
 

215

 

0-8493-1526-3/2004/$0.00+$1.50
© 2004 by CRC Press LLC

 

chapter 8

 

Video Summarization

 

Cuneyt M. Taskiran and Edward J. Delp

 

Contents

 

8.1 Introduction ............................................................................................... 217
8.1.1 Types of Video Summaries ......................................................... 218
8.1.2 Terminology .................................................................................. 219

8.2 Approaches to Video Summary Generation ....................................... 220
8.2.1 General Approach to Video Summary Generation ................ 220
8.2.2 Speedup of Playback ................................................................... 221
8.2.3 Techniques Based on Frame Clustering ................................... 221
8.2.4 Techniques Based on Frame Clustering by 

Dimensionality Reduction .......................................................... 223
8.2.5 Techniques Using Domain Knowledge .................................... 223
8.2.6 Techniques Using on Closed-Captions or Speech 

Transcripts .................................................................................... 224
8.2.7 Approaches Using Multiple Information Streams ................. 225

8.3 Summary Visualization Types ................................................................ 226
8.3.1 Static Visualizations or Video Abstracts................................... 226
8.3.2 Dynamic Visualizations or Video Skims .................................. 227
8.3.3 Other Types of Visualizations .................................................... 227

8.4 Evaluation of Video Summaries............................................................. 227
8.5 Conclusion.................................................................................................. 229
References .......................................................................................................... 230

 

8.1 Introduction

 

Deriving compact representations of video sequences that are intuitive for
users and let them easily and quickly browse large collections of video data
is fast becoming one of the most important topics in content-based video
processing. Such representations, which we will collectively refer to as 

 

video
summaries

 

, rapidly provide the user with information about the contents of
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the particular sequence being examined while preserving the essential mes-
sage. The need for automatic methods for generating video summaries is
fueled both from the user and production viewpoints. With the proliferation
of personal video recorder devices and hand-held cameras, many users
generate many times more video footage than they can digest. On the other
hand, in today

 

’

 

s fast-paced news coverage, programs such as sports and
news must be processed quickly for production or their value quickly
decreases. Such time constraints and the increasing number of services being
offered place a large burden on production companies to process, edit, and
distribute video material as quickly as possible. 

In this chapter we review the current state of the art in automatic video
summarization. Summarization, be it for a video, audio, or text document,
is a challenging and ill-defined task since it requires the processing system
to make decisions based on high-level notions such as the semantic content
and relative importance of the parts of the documents with respect to each
other. Evaluating resulting summaries is also a problem since it is hard to
derive quantitative measures of summary quality. We will examine some of
the approaches that were proposed to deal with these problems. 

 

8.1.1 Types of Video Summaries

 

The goal of video summarization is to process video sequences that contain
high redundancy and make them more exciting, interesting, valuable, and
useful for users. The properties of a video summary depends on the appli-
cation domain, the characteristics of the sequences to be summarized, and
the purpose of the summary. Some of the purposes that a video summary
might serve are listed below. 

1. Intrigues the viewer to watch the whole video. Movie trailers, pre-
pared by highly skilled editors and high budgets, are the best exam-
ples of this type. 

2. Lets the user decide if the whole video is worth watching. Summaries
of video programs that might be used in personal video recorders
are examples of this category. The user may have watched the episode
that was recorded or may have already watched similar content so
might not want to watch the program after seeing the summary. 

3. Helps the user locate specific segments of interest. For example, in
distance learning, students can skip parts of a lecture with which
they are familiar and instead concentrate on new material. 

4. Lets users judge if the video being examined is relevant to their query.
In content-based image database applications, it is customary to re-
turn the results of queries as thumbnail images, which can be judged
at a glance for relevance to the query. The same task is time consum-
ing for video sequences since search results may contain many long
sequences containing hundreds of shots. Presenting the summaries
of the results would be much more helpful. 
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5. Enables users of pervasive devices, such as PDAs, palm computers,
and cellular phones, to view video sequences, which these devices
otherwise would not be able to handle due to their low processing
power. Using summaries also results in significant downloading cost
savings for such devices. An example of such an application is the
system developed by IBM using annotations based on the MPEG-7
standard [1]. 

6. Gives the viewer all the important information contained in the vid-
eo. These summaries are intended to replace watching the whole
video. Executive summaries of long presentations would be an ex-
ample of this type. 

The above list, while not complete, illustrates the wide range of different
types of video summaries one would like to generate. We observe that for
most applications video summaries mainly serve two functions: the indicative
function, where the summary is used to indicate what topics of information
is contained in the original program; and the informative function, where they
are used to cover the information in the source video as much as possible
subject to the summary length. These summary applications are not indepen-
dent, and video summarization applications often will be designed to achieve
a mixture of them. Naturally there is no single approach, neither manual nor
automatic, that will apply to all types of video summaries. 

 

8.1.2 Terminology

 

Before proceeding further we will introduce the terminology that will be
throughout this chapter. We will use the term 

 

video summarization

 

 to denote
any method that can be used to derive a compact representation of a video
sequence. Once a summary is obtained after processing the source video it
has to be presented to the user. We use the term 

 

summary visualization

 

, or
just visualization, to refer to the method that is used to display the summary.
There are two main categories of summary visualizations 

1. In static visualization methods a number of representative frames,
often called keyframes, are selected from the source video sequence
and are presented to the user, sometimes accompanied by additional
information such as timestamps and closed caption text [2–8]. We
refer to such visualizations as 

 

video abstractions

 

. This type of summary
visualization is sometimes referred to as the 

 

storyboard presentation

 

. 
2. Dynamic visualization methods generate a new, much shorter video

sequence from the source video [9–14]. We refer to dynamic visual-
izations as 

 

video skims

 

. 

Unfortunately, there is little agreement in the literature on the terminol-
ogy used to describe visualizations. For example, Hanjalic and Zhang define
a video abstract as a

 

 “

 

compact representation of a video sequence

 

” 

 

[15],
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which denotes a general representation and corresponds to our definition of
video summary. On the other hand, Lienhart [11] uses the same term to refer
to what we defined to be video skims. 

For video skims the duration of the summary is generally specified by
the user in terms of the summarization ratio (SR), which is defined as the
ratio of the duration of the video skim to the duration of the source video.
For video abstracts the user may specify the number of keyframes to be
displayed. 

The chapter is organized as follows: in section 8.2 we examine the numer-
ous approaches proposed to automatically generate summaries from video
programs. Methods used for summary visualization are investigated in sec-
tion 8.3. Evaluation of video summaries is examined in section 8.4. Finally,
some concluding remarks are given in section 8.5.

 

8.2 Approaches to Video Summary Generation

 

8.2.1 General Approach to Video Summary Generation

 

Most video content may be broadly categorized into two classes: 

 

1.

 

Event-Based Content. These types of video programs contain easily
identifiable story units that form either a sequence of different events
or a sequence of events and non-events. Examples of the first kind
of programs are talk shows and news programs where one event
follows another and their boundaries are well-defined. For talk shows
each event contains a different guest while for news programs each
event is a different news story. The best example of programs where
sequence of events and non-events occur are sports programs. Here,
the events may correspond to highlights such as touchdowns, home
runs, and goals. 

 

2.

 

Uniformly Informative Content. These are programs which cannot
be broken down to a series of events as easily as event-based content.
For this type of content, all parts of the program may be equally
important for the user. Examples of this type of content are sitcoms,
presentation videos, documentaries, soap operas, and home movies. 

Note that the distinction given above is not clear cut. For example, for
sitcoms one can define events according to the appearance of canned laugh-
ter. Movies form another example; most action movies have a clear sequence
of action and non-action segments. 

For event-based content, since the types of events of interest are
well-defined, one can use knowledge-based event detection techniques. In
this case, the processing will be domain-specific and a new set of events and
event detection rules must be derived for each application domain, which
is a disadvantage. However, the summaries produced will be more reliable
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than those generated using general summarization algorithms. This type of
algorithm is examined in section 8.2.5. 

If domain-based knowledge of events is not available or if one is dealing
with uniformly informative content, like documentaries, one has to resort to
more general summarization techniques. The main idea behind these tech-
niques is to get rid of the redundancy in a video sequence by clustering
similar parts of the sequence together. This may be done in two ways: In the
top-down clustering approach the source video is first divided into seg-
ments. One way to achieve this is to perform shot boundary detection on
the sequence. Another way is to perform time-constrained clustering to
identify segments. Once the segments are identified they are clustered to
collect similar segments together. In the bottom-up clustering approach the
segment detection step is skipped and frames from the video are clustered
directly. 

Once the content clusters in the video sequence are identified, each
cluster is represented using either keyframes or using portions of the seg-
ments belonging to clusters. Representation of clusters for summarization
display purposes will be examined in depth in section 8.3. In this section we
investigate various approaches that have been proposed to generate video
summaries. 

 

8.2.2 Speedup of Playback

 

A simple way to compactly display a video sequence is to present the
complete sequence to the user but increase the playback speed. A technique
known as time scale modification can be used to process the audio signal so
that the speedup can be made with little distortion [16]. The compression
allowed by this approach, however, is limited to a summarization ratio (SR)
of 1.5-2.5, depending on the particular program genre [17]. Based on a
comprehensive user study, Amir et al. report that for most program genres
and for novice users, a SF of 1.7 can be achieved without significant loss in
comprehension. However, this SR value is not adequate for most summari-
zation applications, which often require a SR between 10 and 20. 

 

8.2.3 Techniques Based on Frame Clustering

 

Dividing a video sequence into segments and extracting one or more key-
frames from each segment was long recognized as one of the simplest and
most compact ways of representing video sequences. For a survey of key-
frame extraction techniques the reader is referred to [15]. These techniques
generally focus on the image data stream only. Color histograms, because
of their robustness, have generally been used as the features for clustering. 

One of the earliest work in this area is by Yeung and Yeo [2] using
time-constrained clustering of shots. Each shot is then labeled according to
the cluster to which it belongs, and three types of events, dialogue, action,
and other, are detected based on these labels. Representative frames from
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each event are then selected for the summary. The Video Manga system by
Uchihashi et al

 

.

 

 [7] clusters individual video frames using YUV color histo-
grams. Iacob, Lagendijk, and Iacob [18] propose a similar technique. How-
ever, in their approach video frames are first divided into rectangles, whose
sizes depend on the local structure, and 

 

YUV

 

 histograms are extracted from
these rectangles. Ratakonda, Sezan, and Crinon [19] extract keyframes for
summaries based on the area under the cumulative action curve within a
shot, where the action between two frames is defined to be the absolute
histogram difference between color histograms of the frames. They then
cluster these keyframes into a hierarchical structure to generate a summary
of the program. 

Ferman and Tekalp [20] select keyframes from each shot using the fuzzy

 

c

 

-clustering algorithm, which is a variation of the 

 

k

 

-means clustering method,
based on alpha-trimmed average histograms extracted from frames. Cluster
validity analysis is performed to automatically determine the optimal num-
ber of keyframes from each shot to be included in the summary. This sum-
mary may then be processed based on user preferences, such as the maxi-
mum number of keyframes to view, and cluster merging may be performed
if there are too many keyframes in the original summary. 

The approaches proposed in [15] and [21] both contain a two-stage
clustering structure, which is very similar to the method used in [20] but
instead of performing shot detection segments are identified by clustering
of video frames. Hanjalic and Zhang use features and cluster validity anal-
ysis techniques that are similar to those in [20]. Farin, Effelsberg, and de
With [21] propose a two-stage clustering technique based on luminance
histograms extracted from each frame in the sequence. First, in an approach
similar to time-constrained clustering, segments in the video sequence are
located by minimizing segment inhomogeneity, which is defined as the sum
of the distances of all frames within a segment to the mean feature vector
of the segment. Then, the segments obtained are clustered using the
Earth-Mover

 

’

 

s distance [22]. Yahiaoui, Merialdo, and Huet [23] first cluster
frames based on the 

 

L

 

1 distance between their color histograms using a
procedure similar to 

 

k

 

-means clustering. Then, a set of clusters is chosen as
to maximize the coverage over the source video sequence. 

An application domain that poses unique challenges for summarization
is home videos. Since home videos generally have no plot or summary and
contain very little editing, if any, the editing patterns and high level video
structure, which offer a strong cue in the summarization of broadcast pro-
grams, are absent. However, home videos are inherently time-stamped dur-
ing recording. Lienhart [11] proposes a summarization algorithm where
shots are clustered at four time resolutions using different thresholds for
each level of resolution using frame time stamps. Very long shots, which are
common in home videos, are shortened by using the heuristic that during
important events audio is clearly audible over a longer period of time than
less important content. 
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8.2.4 Techniques Based on Frame Clustering by Dimensionality 
Reduction

 

These techniques perform a bottom-up clustering of the video frames
selected at fixed intervals. A high dimensional feature vector is extracted
from each frame; this dimensionality is then reduced either by projecting
the vectors to a much lower dimensional space [24, 25] or by using local
approximations to high dimensional trajectories [6, 8] Finally, clustering of
frames is performed in this lower dimensional space. 

DeMenthon, Kobla, and Doerman [6] extract a 37-dimensional feature
vector from each frame by considering a time coordinate together with the
three coordinates of the largest blobs in four intervals for each luminance
and chrominance channel. They then apply a curve splitting algorithm to
the trajectory of these feature vectors to segment the video sequence. A
keyframe is extracted from each segment. Stefanidis et al. [8] propose a
similar system; however, they split the three-dimensional trajectories of
video objects instead of feature trajectories. 

Gong and Liu [24] use singular value decomposition (SVD) to cluster
frames evenly spaced in the video sequence. Each frame is initially repre-
sented using three-dimensional RGB histograms, which results in
1125-dimensional frame feature vectors. Then, SVD is performed on these
vectors to reduce the dimensionality to 150 and clustering is performed in
this space. Portions of shots from each cluster are selected for the summary.
Cooper and Foote [25] sample the given video sequence at a rate of one
frame per second and extract a color feature vector from each extracted
frame. The cosine of the angle between feature vectors is taken to be the
similarity measure between them and a non-negative similarity matrix is
formed between all pairs of frames. Non-negative matrix factorization
(NMF) [26], is used to reduce the dimensionality of the similarity matrix.
NMF is a linear approximation similar to SVD, the difference being the fact
that the basis vectors are non-negative. 

 

8.2.5 Techniques Using Domain Knowledge

 

As discussed in the beginning of this section, if the application domain of
the summarization algorithm is restricted to event-based content, it becomes
possible to enhance summarization algorithms by exploiting domain-specific
knowledge about events. Summarization of sports video has been the main
application for such approaches. Sports programs lend themselves well for
automatic summarization for a number of reasons. First, the interesting
segments of a program occupy a small portion of the whole content; second,
the broadcast value of a program falls off rapidly after the event so the
processing must be performed in near real-time; third, compact representa-
tions of sports programs have a large potential audience; finally, often there
are clear markers, such as cheering crowds, stopped games, and replays,
that signify important events. 
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Summarization of soccer has received a large amount of attention
recently (see [27] for a survey of work in soccer program summarization).
Li, Pan, and Sezan [28] develop a general model for sports programs where
events are defined to be the actions in a program that are replayed by the
broadcaster. The replay is often preceded by a close-up shot of the key
players or the audience. They apply their approach to soccer videos where
they detect close-up shots by determining if the dominant color of the shot
is close to that of the soccer field. Ekin and Tekalp [27] divide each keyframe
of a soccer program into 9 parts and use features based the color content to
classify shots into long, medium, and close-up shots. They also detect shots
containing the referee and the penalty box. Goal detection is performed
similar to [28] by detecting close-up shots followed by a replay. Cabasson
and Divakaran [29] detect audio peaks and a motion activity measure to
detect exciting events in soccer programs. Based on the heuristic that the
game generally stops after an exciting event, they search the program for
sequences of high motion followed by very little motion. If an audio peak
is detected near such a sequence it is marked as an event and included in
the summary. 

Domain knowledge can be very helpful even for uniformly informative
content. For example, He et al. [12] have proposed algorithms based on
heuristics about slide transitions and speaker pitch information to summa-
rize presentation videos. 

 

8.2.6 Techniques Using on Closed-Captions or Speech Transcripts

 

For some types of programs a large portion of the informational content is
carried in the audio. News programs, presentation videos, documentaries,
teleconferences, and instructional videos are some examples of such content.
Using the spoken text to generate video summaries becomes a powerful
approach for these types of sequences. Content text is readily available for
most broadcast programs in the form of closed captions. For sequences, like
presentations and instructional programs, where this information is not
available, speech recognition may be performed to obtain the speech tran-
script. Once the text corresponding to a video sequence is available, one can
use methods of text summarization to obtain a text summary. The portions
of the video corresponding to the selected text may then be concatenated to
generate the video skim. Processing text also provides a high level of access
to the semantic content of a sequence that is not possible to achieve using
the image content only. 

Agnihotri et al

 

.

 

 [30] search the closed-caption text for cue words to
generate summaries for talk shows. Cues such as

 

 “

 

please welcome

 

” 

 

and

 

“

 

when we come back

 

” 

 

in addition to domain knowledge about program
structure are used to segment the programs into parts containing individual
guests and commercial breaks. Keywords are then used to categorize the
conversation with each guest into a number of predetermined classes such
as 

 

movie

 

 or 

 

music

 

. In their ANSES system Pickering, Wong, and Rueger [31]
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use key entity detection to identify important keywords in closed-caption
text. Working under the assumption that story boundaries always fall on
shot boundaries, they perform shot detection followed by the merging of
similar shots based on the similarity of words they contain. They then detect
the nouns in text using a part of speech tagger and use lexical chains [32] to
rank the sentences in each story. The highest scoring sentences are then used
to summarize each news story. 

An example of a technique that uses automatic speech recognition (ASR)
is the one proposed by Taskiran et al. [9]. The usage of ASR makes their
method applicable to cases where the closed-caption text is not available,
such as presentations or instructional videos. In their approach the video is
first divided into segments at the pause boundaries. Then, each segment is
assigned a score using term frequencies within segments. Using statistical
text analysis, dominant word pairs are identified in the program and the
scores of segments containing these pairs are increased. The segments with
highest scores are selected for the summary. 

 

8.2.7 Approaches Using Multiple Information Streams

 

Most current summarization techniques focus on processing one data
stream, which is generally image data. However, multi-modal data fusion
approaches, where data from images, audio, and closed-caption text are
combined, offer the possibility to greatly increase the quality of the video
summaries produced. In this section we look at a few systems that incorpo-
rate features derived from multiple data streams. 

The MoCA project [14], one of the earliest systems for video summari-
zation, uses color and action content of shots, among other heuristics, to
obtain trailers for feature films. The Informedia project constitutes a pioneer
and one of the largest efforts in creating a large video database with search
and browse capabilities. It uses integrated speech recognition, image pro-
cessing, and natural language processing techniques for the analysis of video
data [13, 33]. Video segments with significant camera motion, and those
showing people or a text caption, are given a higher score. Audio analysis
includes detection of names in the speech transcript. Audio and video seg-
ments selected for summary are then merged while trying to maintain
audio/video synchronicity. 

Ma et al. [34] propose a generic user attention model by integrating a
set of low-level features extracted from video. This model incorporates fea-
tures based on camera and object motion, face detection, and audio. An
attention value curve is obtained for a given video sequence using the model
and portions near the crests of this curve are deemed to be interesting events.
Then, heuristic rules are employed, based on pause and shot boundaries,
and the SR, to select portions of the video for the summary. Another
model-based approach is the computable scene model proposed by Chang
and Sundaram [35], which uses the rules of film-making and experimental
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observations in the psychology of audition. Scenes are classified into four
categories using audio and video features. 

 

8.3 Summary Visualization Types

 

After the video summarization is obtained by using the techniques described
in section 8.2 it has to be displayed to the user in an intuitive and compact
manner. Depending on the desired summary type and length, information
from all detected video clusters may be used. Alternatively, importance
scores may be assigned to each cluster using various combinations of visual,
audio, textual, and other features extracted from the video sequence, and
only portions or keyframes extracted from the clusters with the highest
scores may be included in the summary. In this section we review some of
the summarization display approaches that have been proposed. These
methods mainly fall into two categories: Video abstracts based on keyframes
extracted from video and video skims where portions of the source video
are concatenated to form a much shorter video clip. 

 

8.3.1 Static Visualizations or Video Abstracts

 

The simplest static visualization method is to present one frame from each
video segment, which may or may not correspond to an actual shot, in a
storyboard fashion. The problems with this method are that all shots appear
equally important to the user and the representation becomes unpractically
large for long videos. 

One way to alleviate this problem is to rank the video segments and to
display only the representative key-frames belonging to the segments with
highest scores. In order to further reflect the relative scores of the segments,
the keyframes may be sized according to the score of the segment. This
approach has been used in [2] and [7] where keyframes from segments are
arranged in a

 

 “

 

video poster

 

” 

 

using a frame packing algorithm. In their
PanoramaExcerpts system Taniguchi, Akutsu, and Tonomura [3] use pan-
oramic icons, which are obtained by merging consecutive frames in a shot,
in addition to keyframes. In the Informedia project time ordered keyframes,
known as filmstrips, were as video abstracts [36]. 

Although video abstracts are compact, since they do not preserve the
time-evolving nature of video programs, they present fundamental draw-
backs. They are somewhat unnatural and hard to grasp for nonexperts,
especially if the video is complex. Most techniques just present keyframes
to the user without any additional metadata, like keywords, which can make
the meaning of keyframes ambiguous. Finally, static summaries are not
suitable for instructional, and presentation videos, as well as teleconferences,
where most shots contain a talking head, and most of the relevant informa-
tion is found in the audio stream. These deficiencies are addressed by
dynamic visualization methods. 
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8.3.2 Dynamic Visualizations or Video Skims

 

In these methods the segments with the highest scores are selected from the
source video and concatenated to generate a video skim. While selecting
portions of the source video to be included in the video skim, care must be
exercised to edit the video on long audio silences, which generally corre-
spond to spoken sentence boundaries. This is due to the experimentally
verified fact that users find it very annoying when audio segments in the
video skim begin in mid-sentence [9, 12]. 

 

8.3.3 Other Types of Visualizations

 

There are also some video browsing approaches that may be used to visualize
video content compactly and hence may be considered a form of video
summarization. 

As part of the Informedia Project, Wactlar [33] proposes video collages,
which are rich representations that display video data along with related
keyframes, maps, and chronological information in response to a user query.
In their BMOVIES system, Vasconcelos and Lippman [4] use a Bayesian
network to classify shots as action, close-up, crowd, or setting based on
motion, skin tone, and texture features. The system generates a timeline that
displays the evolution of the state of the semantic attributes throughout the
sequence. Taskiran et al

 

.

 

 [5] cluster keyframes extracted from shots using
color, edge, and texture features and present them in a hierarchical fashion
using a similarity pyramid. In the CueVideo system, Srinivasan et al. [37]
provide a video browser with multiple synchronized views. It allows switch-
ing between different views, such as storyboards, salient animations, slide
shows with fast or slow audio, and full video while preserving the corre-
sponding point within the video between all different views. Ponceleon and
Dieberger [38] propose a grid, which they call the movieDNA, whose cells
indicate the presence or absence of a feature of interest in a particular video
segment. When the user moves the mouse over a cell, a window shows a
representative frame and other metadata about that particular cluster. A
system to build a hierarchical representation of video content is discussed
in Huang et al

 

.

 

 [39] where audio, video, and text content are fused to obtain
an index table for broadcast news. 

 

8.4 Evaluation of Video Summaries

 

Since automatic video summarization is still an emerging field, serious ques-
tions remain concerning the appropriate methodology in evaluating the
quality of the generated summaries. Many researchers do not include any
form of quantitative summary evaluations. Evaluation of the quality of auto-
matically generated video summaries is a complicated task because it is
difficult to derive objective quantitative measures for summary quality. In
order to be able to measure the effectiveness of a video summarization
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algorithm, one first needs to define features that characterize a good sum-
mary, given the specific application domain being studied. As discussed in
section 8.1, summaries for different applications will have different sets of
desirable attributes. Hence, the criteria to judge summary quality will be
different for different application domains. 

Automated text summarization dates back at least to Luhn

 

’

 

s work at
IBM in the 1950s [40], which makes it the most mature area of media sum-
marization. We will apply the terminology developed for text summary
evaluation to evaluation of video summaries. Methods for the evaluation of
text summaries can be broadly classified into two categories: 

 

intrinsic

 

 and

 

extrinsic

 

 evaluation methods [41, 42]. In intrinsic evaluation methods the
quality of the generated summaries is judged directly based on the analysis
of summary. The criteria used may be user judgment of fluency of the
summary, coverage of key ideas of the source material, or similarity to an

 

“

 

ideal

 

” 

 

summary prepared by humans. On the other hand, in extrinsic meth-
ods the summary is evaluated with respect to its impact on the performance
for a specific information retrieval task. To the best of our knowledge, all
summary evaluations in video summarization literature up to date have
been of the intrinsic type, except [13]. 

For event-based content, like a sports program, where interesting events
are clearly marked, summaries might be judged on their coverage of events
from the source video. Two such evaluations are given in [27] and [20]. Ekin
and Tekalp [27] give precision and recall values for goal, referee, and penalty
box detection, which are important events in soccer games. In Ferman and
Tekalp

 

’

 

s study [20], the video summary was examined to determine, for each
shot, the number of redundant or missing keyframes in the summary. For
example, if the observer thought that an important object in a shot was
important but no keyframe contained that object, this resulted in a missing
keyframe. Although they serve as a form of quantitative summary quality
measure, the event detection precision and recall values given in these stud-
ies do not reflect the quality of the summaries from the user

 

’

 

s point of view. 
For uniformly informative content, where events may be harder to iden-

tify, different evaluation techniques have been proposed. He et al. [12] deter-
mines the coverage of summaries of key ideas from presentation videos by
giving users a multiple choice quiz about the source video before and after
watching a video skim extracted from it. The quizzes consist of questions
prepared by the presentation speakers that are thought to reflect the key
ideas of the presentation. The quality of the video skims was judged by the
increase in quiz scores. A similar technique was used by Taskiran et al. [9]
in evaluating video skims extracted from documentaries. The quiz method
has some serious drawbacks: First, it was found that it does not differentiate
between different summarization algorithms adequately [9], so is not useful
by itself to judge between different algorithms; second, it is not clear how
quiz questions can be prepared in an objective manner, except, perhaps, by
authors of presentations who are not usually available; finally, the concept

Au: meaning 
of sentence 
unclear. 
Reword.
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of a

 

 “

 

key idea

 

” 

 

in a video program is ambiguous and may depend on the
viewers. 

Another intrinsic evaluation method is to have users rate the skims based
on subjective questions, e.g.,

 

 “

 

Was the summary useful?

 

” 

 

and

 

 “

 

Was the
summary coherent?

 

”

 

 Such surveys were used in [11, 12, 13]. 
In intrinsic evaluation of text summaries generally summaries created

by experts are used [41]. Using a similar approach would be much more
costly and time consuming for video sequences. Another scheme for evalu-
ation may be to present the segments from the original program to many
people and let them select the segments they think should be included in
the summary, thereby generating a ground truth. This seems to be a prom-
ising approach although agreement among human subjects becomes an issue
for this scheme. 

Extrinsic evaluation methods offer a more promising alternative to sum-
mary evaluation by concentrating on the effect of the summary on some task
that is related to the goal of the summary. However, the use of such methods
has been very rare in video summarization work. The only extrinsic evalu-
ation method we are aware of is the one used by Christel et al. [13]. In this
study video skims extracted from documentaries were judged based on the
performance of users on two tasks: factfinding, where users used the video
skims to locate video segments that answered specific questions; and gisting,
where users matched video skims with representative text phrases and
frames extracted from source video. 

 

8.5 Conclusion

 

In this chapter we have reviewed the current state of the art in automatic
generation of summaries for video programs. We saw that compared with
early approaches, such as [2, 14], the field has matured and new and more
powerful approaches for summary generation and visualization have been
proposed. Nevertheless, this field is still a very fast growing one, and there
remains many open questions, some of them mentioned in this section. 

As we saw in section 8.2, many video summarization algorithms con-
centrate on gathering information from one data stream, such as images,
audio, or closed-captions. Systematic gathering of information from all of
these streams and fusing them to generate summaries will greatly enhance
the summary quality, as can be seen from the high quality summaries pro-
duced by the Informedia Project [13]. Analyzing and fusing data from dif-
ferent information systems while keeping their synchronicity is a challenging
task. 

More emphasis needs to be placed on visualization of summaries. We
need to go beyond the approach of simple lists of keyframes. Instead, the
keyframes should be enhanced by extra information, such as keywords
obtained from closed-captions and icons providing at-a-glance access to the
important aspects of the summary segments. Such systems have recently

Au: OK edit?.
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begun to appear [38]. In order to develop effective summary visualizations,
learning user preferences and access patterns is a must. 

The problem of deriving good evaluation schemes for automatically
generated video summaries is still a complex and open problem. We feel
that valuable clues to this problem can be obtained by studying the numer-
ous approaches proposed in text summary evaluations. Large user studies
are needed in this area to decide which family of algorithms performs best
for a given program genre. 

A factor that can influence evaluation results is the value of the summa-
rization factor used to obtain the video summaries. The evaluation results
of the same summarization system can be significantly different when it is
used to generate summaries of different lengths [41]. Ideal summarization
factors for different program genres need to be investigated. 
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