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Automated Video Program Summarization
Using Speech Transcripts
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Abstract—Compact representations of video data greatly enhances efficient video browsing. Such representations provide the
user with information about the content of the particular sequence being examined while preserving the essential message.
We propose a method to automatically generate video summaries
using transcripts obtained by automatic speech recognition. We
divide the full program into segments based on pause detection
and derive a score for each segment, based on the frequencies of
the words and bigrams it contains. Then, a summary is generated by selecting the segments with the highest score to duration
ratios while at the same time maximizing the coverage of the
summary over the full program. We developed an experimental
design and a user study to judge the quality of the generated
video summaries. We compared the informativeness of the proposed algorithm with two other algorithms for three different
programs. The results of the user study demonstrate that the
proposed algorithm produces more informative summaries than
the other two algorithms.
Index Terms—Speech transcripts, summarization evaluation,
video summarization.

I. INTRODUCTION
ERIVING 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 collectively refer to as video
summaries, rapidly provide the user with information about the
content of the particular sequence being examined, while preserving the essential message. 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, users can
easily 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 diminishes. Such time
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constraints and the increasing number of services being offered
places a large burden on production companies to process, edit,
and distribute video material as fast as possible.
Summarization, for a video, audio, or text document, is a
challenging and ill-defined task, since it requires the processing
system to make decisions about high-level notions such as semantic content and relative importance of parts of a document
with respect to each other. Objective evaluation of resulting
media summaries is also a problem, since it is hard to derive
quantitative measures of summary quality.
In this paper, we first present a review of the previous work
in video summarization and video summary visualization techniques and clarify some of the terminology that is used in the
literature. Second, we propose an automated method to generate video skims for information-rich video programs, such
as documentaries, educational videos, and presentations, using
statistical analysis based on speech transcripts that are obtained
by automatic speech recognition (ASR) from the audio. We
show how important phrases can be automatically extracted
even from ASR text that has a high word error rate. These detected phrases may be used to augment current summarization
methods and visualization schemes. Ideally one would like the
generated summaries to be both detailed and covering most
of the important points of the full program they were derived
from. Clearly, if a media document is to be highly summarized,
it is impossible to satisfy both of these constraints. Our summarization approach quantifies these two concepts and maximizes
a weighted sum of both detail and coverage functions to obtain
a tradeoff between the two. This approach enables the user
to change the weights and regenerate the video summary of a
program with more detail or more coverage, depending on a
particular application.
Our third goal in this paper is to develop objective evaluation methods for video summaries. We evaluate summaries produced by three algorithms using a question and answer evaluation scheme and discuss other methods of summary evaluation.
The outline of the paper is as follows. We first characterize
various aspects of video summarization methodology, such
as different application domains and summary visualization
schemes in Section II. The current state of the art in automatic
video summarization is reviewed in Section III. Our proposed
summarization algorithm is described in detail in Section IV.
In Section V we review some of the video summary evaluation
schemes that were used in the literature. We describe the design
of our user study, present experimental results, and provide a
detailed analysis of evaluation results in Section VI. Finally,
conclusions are given in Section VII.
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II. CHARACTERIZATION OF VIDEO SUMMARIES
A. Summary Application Domains
The goal of video summarization is to process video programs, which usually contain semantic redundancy, and make
them more interesting or useful for users. The properties of a
video summary depends on the application 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 as follows.
• Intrigue the viewer to watch the whole video. Movie
trailers, prepared by highly skilled editors and with high
budgets, are the best examples of summaries of this type.
• Let the viewer decide if the complete program is worth
watching. Summaries of video programs that may be used
in personal video recorders are examples of this category
of summaries. 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.
• Help the viewer locate specific segments of interest. For
example, in distance learning, students can skip parts of a
video lecture that they are familiar with and, instead, concentrate on new material.
• Let users judge if a video clip returned by a video database system in response to their query is relevant. In content-based image database applications the results of a user
query are shown as thumbnail images, which can be judged
at a glance by the user for relevance to the query. Judging
the relevance of query results is time-consuming for video
sequences, since search results may contain long sequences
containing hundreds of shots. Presenting the summaries of
the results would be much more helpful.
• Enable users of pervasive devices, such as personal digital assistants, palm computers, or 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 result in significant downloading cost savings for such devices. An example of such an application
is described in [1], which makes use of annotations based
on the MPEG-7 standard. With the increased consumption
of video on cellular phones, some form of video summarization has become very important.
• Give the viewer all the important information contained
in the video. These summaries are intended to replace
watching the whole video. Executive summaries of long
presentations or videoconferences would be an example
of this type of summary.
The above list, while not exhaustive, illustrates the wide range
of different types of video summaries one would like to generate. 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 the summaries are
used to cover the information in the source program as much
as possible, subject to the summary length. Clearly these two
summary functionalities are not independent. Video summarization applications often will be designed to achieve a mixture

of the two functionalities. The viewer’s available time and the
environment where the summary will typically be consumed,
as well as the display characteristics of the device used, are also
important factors in determining the type of summary to generate. For example, a summary of a lecture must cover the main
results and conclusions, while a movie trailer must not reveal the
punchline. Naturally, there is no single approach, either manual
or automatic, that will apply to the generation of all types of
video summaries.
B. Types of Program Content
An important distinction we make when considering video
summarization algorithms is the type of the program content
that will be summarized. For the purposes of video summarization we categorize video program content into two broad
classes.
• Event-based content. Video programs of this type contain
easily identifiable story units that form either a sequence
of different events or a sequence of events and nonevents.
Examples of the first kind of programs are talk shows and
news programs where one guest or news story follows another and their boundaries are well-defined. The best example of programs where sequence of events and nonevents occur are sports programs. Here, the events may
correspond to important instances in games, such as touchdowns, home runs, or goals.
• Uniformly informative content. These are programs which
cannot easily be broken down to a series of events as eventbased content. For this type of content, many 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 introduced above is not clear cut. For
example, for sitcoms one can define events according to audience laughter in the soundtrack. Movies are another example:
most action movies have a clear sequence of action and nonaction segments.
For event-based content, since the types of events of interest
are well-defined, one can use knowledge-based video event
detection techniques. In this case, the processing is generally
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
than those generated using general-purpose summarization algorithms. This class of algorithms is examined in Section III-D.
If domain-based knowledge of events is not available or if
one is dealing with uniformly informative content, one has to
resort to more general summarization techniques. This is generally done by first dividing the program to be summarized into a
number of segments. Then, segments are selected for the summary either by deriving an importance score for each program
segment and selecting segments with high scores, or by clustering similar segments together. The scores with high segments
are selected for the summary. Another approach is to cluster
frames from the video directly. Once the segments to be included in the summary are identified, each segment is represented using either keyframes extracted from the segment or
portions of video within the segment.
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C. Summary Visualization Methods
After the parts of the video to be included in the summary
are determined, they have 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 segments in
the full program may be used. Alternatively, importance scores
may be assigned to each segment using various combinations of
visual, audio, textual, and other features, and only portions or
keyframes extracted from the segments with the highest scores
may be included in the summary. We will use the term video
summarization to denote any general method that can be used
to derive a compact representation of a video program, and the
term summary visualization, to refer to the method that is used
to present the summary to the user. In this section we review
some of the summary visualization approaches that have been
proposed. These methods mainly fall into two categories: Video
abstracts [2]–[6] based on keyframes extracted from video and
video skims [7]–[12] where portions of the source video are concatenated to form a much shorter video clip. 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.
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, sometimes accompanied by additional information such as timestamps and closed caption text.
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 keyframes 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
have been used in [2] and [5] where keyframes from segments
are arranged in a “video poster” using a frame packing algorithm. The PanoramaExcerpts system [3] uses panoramic
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 displayed as
video abstracts [13].
Although video abstracts are compact, they present fundamental drawbacks, since they do not preserve the time-evolving
nature of video programs. 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 information is found in the audio
stream. These problems are addressed by dynamic visualization
methods.
2) Dynamic Visualizations or Video Skims: In these methods
the segments with the highest scores are selected from the
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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 correspond to spoken sentence
boundaries. This is due to the experimentally verified fact that
users find it annoying when audio segments in a video skim
begin in mid-sentence [7], [10].
3) Other Types of Visualizations: There are also some video
browsing approaches which 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 [14] 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 [15] 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. [16] 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, Amir et al. [17] provide
a video browser with multiple synchronized views. It allows
switching between different views, such as storyboards, salient
animations, slide shows with fast or slow audio, content-based
accelerating fast playback, and full video while preserving
the corresponding point within the video between all different
views. Ponceleon and Dieberger [18] 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. [19], where audio, video,
and text content are fused to obtain an index table for broadcast
news. Aner et al. [20] compose mosaics of scene backgrounds
in sitcom programs. The mosaic images provide a compact
static visual summary of the physical settings of scenes. By
matching keyframes with mosaics, shots are clustered into
scenes based on their physical locations, resulting in a compact
scene-based representation of the program and an automatic
reference across multiple episodes of the same sitcom.
III. PREVIOUS APPROACHES TO VIDEO SUMMARY GENERATION
In this section we investigate various algorithms that have
been proposed to generate video summaries.
A. 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 audio distortion [21]. The compression allowed by this approach, however, is limited to a summarization ratio (SR) of 0.4–0.7, depending on the particular program
genre [22]. Based on a comprehensive user study, Amir et al. report that for most program genres and for novice users, a SR of
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0.59 can be achieved without significant loss in comprehension.
However, this SR value is not adequate for most summarization
applications, which often require a SR between 0.1 and 0.2.
B. Techniques Based on Frame Clustering
Dividing a video sequence into segments and extracting one
or more keyframes from each segment was long recognized as
one of the simplest and most compact way of representing video
sequences. For a survey of keyframe extraction techniques the
reader is referred to [23]. 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], which uses time-constrained clustering of shots. Each shot
is labeled according to the cluster it belongs to and three types
events, dialog, action, and other, are detected based on these labels. Representative frames from each event are then selected
for the summary. The Video Manga system by Uchihashi et
al. [5] clusters individual video frames using YUV color histograms. Iacob et al. [24] propose a similar technique. However,
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 et al. [25] 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 [26] select keyframes from each shot
using the fuzzy -clustering algorithm, which is a variation
of the -means clustering method, based on alpha-trimmed
average histograms extracted from frames. Cluster validity
analysis is performed to automatically determine the optimal
number of keyframes from each shot to be included in the
summary. This summary may then be processed based on user
preferences, such as the maximum 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 [23] and [27] both contain a twostage clustering structure, which is very similar to the method
used in [26] but instead of performing shot detection segments
are identified by clustering of video frames. Hanjalic and Zhang
use features and cluster validity analysis techniques that are
similar to those in [26]. Farin et al. [27] 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 [28].
disYahiaoui et al. [29] first cluster frames based on the
tance between their color histograms using a procedure similar
to -means clustering. Then, a set of clusters is chosen as to
maximize the coverage over the source video sequence.
An application domain which poses unique challenges for
summarization is home videos. Since home videos generally
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have no plot and contain little or no editing, the editing patterns
and high level video structure, which offer strong cues in the
summarization of broadcast programs, are absent. However,
home videos are inherently time-stamped during recording.
Lienhart [9] 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.
C. 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 and this dimensionality is
then reduced either by projecting the vectors to a much lower
dimensional space [30], [31] or by using local approximations
to high dimensional trajectories [4], [6]. Finally, clustering of
frames is performed in this lower dimensional space.
DeMenthon et al. [4] 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. [6] propose a
similar system; however, they split the three-dimensional (3-D)
trajectories of video objects instead of feature trajectories.
Gong and Liu [30] use singular value decomposition (SVD)
to cluster frames evenly spaced in the video sequence. Each
frame is initially represented using 3-D 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
[31] sample the given video sequence at a rate of 1 frame/s 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) [32], is used to reduce the dimensionality of the similarity matrix.
D. Techniques Using Domain Knowledge
As discussed in Section II-B, 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 important 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 representations of sports programs have a large potential audience; finally, there are often
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clear markers, such as cheering crowds, stopped games, and replays that signify important events.
Summarization of soccer programs has received a large
amount of attention recently, see [33] for a survey of work
in this area. Li et al. [34] 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 [33] divide
each keyframe of a soccer program into nine regions and use
features based on 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 [34] by detecting close-up shots followed by a replay.
Cabasson and Divakaran [35] use 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 low motion. If an audio peak is detected
near such a sequence it is marked as an event and included in
the summary.
Incorporating domain knowledge can be very helpful even
when summarizing uniformly informative content. For example, He et al. [10] have proposed algorithms based on
heuristics about slide transitions and speaker pitch information
to summarize presentation videos.
E. Techniques Using 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 transcript. 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 program
that is hard to achieve using image content only.
Agnihotri et al. [36] 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 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 et al. [37] 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
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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 [38] 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. [7]. 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.
F. Approaches Using Multiple Information Streams
Most current summarization techniques focus on processing
one data stream, which is generally image data. However, multimodal 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 incorporate features derived from multiple data streams.
The MoCA project [12], one of the earliest systems for video
summarization, 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 processing,
and natural language processing techniques for the analysis of
video data [11], [14]. 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 segments selected for
summary are then merged while trying to maintain audio/video
synchronicity.
Ma et al. [39] propose a generic user attention model by integrating a set of low-level features extracted from video. This
model incorporates features 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 value, to select portions of the video
for the summary. Another model-based approach is the computable scene model proposed by Chang and Sundaram [40],
which uses the rules of film-making and experimental observations in the psychology of audition.
IV. SUMMARY GENERATION USING SPEECH TRANSCRIPTS
As can be seen from the survey of video summarization
approaches given in Section III, most methods for video
summarization do not make use of one of the most important
sources of information in a video sequence, the spoken text
or the natural-language content; Informedia, CueVideo and
the system proposed in [19] being some exceptions. Speech
transcripts are readily available for TV programs in the form
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of closed captions. For video programs like seminars and
instructional programs, where this information is not available,
speech recognition may be performed on audio to obtain a
transcript. 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 are then concatenated to generate the video skim.
The techniques used in text summarization may be roughly
divided into two groups.
• Statistical analysis based on information-retrieval techniques. In this approach, the problem of summarization
is reduced to the problem of ranking sentences or paragraphs in the given text according to their likelihood of
being included in the final summary. This likelihood is a
high level semantic quality of a sentence, compromising
notions of meaning, relative importance of sentences, style,
and the like. In these techniques, instead of employing natural language understanding methods, various features are
extracted from the text which are correlated with the “abstract-worthiness” of a sentence, and the ranking is done
using a combination of these features.
• Natural Language Processing (NLP) analysis based on information-extraction techniques. This paradigm, making
use of techniques from artificial intelligence, entails performing a detailed semantic analysis of the source text to
build a source representation designed for a particular application. Then a summary representation is formed using
this source representation and the output summary text is
synthesized [41].
Methods using statistical processing to extract sentences
for the summary often generate summaries that lack coherence. These methods also suffer from the dangling anaphora
problem. Anaphoras are pronouns, demonstratives, and comparatives like “he,” “this,” or “more,” which can only be understood by referring to an antecedent clause appearing before
the sentence in which these words occur. If the antecedent
clause has not been selected for the summary, anaphoras may
be confusing for the user. Although techniques based on NLP
generate better summaries, the knowledge base required for
such systems is generally large and complex. Such systems
are specific to a narrow domain of application and are hard to
generalize to other domains. Furthermore, attempts to directly
apply NLP methods on text decoded by speech recognition
usually fail because of the poor quality of the detected text,
which is reflected in a high word error rate and lack of punctuation. We use the statistical analysis approach in processing the
speech transcripts. A block diagram of the proposed system is
shown in Fig. 1.
A. Program Segmentation Using Audio and Speech
The first step in our video summarization system is the segmentation of the given program into a number of segments. One
approach to segmentation is to use shots as segments, thereby
dividing the video into visually coherent groups. However, shot
boundaries are not aligned with audio boundaries in most types
of video programs, that is, a shot boundary may occur in the
middle of a sentence in the audio. In user studies of summarization algorithms, it has been found that users find it annoying
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Fig. 1. Block diagram of the proposed video summarization system.

when audio segments in the summary begin in the middle of a
sentence [10]. Therefore, instead of using shot boundaries to
segment video into segments, we use long interword pauses
in audio, which generally coincide with sentence boundaries.
We define the duration of video between two consecutive long
pauses to be a segment, which form the smallest processing unit
for our summarization system. An advantage of this approach
to video segmentation is that it avoids having very long segments which could occur if shots are used as segments, due to
long shots that commonly occur in videos of presentations and
meetings.
There are many techniques available to detect prolonged silence in speech. However, we use a simple yet efficient heuristic
using the speech recognition text generated by the large vocabulary IBM ViaVoice speech recognition system [42]. This text
contains the time stamp for each word detected by the speech
recognition system together with its estimated duration. Based
on these timestamps we calculate the duration between words
and
as
, where and
are the start timestamps of words
and
in the video, and
is the estimated duration of word . The measured interword durations of two video sequences, a wildlife documentary and a seminar, are shown in Fig. 2. The durations between
words in the documentary are generally larger since this is an
educational program with a well-defined script and the speaker
speaks at a relaxed pace for the audience to easily follow. On the
other hand, the pauses in the seminar video are generally quite
short, corresponding to free-flowing natural speech, with vocalized pauses, such as “ah” or “um,” when the speaker is thinking
about how to phrase a thought. The variability between these
plots imply that a global threshold cannot be used to detect segment boundaries.
We use a sliding window scheme to robustly detect long
pauses in audio that is similar to the cut detection method
given in [43]. Let
be a sliding
window of size
centered at the inter-word duration that
is being currently considered for marking as a long pause. We
declare the pause to be a segment boundary if the following
conditions are met.
1) The value is the maximum within .
2) The value is also times larger than the mean value of
, not including the value , that is
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Fig. 2. The measured interword durations for portions of two programs with different types of content. (a) Documentary; (b) seminar.

The parameter controls detection sensitivity, increasing it
will decrease the detection rate but also decrease the false alarm
rate. The value of
controls the granularity of the resulting
segments by setting a lower limit on the number of words a
segment can have. A small value of
causes the video to be
divided into a large number of small segments, which may make
the resulting video skim seem “choppy” and hard to follow. On
the other hand, using too large a value for will cause segments
to be too long. We have used a window size of 21, i.e.,
, and
in our experiments. The value
was
selected based on pilot studies that we have performed. This
value worked well for a wide variety of documentary programs.
However, a different value may be necessary for different types
of content, such as news or sports.
After the long pauses in the program are detected using the
above procedure the video sequence is divided into segments
using these pauses as boundaries. Each word detected by the
ASR system in the program is assigned to a segment based on
the time of occurrence. In our system we use what is referred
to as the “bag of words” approach, where all sentence structure
and word ordering is ignored.
B. Calculation of Segment Scores
1) Segment Scoring Using Speech Recognition Text: After
the video is segmented using pause boundaries, as described in
Section IV-A, we calculate a score for each segment based on
the words they contain. Not all the words belonging to a segment
are used in deriving the segment score; some words, called stopwords, which have grammatical function but contribute little
to the information content of the segment are ignored. Generally, stopwords include articles, pronouns, adjectives, adverbs,
and prepositions. We have used a list of 371 stopwords in our
system.
A score is calculated for each of the words that remain in a
segment after the stopwords are eliminated. We use a scoring
method that is related to a family of word scoring schemes
commonly used information retrieval, referred to as term frequency—inverse document frequency (tf.idf) methods. In these
scoring schemes, the score of a word is calculated as a func, the number of times a word has
tion of term frequency,
appeared in a video program, reflecting how salient the word

is within the program and document frequency, the number of
segments that a word appears in, indicating how semantically
focused the word is. Based on these ideas, for each word in
, which measures the stasegment we compute the score,
tistical importance of using the formula [44]
(1)
where
number of occurrences of word in segment ;
total number of occurrences of word in the video
sequence;
number of words in segment ;
average number of words per segment in the video
sequence;
total number of segments in the video sequence;
tuning parameters.
The constant
determines the sensitivity of the first term
. If
to changes in the value of the term frequency,
this term reduces to the counting function which is 1 if word
occurs in segment and 0 otherwise; if
is large, this term
. Since not all segments have the
becomes nearly linear in
same number of words, the segment score has to be normalized
by the number of words in the segment. A simple normalization
by , which corresponds to the case
would be to divide
in (1). This normalization is based on the assumption
of
that if two segments are about the same topic but of different
lengths, this is just because the longer is more wordy. Extensive
and
experiments reported in [44] suggest the values
, which we have used in our experiments.
After the scores for individual words are computed using (1),
the score for segment is computed as the sum of the scores for
the words it contains as
(2)
2) Detection of Dominant Word Co-Occurrences: One
problem with using the words detected by a speech recognition
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TABLE I
TWENTY CO-OCCURRENCES WITH THE HIGHEST LOG-LIKELIHOOD VALUES FOR THREE DOCUMENTARY PROGRAMS

system is that, the detection accuracy may be low, especially
for video programs containing rare words and phrases. In this
study we used the IBM ViaVoice large vocabulary continuous
speech recognition (LVCSR) real-time system with the Broadcast News language model of 60 000 words [45]. The word
error rate of LVCSR systems may vary substantially depending
on the content, from 19% on prepared speech read by an
anchor in a studio as reported by [45], to up to 35–65% for a
wide variety of real-world spontaneous speech data that may
include combinations of speech with background music, noise,
degraded acoustics, and non-native speakers. The difficulty is
that speech recognition programs are generally trained using
a large, well-balanced collection of content in which phrases
like “animal kingdom,” “breeding season,” “compressed air,”
or “Moore’s Law” are rare. However, such terms and proper
names play an important role in understanding a program and
should be taken into account by the video summarization algorithm when selecting segments for the summary. Such groups
of words are referred to as collocations, which are defined as
sequences of two or more consecutive words that have characteristics of a syntactic or semantic unit [46]. Since we ignore
the ordering of words in segments, we generalize the definition
of a collocation and include pairs of words that are strongly
associated together but do not necessarily occur in consecutive
order. We refer to such pairs of words as co-occurrences. We
measure the association of words by deriving a likelihood
measure that measures how dependent the use of one word in a
segment is on the presence on the other word.
Detecting co-occurrences in the speech transcript of a video
program may be viewed as a hypothesis test: given the occurand
in the segments derence distribution of the words
tected in the program, the null hypothesis is that they occur independently and the alternate hypothesis is that the occurrences
are dependent. The likelihood ratio for this hypothesis test may
be written as
(3)

and
are the null and alternate hypotheses, respecwhere
tively, and and are the estimates of the occurrences of
and . The word counts that summarize the occurrence distriand
are given by
bution of
number of segments where
and
both
appear;
number of segments where
appears but
not ;
number of segments where
appears but
not ;
number of segments where neither
nor
appear.
The maximum likelihood estimates for the probabilities are
then given by
,
, and
. Substituting these values in (3) and assuming that the probability that a word will appear in a segment is modeled using a
binomial distribution, the log-likelihood ratio becomes [47]

(4)
Using the likelihood ratio in (4) to find significant word
co-occurrences in speech transcripts has many advantages
over other methods [46]. It is more accurate for sparse data
is asympthan other methods and, since the quantity
distributed, the critical value to reject the null
totically
hypothesis of independency for a given confidence level can
easily be calculated.1
In Table I, we list the 20 co-occurring word pairs that have
values for three documentary programs we
the highest
1It should be pointed out that the log-likelihood may not indicate if the co-occurrence words are frequent or not. For example, for the extreme case of w and
w always occurring together, we have c = d = 0 and log  = a log(a=(a +
d)) + d log(d=(a + d)). In this case we will have similar log-likelihood values
d) and when they are rare (a d).
both when the words are common (a
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have used in our experiments. MarkTwain is documentary detailing Mark Twain’s biography, SeaHorse includes information about the life and mating habits of sea horses, and BrooklynBridge is about the building of the Brooklyn Bridge in New
York City. From this table we observe that the word pairs give
valuable information about the contents of the programs. For a
, the critical value of the
districonfidence level of
bution with one degree of freedom is 7.88 so for all these word
pairs the null hypothesis can be rejected and there is strong association between the words in the pair.
In our system the log-likelihood ration in (4) is calculated for
all possible nonstopword pairs in the speech transcript. Then
values are chosen to be the
30 pairs with the highest
significant co-occurrences for the program, which are used to
update segment scores according to the equation

algorithm will be suboptimal, the difference between the greedy
solution and the optimal solution has been shown to be small in
many cases [49].
We define the efficiency of segment to be the ratio of its score
. Clearly, we would like to into its duration, i.e.,
clude segments with high efficiency in the summary. Therefore,
the first step in solving the constrained maximization problem
given in (7) is to sort the segments in a program according to
when
their efficiencies to have a list with the property
. Assuming that segments with the largest efficiency
values are selected for the summary, the duration of the summary will be

(5)

The greedy selection process proceeds as follows. Starting from
, segments are added to the summary as long as
, that is, as long as there is still time left in
the summary to accommodate the next segment. Let the index
of the first segment that cannot be included in the summary be
. Then, we have

is the number of significant co-occurrences that segwhere
is a constant. We have used the value
ment contains and
in our system. This score increase is based on the
assumption that the segments including a larger number of significant co-occurrences are more important.
C. Segment Selection for the Skim Using a Greedy Algorithm
After the segment scores are calculated using constituent
nonstopwords and updated using the significant word co-occurrences detected in the transcript, they are used to select the
segments that will form the video skim. The duration of the
skim is specified by the user in terms of the summarization
ratio, , which is defined as the ratio of the duration of the
video skim to the duration of the source video. We then have
(6)
Since the score of a segment is proportional to its “semantic
importance,” our goal in generating the skim is to select those
segments that maximize the cumulative score for the resulting
. This may be viewed as
summary while not exceeding
an instance of the 0-1 knapsack problem (KP) which is defined
as follows [48]

(7)
is the duration of the segment ,
is the number of
where
is defined
segments in the program, and the binary variable
as
if segment is selected for the skim
otherwise.
Although efficient branch-and-bound algorithms exist [48] that
can be used to solve this problem, in our system we have chosen
to implement a greedy algorithm to solve the 0–1 KP due to its
fast execution speed. Although the solution found by the greedy

The greedy algorithm then selects the segments
for the summary. Note that this solution leaves an unused capacity
. In order to include as many segments
in the summary as possible, we have modified the basic greedy
algorithm so that once it encounters a segment that is too long to
fit in the unused time for the summary, it continues to search the
list of segments to find a shorter segment that will fit. Finally,
the selected segments are sorted according to their start times
and concatenated to generate the video skim.
D. Increasing Summary Coverage Using a Dispersion
Measure
Our previous summary evaluation results [7] suggest that
the summary segment selection algorithm described in Section IV-C generates summaries that tend to be focused on a
few important points in the full program. Such summaries
are detailed but have low overall program coverage. When
the goal of video summarization is to preserve as much information about the original program as possible in the video
summary, the advantage of this algorithm over mechanical
summarization procedures, such as randomly selecting the
segments to be included in the summary, may be limited. This
is the coverage—detail dilemma of summarization discussed in
Section I, i.e., it is impossible to maximize both the coverage
and detail of the summary of a program.
One way to alleviate this problem is to add another term to
the maximization problem in (7) that is a function of the coverage of a summary and maximize both the cumulative score
and coverage for the generated summary. In order to formalize
the notion of coverage we introduce a measure of dispersion,
, for a summary, . We want the quantity
to be small
when contains segments that are clustered together in the full
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program, and to be large when they are distributed uniformly
across the full program.
Let the original video be divided into equal temporal intervals. Given a set of segments, , we estimate their temporal
distribution over the original program by counting the number
of segments contained in each temporal piece:

where is the start time of segment in . Then, we define the
dispersion of the set to be
(8)
Several other measures of dispersion of elements of a set can
be defined, such as the Gini or the misclassification measures,
which are commonly used to measure the impurity of a node in
decision tree growing [50]. The particular dispersion function
selected is not vital to the algorithm and any of the other choices
can also be used.
At each iteration of the segment selection algorithm, we
want to add the segment that leads to the greatest increase in the
. To this end, we
dispersion value of the current summary,
define the increase in dispersion caused by adding segment to
as
(9)
Then, the dispersion score of segment at iteration
as

is defined

(10)
where
is a constant used to accentuate the difference in dispersion between segments. The algorithm is not very sensitive
selected, we have used the value
to the particular value of
in our experiments.
In order to be able to compare the word-based score for a
segment and its dispersion score, at each iteration we normalize
each of these scores by the score of the segment that has the
highest value for that score. We then employ a greedy algorithm,
that has the highest combined score
selecting the segment
using
(11)
where
and
are the normalized word-based and dispersion scores, respectively, and
, is the weight
one
for the word-based score. By changing the value of
can change the relative importance of detail versus coverage
for the generated summaries. Based on our pilot studies, we
, which was found to constitute a
used the value
good tradeoff between detail and coverage. In a summarization
system these values would be user adjustable to balance coverage and detail.

V. EVALUATION OF VIDEO SUMMARIES
Since automatic video summarization is still an emerging
field, serious questions remain concerning the appropriate
methodology in evaluating the quality of the generated summaries. Most video summarization studies do not include any
form of quantitative summary evaluation. Evaluation of the
quality of automatically 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 algorithm one first needs
to define features that characterize a good summary, given the
specific application domain being studied. As discussed in Section II, 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 [51], which makes it the most mature
area of media summarization. We will apply the terminology developed for text summary evaluation to evaluation of video summaries. Methods for the evaluation of summaries can be broadly
classified into two categories: intrinsic and extrinsic evaluation
methods [52], [53]. 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 methods the summary is evaluated with respect to its impact on the performance for a specific
information retrieval task.
For event-based content, e.g., a sports program, where interesting events are unambiguous, summaries might be judged on
their coverage of these events in the source video. Two such
evaluations are given in [26] and [33]. Ekin and Tekalp [33]
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 [26], 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 missed
keyframe. Although they serve as a form of quantitative summary quality measure, the event detection precision and recall
values given in these studies 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 identify, different evaluation techniques have been
proposed. He et al. [10] determine the coverage of summaries
of key ideas from presentation videos by giving users a multiple
choice quiz derived from the full program video before and
after watching a video skim extracted from it. The quizzes consist of questions prepared by the presentation speakers and are
assumed to reflect the key ideas of the presentation. The quality
of the video skims were judged by the increase in quiz scores. A
similar technique was used by Taskiran et al. [17] in evaluating
video skims extracted from documentaries. The quiz method
has some drawbacks: First, it was found that this approach may
have difficulty differentiating between different summarization
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TABLE II
INFORMATION ABOUT THE FULL-LENGTH DOCUMENTARY PROGRAMS USED IN THE EXPERIMENT

algorithms depending on program content [7], [10]. Second, it
is not clear how quiz questions can be prepared in an objective
manner, except, perhaps, by authors of presentations who are
usually not available. Finally, the concept of a “key idea” in a
video program is ambiguous and may depend on the particular
viewer watching the skim. An interesting extrinsic evaluation
method was used by Christel et al. [11]. In this study video
skims extracted from documentaries were judged based on the
performance of users on two tasks: fact-finding, 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.
In intrinsic evaluation of text summaries, generally summaries created by experts are used [52]. Using a similar
approach would be much more costly and time consuming
for video sequences. Another scheme for evaluation may be
to present the segments from the original program to a large
number of viewers and let them select the segments they
think should be included in the summary, thereby generating a
ground truth. This seems to be a promising approach although
agreement among human subjects becomes an issue for this
scheme. A commonly used 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 [9]–[11].
VI. EXPERIMENTS AND RESULTS
The experiments we have performed to detect the differences
in the quality of summaries generated by different algorithms
are described in detail in the following sections. We conducted
experiments based on both intrinsic and extrinsic evaluation
methods that were defined in Section V. The summary quality
measure we used was the ratio of information contained about
the full program in the video summary, i.e., the more information a summary contains about the full program, the higher its
quality was deemed to be. Given this summary quality criterion, a natural method to test the effectiveness of video summarization algorithms is the question and answer method, where
viewers answer questions derived from the full program just by
watching the summary and the number of correctly answered
questions is accepted as a quantitative measure of summary
quality. We used this task as the extrinsic summary evaluation
method.
As the intrinsic evaluation scheme, we tested how many of the
key points of the full program were covered by the summaries by
determining how many of the questions extracted from the full
program were in the generated summaries. We also asked the
subjects who participated in our experiment their assessment of
the summaries they watched.

A. Sequences and Algorithms Used in the Experiments
We chose three documentary programs to use in our study.
The original lengths of these programs were 60 min, 210 min,
and 93 min for the Seahorse, MarkTwain, and WhyDogsSmile
documentaries, respectively. Using a summarization ration of
0.1 would have resulted in long summaries which would have
limited the number of summaries that could be presented to subjects in our experiments. Because of this reason, and to have all
full programs be approximately of the same length, we have selected a 20 min portion of each program near the beginning and
used these as our full-length programs from which summaries
were extracted. In broadcast documentaries a summary of the
whole documentary is sometimes presented at the beginning of
the program. Since this would have interfered with our evaluation, we have taken care not to include such programs in the
selected documentaries.
We selected program content to minimize the chance that the
subjects participating in the study have prior knowledge about
the programs. Information about the three documentary programs used in our experiments is given in Table II. All sequences
were processed using the CueVideo system to obtain speech
transcripts.
Three algorithms, abbreviated as FREQ, RAND, and DEFT,
were used on the full programs to generate three different skims
for each full program. We denote the summary of the Seahorse
, and
program using the RAND algorithm by
similarly for the other summaries. The algorithm FREQ is the
summary generation algorithm based on word-frequency and
dispersion scores derived from program segments, as described
in Section IV. The RAND algorithm detects the segments in
the program, using the same pause detection algorithm as was
used for FREQ, but does not calculate any segment scores and
randomly selects the segments to be included in the summary.
The DEFT, or default, algorithm is the simplest video summarization algorithm possible, consisting of subsampling the video
program temporally at fixed intervals. The DEFT algorithm ditemporal intervals,
vides the full program into
s of each interval for the summary. Our
and selects the first
preliminary tests suggest a value of
to be the minimum value that viewers feel comfortable with; values smaller
than this lead to “choppy” summaries that are hard to understand. DEFT is the simplest possible summarization algorithm,
consisting of uniform temporal sampling of the program, and
has no dependency on program content. Nevertheless it is a popular strategy used by viewers who want to quickly get the gist
of a program, e.g., using 8 or 16 skips in DVD viewing. The
only difference between RAND and DEFT is breaking on audio
pauses. In [11] pilot testing of the video summaries was used
to derive the conclusion that users preferred summary segments
based on audio pauses. However, this factor was not tested in
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TABLE III
THE ORDERING OF THE THREE VIDEO SKIMS WATCHED BY SUBJECTS IN EACH GROUP IN THE EXPERIMENT

isolation to determine its effect on an extrinsic task. We included
the RAND algorithm to study this factor.
A factor that can influence evaluation results is the value of
the summarization ratio used to obtain the video skims. The
evaluation results of the same summarization system can be significantly different when it is used to generate summaries of different lengths [52]. In our experiments we have kept the summa, that is, the skims generated are
rization ratio constant at
approximately one-tenth the duration of the original programs.
This value was also used in other video summarization studies
and represents a reasonable amount of compaction for practical
applications.

TABLE IV
STATISTICS FOR THE NUMBER OF CORRECT ANSWERS FOR TEN QUESTIONS
AND n = 48 SUBJECTS FOR THE QUESTION AND ANSWER TASK. SCORES
WERE AGGREGATED FOR THE THREE EXPERIMENTAL GROUPS

B. Experimental Design
The 48 subjects participating in the experiment were randomly divided into three groups of 16. Each subject watched
three video skims. In order to minimize learning and other
unforeseen cross-over effects, both the order of the content and
the algorithms were different for the three groups, as shown
in Table III. Therefore, each subject watched skims generated
from all programs by all three algorithms. Subjects were Purdue
University students and employees. Each subject received $10
for participation in the experiment and participated in the
experiment individually. Subjects used a personal computer on
which the graphical user interface for the experiment was run.
After watching each video skim, the subjects first answered
three questions about the quality of the summary they just
watched. Then, they answered ten multiple choice questions
derived from the full program and containing important facts
about the content presented in the skim. Each question offered
four answer choices. Only one choice was correct for each
question. While watching the summaries the users were not
able to pause the video, jump to a specific point in the video,
or take notes. No time limit was imposed for completing the
experiment.
The questions that were presented to the subjects were determined by two judges. One judge was the first author and the
other judge was naive about the algorithms used. Each judge independently marked the parts of the closed-caption transcripts
of the programs that they deemed were the important points of
the programs without watching any of the summaries. The intersection of these two lists of marked locations were used to
generate the questions with the constraint that the questions be
as uniformly distributed over the full program as possible. Ten
questions were generated for each program, together with one
correct and three incorrect multiple choice answers. The questions were kept simple to ensure that if the answer to a question
appears in a summary, then a viewer who watches that summary
can easily answer the question correctly. All the questions used
in the experiments and source program transcripts are available
from the first author.

Fig. 3. Graphical representation of the data in Table IV.

TABLE V
PAIRWISE p-VALUES USING THE TWO-SIDED t-TEST TO TEST THE STATISTICAL
SIGNIFICANCE OF THE DIFFERENCE IN SCORES BETWEEN ALGORITHMS

C. Results for the Questions and Answer Task
Statistics for the performance of the subjects in the question
and answer task are shown in Table IV and represented graphically in Fig. 3. The number of correct answers out of ten questions that the subjects scored after watching the summaries generated by the same algorithm were summed for the three experimental groups to obtain these total results. In Fig. 3, the error
, where is the estimated
bars represent an interval of
mean number of correct answers for the subjects, the quantity
is the standard error for the mean, which gives a
measure how much sampling fluctuation the mean will show,
is the estimated standard deviation of subject scores, and
is the number of subjects.
From these results we can see that the FREQ algorithm
performed better than RAND and DEFT. The performance
of RAND and DEFT were comparable, with RAND outperforming DEFT slightly. This result was expected since neither
of these algorithms took program content into account while
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TABLE VI
STATISTICS FOR THE NUMBER OF CORRECT ANSWERS FOR TEN QUESTIONS AND n = 16 SUBJECTS IN EACH GROUP FOR EACH PROGRAM

Fig. 4. Graphical representation of the data in Table VI. (a) Seahorse results; (b) MarkTwain results; (c) DogSmile.

generating the summary. In order to assess the statistical
significance of the results in Table IV, we list pairwise comparison -values in Table V obtained using a two-sided -test. The
-values were calculated with the assumption of equal variances
for the three populations. The -value refers to the probability
of incorrectly rejecting the hypothesis that two populations
have identical mean values. From Table V, we see that one
can safely conclude that FREQ and DEFT represent different
populations, i.e., these two algorithms produce summaries
of different quality, since the probability that this conclusion
. The true -value is larger, howis wrong is less than
ever. The reason is that Table IV shows the results of testing
three hypotheses, not one, and the probability of incorrectly
rejecting at least one hypothesis out of three is higher than the
probability of rejecting one out of one. In particular, if one
as the cutoff value below which the difference
takes
between two populations is considered significant, then each
pair of hypotheses in Table IV should be evaluated by using a
. We see from the
cutoff value equal to
Table V that using this criterion the differences in scores between FREQ and RAND, and FREQ and DEFT are statistically
significant, while the difference between RAND and DEFT is
not statistically significant.
In order to check the experimental assumption that subjects
had little prior knowledge about the topics in the programs, we
asked them to rate their prior knowledge of the program content after watching each summary on a scale of 1 to 5, where
1 indicates that the subject was not familiar with the subject at
all while 5 indicates that the subject was very familiar with the
subject. The average ratings for the three movies were found
to be 1.813, 1.583, and 1.792 for Seahorse, MarkTwain and
DogSmile, respectively. These figures agree well with the experimental assumption that the subjects had little prior knowledge
about the program content that they were tested on.

In our previous study with a smaller group of subjects using
the question and answer method [7], we found that the results
for this evaluation method were correlated with the particular
documentary program used to extract the summaries. In order
to investigate the effect of program content on the performance
of the algorithms, the mean correct scores that the subjects obtained from the multiple choice questions for the three documentary programs are compared in Table VI. The graphical
representation of the means and standard errors for the data in
Table VI is given in Fig. 4. From this figure we see that the
performance of the subjects who watched the summaries produced by the FREQ algorithm are consistently larger than the
scores for subjects who watched summaries from the other two
algorithms, implying that our algorithm produced more informative summaries. Specifically, assuming the value
as the cutoff value for deciding statistical significance, and correcting for the fact that we are performing nine tests, statistically
significant differences were found between FREQ—RAND and
FREQ—DEFT for MarkTwain, and among all three algorithms
for DogSmile.
, that the subjects can
The theoretical maximum scores,
obtain for the three programs are shown as horizontal lines on
the bars in Fig. 4. These values were calculated using the relation

where
is the number of answers determined by the judges
included in the summary of each program, which are listed in
Table VIII, and 0.25 is the probability of getting a correct answer
by guessing. This simple model assumes that the subjects have
perfect memory and full attention, therefore always correctly
answering the questions that were covered by the summary. As
seen in Fig. 4, in all cases but one the mean score of the subjects
is higher than the theoretical maximum. These differences are
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TABLE VII
NUMBER OF CORRECT ANSWERS FOR EACH ALGORITHM GROUPED ACCORDING TO WHETHER A SUBJECT WAS NATIVE SPEAKER OF ENGLISH (NS) OR NOT (NNS)

TABLE VIII
THE NUMBER OF IMPORTANT ITEMS COVERED BY EACH SUMMARY,
OUT OF TEN ITEMS EXTRACTED FROM THE FULL PROGRAMS

mainly due to two factors: First, while we tried to minimize
previous knowledge about program content in the experiment, it
is impossible to totally eliminate it. For some questions, subjects
have used their previous knowledge to determine the correct
answer even though it was not included in the summary. Second,
although the answer to a particular question may not be included
in a summary, it is still possible for subjects to use visual cues
and inference to “guesstimate” the correct answer.
We should note that our question preparation strategy of distributing the questions as uniformly as possible over the total
duration of the original program introduced a bias toward algorithms that maximize coverage rather than detail, i.e., toward
RAND and DEFT. Since the value of the coverage weight used
, is less than half of the detail weight
in FREQ,
, FREQ maximizes detail much more than
value,
coverage. This means that the performance of the subjects for
RAND and DEFT actually overestimates the quality of these
algorithms.
Finally, we noticed some systematic differences in scores between subjects who were native speakers of English and those
who were not. Statistics for the scores, separated according to
native speaker status, are listed in Table VII Although not found
to be statistically significant, these results nevertheless suggest
that there may be differences in performance for native and nonnative speakers for the questions and answer task. This factor
should be taken into account when designing video summarization evaluations using this task. From Table VII we can see that
the largest difference between the scores occurs for the DEFT
algorithm. Due to the poor quality of the video summaries produced by DEFT, information gathering is the most challenging
for this algorithm. The language understanding capabilities of
viewers need to be used to the maximum for DEFT summaries,
which accounts for the relatively large difference between native and non-native speaker performances for this algorithm.
D. Results for the Intrinsic Evaluation
We examined each of the nine summaries for each documentary—algorithm pair and determined how many answers each
summary contains. These numbers are tabulated in Table VIII.
As can be seen from this table, the information covered by summaries generated using FREQ contain significantly more infor-

TABLE IX
RESULTS FOR SUMMARY ASSESSMENT QUESTIONS AGGREGATED OVER THREE
SEQUENCES FOR n = 48 SUBJECTS. THE QUESTIONS WERE 1) “I FOUND THE
SUMMARY TO BE CLEAR AND EASY TO UNDERSTAND” AND 2) “I FEEL THAT
I CAN SKIP WATCHING THE WHOLE PROGRAM BECAUSE I WATCHED THIS
SUMMARY.” SUBJECTS RATED ON A SCALE OF 1 (STRONGLY DISAGREE)
TO 5 (STRONGLY AGREE)

mation about the full programs compared to the other two algorithms. Since the summarization ratio was
we would
expect the random summaries to contain one answer on the average. The results for RAND and FREQ in Table VIII agree well
with this prediction.
As the second intrinsic evaluation scheme, after watching
each summary we asked the subjects to answer two assessment
questions. The questions were “I found the summary to be clear
and easy to understand” and “I feel that I can skip watching
the whole program because I watched this summary.” Subjects
rated both of these statements on a scale of 1 to 5, 1 being
“strongly disagree” and 5 being “strongly agree”. The medians
of the subjects ratings for the three algorithms, aggregated over
the three programs, are shown in Table IX. We believe that the
interpretation of such subjective quality assessments may be difficult and error-prone. A controlled study focusing on intrinsic
tasks is required to study such assessments in-depth. However,
from the data in Table IX we can make the following observation: Although the informativeness of the summaries generated
by FREQ was much better than both RAND and DEFT, as evidenced by the results in Table VIII, we do not observe such a
large difference in the subjective quality assessment between
these algorithms. This result implies that the correlation between the extrinsic and subjective evaluation of the summaries
is not very strong.
VII. CONCLUSIONS
In this paper, we proposed an algorithm to automatically
summarize video programs. We use concepts from text summarization, applied to transcripts obtained using automatic
speech recognition. The log-likelihood ratio criterion was used
for detecting significant co-occurring words and was found to
be a powerful tool in identifying important phrases in video
programs. A measure of summary dispersion over the full program was derived and was shown to be effective in managing
the tradeoff between detail and coverage of the generated video
summaries.
In the second part of this work we developed an experimental design and a user study to judge the quality of the
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generated video summaries. We used both extrinsic and intrinsic schemes to evaluate the summaries generated using a
summarization factor of 0.1 by our algorithm and two random
segment selection algorithms. For extrinsic evaluation, we used
a question answering strategy, where the questions are derived
from the full programs while the subjects who participated
in our experiment watched only the summaries generated
from those programs before answering the questions. For the
intrinsic evaluation of the generated summaries we counted the
number of important points about the programs each summary
contains. We also asked the subjects to assess the quality of the
summaries.
For the extrinsic evaluation user experiment, the mean
number of correct answers out of ten questions for 48 subjects
were 6.542, 5.313, and 4.604 for our algorithm and the two
random algorithms, respectively. The differences in these mean
scores were found to be statistically significant, implying that
our algorithm produced more informative summaries.
For the intrinsic evaluation scheme, the number of important
items that were contained in the summaries produced by our algorithm were significantly higher than those produced by the
random algorithms, which had performance at chance level, as
expected. We found that the subjective quality assessment was
comparable for all three algorithms, although it was slightly
better for FREQ and RAND that both take pauses in audio into
consideration while segmenting the full program. The results
imply that the extrinsic evaluation results and subjective quality
assessment is not strongly correlated. Users also have a slight
preference to algorithms that have segment boundaries on audio
pauses, which is similar to the results obtained in [11]
The algorithm that we proposed only uses the text content
of the programs in generating the summaries. In order to improve the quality of summaries, the algorithms need to take into
account other modalities, e.g., the image content and audio features, such as prosody. Currently we are investigating methods
to incorporate such modalities in our summarization scheme,
such as clustering the keyframes extracted from a program and
maximizing coverage intelligently by maximizing the number
of clusters that have segments in the summary.
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