition of overlapped short-

term audio segments. Next, Bag-of-Words (BoW) shot descriptors 

are calculated from the extracted features and further clustered into 

several groups by spectral clustering, respectively. Each cluster, 

denoted as a concept pattern, represents a set of video shots with 

similar visual, motion or aural content. Based on the shot labels 

from the visual concept pattern, scene transition graph is built. 

Meanwhile, we estimate the information highlights by visual-aural 

saliency analysis. A saliency tuning method can fuse the 

contribution from different concepts patterns through the 

hierarchical structures. Finally, we generate the condensed video 

excerpt of the desired skimming length by concatenating a group of 

shots that not only contains maximum achievable saliency 

accumulation reflecting the content highlights but also tries to span 

and distribute uniformly over the entire video preserving decent 

information coverage. In order to meet the goals, we formulate a 

global optimization framework to address the shot selection 

problem and solve it by an efficient Dynamic Programming (DP) 

algorithm. Experimental results demonstrate good performance of 

the proposed method in both informativeness and enjoyability of a 

video summary. 

 

2. VIDEO STRUCTURE ANALYSIS 

 
Generally, a video can be decomposed into a hierarchical form as 

“videos → scenes → shots → sub-shots → key frames”, illustrated 

in Figure 1. A shot is an uninterrupted clip recorded by a single 

camera. A scene is defined as a collection of semantically related 

and temporally adjacent shots. A sub-shot is a segment within a 

shot that corresponds to a unique camera motion, such as 

panning/tilting, zooming and static. A key frame is the frame 

which best represents the content of a shot /sub-shot. 

 
Fig. 1. A hierarchical structure of video content. 

The temporal segmentation for a video stream is shot 

detection. We use a color variance difference based approach to 

detect shot change which is robust to detect the cut and can also 

get good performance to detect fades [13]. Then, sub-shot 

segmentation can be accomplished through camera motion 

estimation [9]. We compute camera motion between two adjacent 

frames by estimating the affine transformation based on 

corresponding KLT keypoint tracks in a robust framework, i.e., 

RANSAC. For key frame extraction, we apply an adaptive 

selection rule:  choose the median frame for a static shot, sample 

every 20 frames for a pan or tilt shot, and take the first and last 

frames for a zoom shot. Scene segmentation will be explained in 

Session 4 later. 

 

3. FEATURE EXTRACTION 

 

We use three types of features to characterize a video shot: visual 

feature, motion feature and audio feature. In visual features, we 

apply 128-d SIFT feature detection [5] in more salient regions 

(thresholded by visual saliency measure) of key-frames. The SIFT 

feature best exhibits the local characteristics within a 

neighborhood, with highest matching accuracies under different 

scale, orientation, affine distortion, and partially invariant to 

illumination changes. Examples of saliency masked SIFT features 

(gradient amplitude and orientation in pink) are shown in Figure 2. 

 

 
Fig. 2. SIFT features in salient regions  

       In audio features, we chop the audio stream of a shot into 

multiple overlapped short-time audio segments (with the length of 

256-points) with equal length and perform MP decomposition [10] 

on those more salient segments (thresholded by audio saliency). 

Audio and visual saliency analysis will be discussed in Session 5 

later.  

      Using MP, we enable an efficient sparse representation of the 

audio segment. MP is a greedy algorithm, iteratively searching for 

a basis to maximize the energy removed from the residual signal 

(difference of the original signal from the reconstructed signal by 

the chosen basis in the last iteration). Compared with MFCC or 

LPCC, MP-based features are more suitable for unstructured audio 

signals, more robust in noisy environments. The MP basis we 



choose is a set of Gabor waveforms with parameters of translation, 

scale, phase and frequency, defined as  
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Noted that the feature dimension is 4x4x1x16=256 and the Gabor 

bases are all in 256-point length.  

In motion features, we extract only local motion information 

by computing the relative motion of the KLT keypoints located at 

the foreground area after ego-compensation. Figure 3 shows two 

examples of motion segmentation, where foreground keypoints are 

colored in red, background in blue (movement caused by camera 

motion), and their trajectories in green. 

 

 
(a) camera zooming (original and motion) 

 

 
(b)  camera panning (original and motion) 

Fig. 3. Foreground-background motion in camera panning 

In our representation, the polar coordinate system is utilized 

to capture the angles and the distances of a relative motion vector. 

A frame t is sampled every 10 frames in a shot, and Δt=5, to 

encourage large foreground motion and be robust to separate 

foreground and background keypoints.  

The term “BoW” comes from natural language processing 

initially and it has been used in computer vision recently [4]. The 

BoW model uses the occurrence of each “word” in the dictionary 

as the feature of “object”. However, different from text data, the 

codebook is not ready for use and therefore we must build it from 

audio and visual features. Here there is need to collect a lot of 

visual and audio features from key frames of shots in the video and 

cluster them into groups, for instance, by k-means. Then all the 

centroids of clusters are the constructed “words” in the dictionary. 

Based on that, we can find the descriptors of shots represented by a 

histogram of visual words in the key frames and a histogram of 

aural words in the audio segment of the shot. Size of visual and 

aural codebook is 800 and 50 respectively.  

For the motion BoW model, we simply quantize the polar 

motion vector into radial and angular bins to construct motion 

codewords. Provided that the radial coordinate is divided into K 

bins and the angular coordinate is divided into N equal bins, we 

simply concatenate the 2D bins and construct the relative motion 

codebook with the size of NK  . Then each relative motion 

vector )(itr  can be put into one of the NK   bins to find the 

closest motion codeword. Eventually we get three shot descriptors 

for aural-visual-motion features. In this paper K=4 and N=4. 

 

4. CONCEPT PATTERN AND SCENE STRUCTURE 

 
To construct scene structure of the video, we need to group shots 

into different concept patterns [7]. Here we cluster the three types 

of BoW shot descriptors into several groups respectively. The 

clustering algorithm we employ is normalized spectral clustering 

due to its two virtues [8]: insensitive to the number of members in 

clusters and in the favor of closely-located data.  

A number of interrelated shots unified by location or dramatic 

incident constitute a scene. In order to segment video scenes, we 

first associate a shot with its visual concept label. A directed graph 

called scene transition graph (STG) [21] is applied to segment a 

video into scenes. The method works by examining the sequence 

of labels and identifies the subsequences of labels, each of which 

exceeds the minimum length and contains recurring labels. 

 

5. SALIENCY COMPUTATION AND TUNING 

 
Audio saliency for each frame is measured by a variety of low-

level audio features (scalar values), such as Root Mean Square 

(RMS) and Absolute Value Maximum [14]. We denote the audio 

saliency value as )(tSa
computed on the audio clip aligned with 

the boundary of video frame t. 

We combine motion and spatial color into visual saliency 

similar to [3], i.e. formulated into Quaternion Fourier Transform 

(QFT) of a quaternion image shown below, except the difference in 

the motion channel.  

 

5.1. Visual Saliency from Motion and Color Channels 

 

Given a frame t, r(t), g(t), b(t) are the red, green and blue channel 

of frame t. Four broadly tuned color channels are created by the 

following equations: 
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The intensity channel is calculated by 
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The motion channel takes the absolute difference between intensity 

)(tI  and ego-motion compensated intensity )( tI  
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where t

t A  and t

t b  are the estimated camera parameters from 

frame )( t  to frame t.  In [3], the motion channel is frame 

difference only, which may bring importance confusion in case 

camera motion occurs. 

Then we follow the procedure in [3] to obtain the visual 

saliency )(tsM  of frame t by Phase Spectrum of Quaternion 

Fourier Transform (PQFT). Note that for computation efficiency, 

we only calculate PQFT on a resized image whose width equals to 

128. An example of saliency map is given in Figure 4, where the 

top row are two frames for camera motion estimation, the bottom 

left is the motion contrast after ego-compensation and the bottom 

right is the final saliency map.  

 
Fig. 4. An example of saliency map by PQFT. 

The visual saliency value )(tSv
 of frame t can be computed 

by taking average over the entire saliency map as 
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where M and N are frame width and height, respectively. 

 

5.2. Saliency Tuning 

 

We incorporate filmmaking and content cues to highlight the 

important shots by tuning up their saliency values. Meanwhile, 

through the tuning process, we can fuse information from different 

concept patterns and integrate the highlight coverage thorough the 

extracted hierarchical video structures, i.e. sub-shots, shots, 

concept patterns and scenes. A big advantage is to avoid the 

difficulty of visual-aural alignment in video skimming. 

 

5.2.1. Camera Attention Model 

Camera motion is always utilized to emphasize or neglect a certain 

object or a segment of a video, that is, to guide viewers‟ attentions. 

Based on camera motion estimation in Session 3, we apply some 

rules of the camera attention model proposed in [9] to weight the 

visual shot saliency estimated in Session 5.1.  

First, an attention factor 
cm  caused by camera motion is 

quantified to the range of [0~2]. A value greater than 1 means 

emphasis, while a value smaller than 1 means neglect. Then, we 

model camera attention based on the following assumptions: (1) 

Zooming is always used to emphasize something; The faster the 

zooming speeds, the more important the content focused is; 

Usually, zoom-in is used to emphasize details, while zoom-out is 

used to emphasize an overview scene. (2) If a video producer 

wants to neglect something, panning is often applied. The faster 

the speed is, the less important the content is. The visual saliency 

value )(tSv
 of frame t is then scaled by the corresponding camera 

attention factor )(tcm as )()()( tSttS vcmv  . 

 

5.2.2. Fusion of Audio and Visual Saliency 

The linear fusion of visual and audio saliency values of frame t can 

be computed as 
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Where )(
~

tSv
 and )(

~
tSa

 are the normalized visual and audio 

saliency values, respectively; ]1,0[  controls the relative 

importance between visual and audio saliency, which is typically 

set to 0.5. 

In addition, we define shot saliency X(s) of shot s as 
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where X(s) takes the average saliency values of the frames in shot s, 

and len(s) represents the number of frames in shot s. 

 

5.2.3. Concept Pattern Highlights 

As each concept pattern encodes distinct high-level semantic 

meanings, it is reasonable to expect the final video excerpt should 

include a variety of concept patterns. Instead of enforcing each 

concept pattern to at least provide one member in the skimmed 

video as a hard constraint, here with the goal of bringing more 

flexibility and balance with other shot selection criteria, we 

propose a shot saliency tuning technique to indirectly encourage 

the skimmed video to select those top-ranked salient shots in each 

concept pattern.  

Suppose a shot s is in visual concept i

VC , its saliency X(s) 

ranks the top p percentile over all shots in i

VC , || i

VC  represents the 

number of shots in i

VC , }):({MedianMedV iC i

V   represents 

the median of the number of shots in all of visual concepts, 

}):min({MinV iC i

V   represents the smallest number of shots in 

visual concepts, and the target skimming ratio is given as Rt%; then 

the scaling factor )(sV

cp  of shot s in visual concept i

VC  is defined 

as 
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For example, if the targeted skimming ratio is 10%, and the top 

10% salient shots in a relatively large visual concept are more 



likely to be in the skimmed video, and then their saliency values 

are rescaled to 1+exp(-0.3) =1.74082 times. 

We can also compute the scaling factor )(sA

cp  for audio 

concepts and the scaling factor )(sM

cp  for motion concepts 

similarly. The combined scaling factor )(scp  from all of the three 

types of concepts can be defined as 
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where ]1,0[, AV   balance the relatively importance of the 

video, audio and motion concepts, 1 AV   and 

)1( AVM   . Typically, we set 3.0,5.0  AV  . 

 

5.2.4. Scene Highlights 

Similar to concept pattern highlights, we also scale up the saliency 

values of shots from long elapsed and thus important scenes. 

Suppose shot s is in scene isc ,  and || isc  defines the number of 

shots in scene isc , the scaling factor )(ssc  of shot s in scene 

isc  is computed as  
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Then the shot saliency X(s) of shot s is computed as  

)()()()( sXsssX cpsc   .                    (8) 

 

6. VIDEO SKIMMING BY GLOBAL OPTIMIZATION 

 
In order to preserve both content highlights and decent information 

coverage, we design a DP algorithm to solve the video skimming 

problem. We define a value function ),,( tjif  representing a shot 

sequence that starts at shot i, ends at shot j and contains t  

frames (typically we set 30  which is the minimum shot 

length). Notice that the shot sequence does not need to be 

continuous but may fix at two endpoints. Illustrated in Figure 5, we 

can maximize the value function ),,( tjif  as 

 
Fig. 5. Diagram of the optimal substructure for DP solution. 
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where )/|),(|exp(),( dkjdkjY  , len (j) represents the 

length of shot j, i.e., the number of frames in shot j, d(j,k) 

represents the number of frames between shot j and shot k, d  

represents the average number of frames between two nearby shots 

in the uniform sampling of shot pairs if all shots are assumed to 

take the average shot length. 

Given the target skimming ratio, we can search the starting 

and ending shots being a constrained optimization problem, as  

)length/ skim desire,,(maxarg),(
,

 tjifendstart
ji

. 

Here brute-force searching is feasible but inefficient; instead, it can 

be solved with DP due to existence of an optimal substructure. 

With the calculation of the object function value ),,( tjif  and all 

optimal sub-solutions, the in-between shots can be easily traced 

back through the optimal path. Notice that, it is often than not the 

shots near the beginning or ending of a video are extremely 

important, and therefore, instead of searching the starting and 

ending shots globally, a user can also limit the search range or 

even fix the starting and/or ending shots. 

 

7. EXPERIMENT RESULTS 
 

Based on the proposed algorithm, an audio-visual video skim 

system has been implemented by Visual C under the Windows 

environment. Conducting an objective evaluation for video 

summarization is an open issue. We first choose a short video to 

illustrate how the system works, and then we employ the subjective 

user study method by quantifying two metrics: informativeness and 

enjoyability. Enjoyability reflects user‟s satisfactory of his/her 

viewing experience. Informativeness accesses the capability of 

maintaining content coverage while reducing redundancy.  
 

 
(a) Key frames of all video shots 

 
(b) Shot selection of skimming ratio 0.1 

Fig. 6. An example of video skimming. 

 

7.1. Key Frame Plot of Summarized Video  

 



The example video is a seven-minute cartoon movie “the Big Bug 

Bunny” (BBB) from www.bigbuckbunny.org. Its key frames for all 

shots are shown in Figure 6(a), where rectangles in different colors 

mean scenes grouped with STG. A video summarization of 

skimming ratio 0.1 is given in Figure 6(b), where those rectangles 

in red represent the chosen shots in the summarization. This result 

shows a good balance of highlights and coverage in the 

summarization. 

 

7.2. Subjective Evaluation 

 

The subjective test is set up as follows. First, we carefully pick two 

test videos: a seven-minute clip in “Lord of the Rings” (LoR) from 

the database http://poseidon.csd.auth.gr/EN/MUSCLE_moviedb 

and a four-minute clip in “BBB”. Then, we design two 

summarization levels for each clip, 20% and 10% for “BBB” to 

test the extreme cases and 50% and 30% for “LoR” to test ordinary 

summarization cases. Thus, two summaries are generated for each 

test video. The participants are asked to give each summarization 

scores in percentage ranging from 0% to 100%. 

  

Table 1. Basic statistics of subjective testing of “BBB” and “LoR” 

(E: Enjoyability. I: Informativeness.) 

 
Mean 

Std 

error 

Std 

deviation 

LoR 

50% 

E 65.5 2.32 7.34 

I 66.7 2.40 7.59 

LoR 

30% 

E 56.3 2.55 8.06 

I 62.9 2.31 7.30 

BBB 

20% 

E 60.3 2.84 8.98 

I 69.2 2.21 6.99 

BBB 

10% 

E 54.5 2.72 8.61 

I 57.8 2.18 6.89 

 

We collect scores submitted by 10 participants. Due to limited 

space, we only give some basic statistics of the scores indicated in 

Table 1. As shown in the table, most scores exhibit average within 

50%− 70% range. It shows that by reducing from 50% to 30% of 

the video content, the enjoyability and informativeness only drops 

less than 20%, which is an encouraging result. For LoR with 50% 

and 30% ratio, the scores are more concentrated than those of very 

low summarization ratios. It is also observed that the scores of 

10% summary to BBB are more uniformly distributed than the 

other scores, showing that participants‟ feelings diverse when the 

ratio approaches the extreme. 

 

8. CONCLUSIONS 

 
In this paper, we have proposed a novel approach of video 

skimming. We design bags of visual-audio-motion words for shot 

descriptors. We also discover the concept patterns by spectral 

clustering and then extract the scene structure. A saliency tuning 

algorithm is designed to fuse information from multi-modal 

concept patterns through the hierarchical video structures, i.e. 

scenes, concept patterns, shots and subshots etc. The video 

skimming task is solved by dynamic programming to preserve both 

content highlights and information coverage. Experimental results 

demonstrate good performance in subjective evaluation, i.e. 

informativeness and enjoyability.  In future, specific features can 

be extracted for specific contents, for example the playfield color 

for soccer videos, beat and tempo detection for music videos, and 

character recognition for movies etc. 
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