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ABSTRACT
With the increasing number of people who can afford to make videos to record their lives, home videos play more and
more important role in people’s lives. Video abstraction is an efficient way to help review such a huge amount of home
videos. In this paper, an automatic home video abstraction method mainly using audio contents is presented. The audio
contents are first segmented and classified as speech, music, silence and special sounds basing on audio short-time
features and morphology. Then special sounds are further categorized as songs, laughter, applause, scream and others
using Hidden Markov Model (HMM). After that, motion level and blur degree are acquired using the video contents.
Finally, video segments containing special effects, such as speech, laughter, song, applause, scream, and specified
motion level and blur degree, are extracted as the main parts of the abstract. The remaining parts of the abstract are
generated using key frame information. The experimental results show that the proposed algorithm can extract desired
parts of home video to generate satisfactory video abstracts.
Keywords : Home video, video summarization, video browsing and indexing, content-based video retrieval

1. INTRODUCTION
The fast evolution of digital video has brought many new applications and consequently, research and development of
new technologies, which will lower the costs of video archiving, cataloging and indexing, as well as improve the
efficiency, usability and accessibility of stored videos, are greatly needed. Among all possible research areas, one
important topic is how to enable a quick browse of a large collection of video data and how to achieve efficient content
access and representation. To address these issues, video abstraction techniques have emerged and have been
attracting more research interest in recent years. Video abstraction is a short summary of the content of a longer video
document. Specifically, a video abstract is a sequence of still or moving images representing the content of a video in
such a way that the target party is rapidly provided with concise information about the content while the essential
message of the original is well preserved [1]. Theoretically a video abstract can be generated both manually and
automatically, but due to the huge volumes of video data and limited manpower, it’s getting more and more important to
develop fully automated video analysis and processing tools so as to reduce the human involvement in the video
abstraction process.
The development of computer multimedia techniques makes it easy for people to capture their lives by way of
videos. We call those videos captured by families home videos. Home videos usually add up to many hours of material,
which makes it inconvenient for people to review them. The reasons for this are manifold. First, the raw video material is
unedited, and therefore long-winded and lacking appealing things. Although video editing would help, it is still too timeconsuming. Second, video editing is inflexible and cannot adjust to the viewers' various needs. However, a system
capable of abstracting raw videos into shorter ones automatically can not only offer appealing things but also the
flexibility for different purpose. For home video, people could not have much time to generate their video abstracts. So,
automatic home video abstraction is very useful to the users. They can use their video abstracts for different purpose.
They could share their videos with his relatives or friends. And for different people, they want to generate different
video abstracts. These video abstracts can differ in many ways including contents, sizes and other things. They could
even use video abstracts to save storage. To meet all these needs, an automatic method is very useful. There are two
fundamentally different kinds of abstracts: still- and moving-image abstracts. The still-image abstract, also known as a
static storyboard, is a small collection of salient images extracted or generated from the underlying video source. The
moving-image abstract, also known as moving storyboard, or mu ltimedia summary, consists of a collection of image

sequences, as well as the corresponding audio abstract extracted from the original sequence and is thus itself a video
clip but of considerably shorter length. It’s usually more natural and more interesting for users to view a moving-image
than watching a slide show. So in this paper, a moving-image abstracts are used for home video abstraction.
In the VAbstract system developed by the University of Mannheim, Germany [1][2], the most characteristic movie
segments are extracted for the purpose of automatically producing a movie trailer. Specifically, the scenes containing
important objects/people are detected and the high-action scenes are extracted; also, the scenes that have a basic color
composition similar to the average color composition of the entire movie, are included in the abstract with the hope that
they may represent the basic mood of the original movie; moreover, the recognition of dialog scenes is performed. Finally
all selected scenes (except the last part of the movie), organized in their original temporal order, forms the movie trailer.
There are some interesting ideas in this paper, but some parts of the algorithm are too simple to be effective and will need
lots of improvement. However, it was appropriate for making movie trailers, but not very suitable for home videos,
because it only consider the conditions in movies. Home videos have their own features. It used some audio features for
the recognition of dialog, explosions and gunfire, but very limited and simple. The Informedia Project at Carnegie Mellon
University [3] aims to create a very short synopsis of the original video by extracting the significant audio and video
information. Particularly, text keywords are first extracted from manual transcript and closed captioning, then the audio
skimming is created by extracting the audio segments corresponding to the selected keywords as well as including some
of their neighboring segments for better comprehension. Next, the image skimming is created As a result, a set of video
frames, which may not align with the audio in time, but may be more appropriate for image skimming in visual aspect are
extracted. Finally the video skimming is generated by analyzing the word relevance and the structure of the prioritized
audio and image skimming. Experiments of this skimming approach have shown impressive results on limited types of
documentary video that have very explicit speech or text contents. However, satisfying results may not be achievable
using such a text -driven approach on other videos with a soundtrack containing more complex audio contents. And for
home videos, there are nearly no text keywords to be extracted. In the work reported by A. Hanjalic and H.J. Zhang [4],
they first cluster all video frames into an optimal number of clusters. One representative frame (key frame) is then chosen
from each of these clusters. Lastly, the skimming is generated by concatenating all video shots which contain at least
one extracted key frame. But this method neglected the audio contents.
All of the above methods do not mean to abstract home videos, but all videos. However, home videos do have their
own characteristics. So R. Lienhart [5][6] proposed an automatic video abstracting method for home video. First, the time
and date information of the recordings are obtained. Then, all shots are clustered into 5 different levels based on the date
and time, extracted from the video sequence, they are taken. In the next step, a shot shortening process is performed
where longer shots are uniformly segmented into 2-minute-long clips. To choose the desired clips, the sound pressure
level of the audio signal is calculated and employed in the selection process based on the observation that during
important events, the sound is usually more clearly audible over a long period of time than is the case with less important
content. Finally, all selected clips are assembled to form the final abstract using pre-designed video transition effects.
After extensive investigation, we believe that audio features are more fit and practical for home video abstraction.
Usually, people are the focus of home videos and they speak, laugh, applaud or even scream under different
circumstances. Different sounds made by people can indicate different events, but important events are often
accompanied with special sounds. So, audio contents are very important clues for home video abstraction. Compared
with videos’visual features, the audio ones have their own advantages especially for home videos in several ways. First,
they are easier to extract. Although we can detect people from the video and even recognize them by visual features, yet
it is difficult, time-consuming and not practical for video abstraction. However, as to audio features, less data are
processed and it is much easier to detect speech segments and recognize people by their voice. Second, it is easier to
detect most important events and appealing things by audio features. For example, if there happen to be any interesting
things during traveling, people will talk or laugh or cry out. So these events can be detected by audio contents easily,
while it is very difficult or even impossible for visual contents to do so. Although R. Lienhart [5][6] used audio features,
the sound pressure level. But it was fairly simple and did not utilize the abundant audio contents effectively.
Based on the above observation, we attempt an abstraction technique mainly using audio contents. The audio
special effects such as speech, song, laughter, applause, scream are extracted by audio segmentation and classification.
Video special effects (motion level and blur degree) are also acquired. Finally, video segments containing these audio
and video special effects are extracted as the main parts of the abstract. The rest of this paper is organized as follows. In
section 2, we give an overview of our video abstraction system. Audio segmentation and classification is presented in

section 3 and video content processing is presented in Section 4. Section 5 gives the abstraction algorithm. And
experimental results are presented in section 6. We conclude this paper in section 7.
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Figure 2 system overview: home video abstraction using audio contents

2. OVERVIEW OF THE VIDEO ABSTRACTION SYSTEM
As discussed in section 1, home video abstracts could be used for various purposes . So home video abstraction must
meet these needs. To do this, the video abstraction system should possess flexible properties, with which the users can
configure their needs to generate their particular video abstracts. In this paper, flexibility is achieved in the following way.
First, a user interface is devised to capture the users’needs. This user interface contains such information as the total
length, the desired special effects and their proportion in the final abstract. Figure 1 is the interface. Generally speaking,
the desired special effects can be classified as audio special effects and video special events. In this paper, audio special
effects are mainly used, because they are more fit and practical for home video abstraction as is discussed in section 1.
Then, the special effects are extracted from the videos to generate the main parts of the final video abstract, considering
the total length and their proportion. Last, the remaining part of the abstract are extracted from other parts of the video.
Although different audio contents indicate people’s different events, important events or appealing scenes are
usually implied by some special audio effects, which are very significant for home video abstract. As people generally

play the key role in home video abstract, sounds made by people are relatively more important. In this paper, 5 kinds of
audio special effects are selected: speech, song, laughter, scream and applause. The users can choose some of them for
their particular aims, or even add other audio effects such as cry, footstep, etc. The selected sounds are used in section 3
as basic types to segment and classify the audio contents. And the abstraction algorithm extracts the video clips
containing these audio special effects as the main part of the abstract.
For video special effects, color features and motion features are considered in this paper. Two kinds of video
special effects are used: motion level (high-activity or low-activity) and blur degree (clear or blurry). These special effects
are effective and computationally efficient. Although face detection and recognition can be used to get the information
about people in the videos, they are time-consuming. So this has not been added to our system now. Even without them,
we have achieved good results. We will study their use in home video abstraction later.
As regards the remaining part of the video abstract, key frame selection algorithm is used. Then the contents near
the key-frames are extracted. In our abstraction system, Video browsing information is simultaneously generated with the
video abstracts, for the users are likely to browsing the abstract after the video abstracts are generated. Video browsing
aims to provide the user with an efficient tool to grasp the main idea of videos or to find out what are the important
contents. Users can use it to understand the videos quickly.
Figure 2 shows the overview of our abstraction system. First, the user input his needs using the system interface.
Then audio contents are segmented and classified. Audio features are extracted for each audio segment. A two-level
(frame level and model level) classification algorithm is used to classify the audio contents. And video contents are
segmented and their features are extracted. After that, the main parts of the video abstract are generated using the
special effects selected by the user. Finally, the remaining parts of the abstract are extracted using the key frame
information.

3. AUDIO SEGMENTATION AND CLASSIFICATION
Much work had been done on audio segmentation and classification. One basic problem is speech/music discrimination
[7][8][9]. But for video abstraction, only speech/music discrimination is not enough. It must distinguish a several types
of sounds, i.e. speech, music, song, laughter, applause and scream etc. T. Zhang’s work [10][11] is appropriate for this
purpose. In order to achieve both the efficiency and accuracy of the segment classification, a hierarchy method is used
in this paper. In the frame level, the segments are categorized into 4 basic types: speech, music, silence and special
sound.
In the model level, the special sound are further classified into 5 types, including songs, laughter, scream,
applause and others.
3.1 Audio feature extraction
In this paper, three kinds of audio feature are utilized to segmentation and classification. They are short-time energy,
average zero-crossing rate and fundamental frequency, as described in literature [10].
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operator fuf {⋅} estimates the fundamental frequency from the short-time spectrum. It consists of two steps. First,
peaks in the spectrum which might represent the harmonics are detected. Second, it is checked whether there are
harmonic relations among detected peaks.
3.2 Audio segmentation and classification
The three audio features are extracted sequentially from the audio data. Whenever there is an abrupt change in any of
these three features, a segment boundary is declared.
After audio is divided into segments, segment classification is applied to classify them into different types. In order
to achieve both the efficiency and accuracy of the segment classification, a hierarchy method is used in this paper.
In the first level (frame level), the segments are categorized into 4 basic types: speech, music, silence and special
sounds, using the short -time audio features. The frame level classification include 5 steps: (1) separating silence; (2)
separating environmental sounds with special features; (3) distinguishing music; (4) distinguishing speech; and (5)
classifying other sounds as special sound. For details, we refer to [10].
In the second level (model level), the segments of special sounds are further classified into 5 types, including song,
laughter, scream, applause and others, using HMM [12]. Two types of information are contained in the HMM, i.e. timbre
and rhythm. Timbre is generally defined as the quality which allows one to tell the difference between sounds of the
same level and loudness when made by different musical instruments or voices. Rhythm is a term originally defined for
speech and music. It is the quality of happening at regular periods of time. Here, it is extended to special sound to
represent the change pattern of timbres in a sound segment. Each kind of timbre is denoted by one state of HMM, and
represented with the Gaussion mixture density. The rhythm information is denoted by transition and duration parameters
in HMM. Once HMM parameters are set, sound segments can be classified into available classes by matching the
models of these classes. We refer to [11] for details.
4. VIDEO CONTENTS PROCESSING
In order to get the information for video abstraction, the video contents must be first segmented into video shots. Then
motion level and blur degree are acquired for each shot.
4.1 Shot detection
A shot designates a video sequence which was recorded by an uninterrupted camera operation. Neighboring shots are
concatenated by editing effects such as hard cuts, fades, wipes or dissolves. Most of the editing effects result in
characteristic spatio-temporal changes in subsequent frames of the video stream, and can therefore be detected
automatically. Various methods have been proposed and implemented successfully. In our abstraction system, we used
the twin comparison algorithm that detects not only simple camera breaks but also gradual transitions implemented by
special effects such as fades, wipes and dissolves, initially published in [13].
4.2 Motion level
Motion level is measured by color variance. The temporal variance of mean color over all frames in a shot is used as
a indicator of the scope of temporal content changes within the shot. Color variance is defined as:
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number of frames in a shot. This feature can also be calculated from a sub-sampled number of frames in a shot to reduce
computation time. The temporal variance has been successfully used as an activity measure to classify news video clips
into anchorperson shots and news shots [14], which indicates that it is an effective feature to distinguish shots of highactivity level from those of low-activity level.
4.3 Blur degree

We used a blur-detection algorithm, proposed by Xavier Marichal et al[15], which can exploit the available DCT
information of MPEG compressed videos involving a minimal computational load. It is computational efficient and its
result is fairly well. The technique is based on histograms of non-zero DCT occurrences, computed directly from MPEG
videos. For MPEG compressed video, the proposed algorithm is suitable for all types of pictures: I-frames, P-frames or Bframes. The objective of blur detection is to provide a percentage indicating the global image quality in terms of blur: 0%
would mean that the frame is totally blurred while 100% would mean that no blur at all is present in that particular frame.
This blur indicator characterizes the global image blur caused by camera motion or out of focus. Since we focus
analyzing MPEG compressed video data, it is desirable that the blur indicator can be directly derived from the DCT layer
of an MPEG video bit stream. It is important to select a blur indicator which is as independent as possible from the
particular content of an image as well as from the type of MPEG frames (I, P or B). Intuitively, blur is the opposite of edge
sharpness. DCT coefficients render this sharpness via the high values of some AC coefficients. This blur measure
therefore looks for the absence of such edges into the image, which is considered to prove a blurred image. Three steps
lead to the final measure:
1) In order to characterize the global blur, it is proposed to establish a measure that takes into account the DCT
information of the entire image as a whole. It is likely that any type of edge will cross some 8x8 blocks at least
once in the image. Globalization among all DCT blocks would therefore enable to have an idea about the
general edge sharpness, i.e. the global (camera or motion) blur.
2) In order to be as independent as possible of the content of the image, coefficients should not be considered
directly since their values are closely related to the type of image they depict. One rather proposes to look at
the distribution of null coefficients instead of the values themselves: blur-red images are likely to have all of
their high-frequency coefficients set to zero, whatever their content is.
3) In order to remove the dependency to the image size, the number of blocks in the image should divide the
number of times a coefficient is not zero. This would limit histogram values to 1. However, coefficients are often
zeros in P- and B-frames. In order to homogenize the look of the histogram for all types of pictures, the number
of non-zero occurrences of a coefficient is divided by the number of non-zero occurrences of the DC coefficient.
In the implementation, DCT coefficients whose value is inferior to a threshold MinDCTValue are considered null.
This thresholding aims at neglecting small values which may result from noise. The threshold is typically set to 8, which
is the DC value of a homogeneous luminance block with intensity 1.The idea of the blur estimation algorithm is then to
examine the number of coefficients that are (almost) always zero in the image, i.e. to count the number of zeroes (or nearly
zero values) in DCT coefficients histograms. In practice, all values inferior to a threshold MaxHistValue are considered as
not relevant for the final computation. This threshold is generally set to 0:1, i.e. only coefficients that appear 10% as
often as the DC coefficient are taken into account for the blur determination. The final quality measure is obtained via a
weighting grid.

5. ABSTRATION USING AUDIO CONTENTS
After the audio segmentation and classification stage, audio contents are divided into segments and each of them
belongs to one of the following types: speech, music, silence, laughter, applause, scream, song, and others. As stated in
section 2, speech, song, laughter, applause, scream are more important audio contents for home video abstraction. They
are called audio special effects. The users can select some of them for their different use. For video contents, the users
can specify the motion level and blur degree. Now task of video abstraction is how to use these audio and video
contents to generate video abstract according to the user’s various requirements.
The abstraction algorithm starts with a user interaction: the users need to provide the target length Len of the
abstract, select the audio special effects and video special effects including video motion level and blur degree, specify a
proportion α of the target length. Then the following steps are taken to generate the video abstract.
1) The length of abstract containing the audio and video effects is obtained by a proportion α of the target
length. In this paper, the default value is 80%. And the user can set this value to his mind for different purpose.
2) If blur degree is specified by the user, each of the other segments containing the special effects are check to
see whether their blur degrees meet the user’s need. For those which do not meet the user’s need, we discard
them.

3)
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Due to the fact that the user will generate video abstract for different purpose, special effect contents have
different significance in video abstracts. So in this paper, the user can specify the importance of different
special effects, which is used as weights wi (i ∈ [1..K ]) for the length of each type of special effect
contents . They can be seen in the user interface of Figure 1 as “Importance”. Then for every segment
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the user a clear meaning. The user can specify this value through the user interface as “Min Segment Length”
in Figure 1. The default value in this paper is 2 minutes. If there exist some segments shorter than this minimum
value, we will first delete the segment with shortest length and highest blur degree, and then recalculate the
lengths. This procedure will be repeated until all the lengths are longer than the minimum value.
Different sounds not only indicate different events, but also imply the different time of the events to take place.
As for laughter, applause and scream, the attractive events indicated by them usually take place before them.
So the extracted contents should both before and at the beginning of these segments. While for speech and
song, things are more complex. If the actual length of a segment is not so long, we can simply extract the
contents at the middle of the segment. But if it is long enough, visual features are used to generate the
extracted contents, as described at step (6).
After important parts are extracted, the remaining contents are extracted from those segments containing audio
contents of music, silence and others. Several methods can be used for this purpose. A simple one is the
average selection. But visual contents can be very helpful. So, in this paper, the key-frame selection algorithm
described in literature [16] is used. Then the contents near the key-frames are extracted. Also, as is shown in
Figure 1, the user can specify the importance of music, silence and others, which will be used for the resulting
length of them.
Generate the video browsing information.

6. EXPERIMENTAL RESULTS
There is no absolute measure of the quality of a home video abstract, because different people have different aims. And
even people with the same aim will give different evaluation. So the practical method is asking test persons for their
evaluation. We test our algorithm in the following way.
We generated 5 abstracts of 1 to 5 minutes from five home videos ranging from 2 to 3 hours in the default way. First,
10 test persons watched each abstract. Then they browsed the original video. In the end, they were asked to give his
evaluation of the abstract on a scale of 0 to 5, corresponding to total disagreement and total agreement respectively. The
average evaluation is 4, 4.2, 4.2, 4.5, 4.7.
Then we let the test persons generate the home video at their will and give their evaluation. In this way, the
evaluation is 4.3, 4.4, 4.7, 4.7, 4.9.
From the experimental results, we can see that the abstract algorithm works well in home videos. And with the user’s
interaction, we can achieve even better results. Figure 3 gives an example of video abstract for home video. The raw

video is captured during traveling. The abstract result is showed using the browsing information generated
simultaneously with the abstract.

Figure 3 an example of video abstract for home video

7. CONCLUSION
This paper presents an automatic home video abstraction method mainly using audio contents. After extensive
investigation, audio contents are believed to be more fit and practical for home video abstraction. So in this paper, audio
contents are used as the main clues for home video abstraction. Five types of sounds (laughter, applause, scream, songs
and speech) are selected as the most important audio contents. The video clips containing them are extracted as the main
part of the abstract. The remaining part are extracted from music, silence and others using visual features. Experimental
results show that this method can generate satisfactory home video abstracts. Future work involves improving ways to
combine audio and visual contents, studying the use of face detection and recognition in the current system.
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