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The proliferation of TV programs and personal DV cameras
has led to an explosion of digital video content, which
enriches the personal entertainment of users. However, the
rapidly increasing availability of video data has not yet
been accompanied by an increase in its accessibility. This
is due to the fact that video data are naturally different to
traditional forms of data, which can be easily accessed and
searched using textual queries. Therefore, the problem of
efficiently organizing video, such as TV news and sports, into
more compact forms and extracting semantically meaningful
information becomes more and more important. In the
past ten years, video analysis and retrieval techniques
have received significant attention from both industry and
academia. The research has gradually converged to three
fundamental areas, namely, video analysis, video abstraction,
and video retrieval. Video analysis is utilized to extract
both the general and the domain-specific visual features,
such as colour, texture, shape, human faces, and human
motion. Video abstraction generates a representation of
visual information, similar to the extraction of keywords
or summaries in text-document processing. Basically, video
abstraction is associated with key-frame detection, shot
clustering, and the extraction of domain knowledge in a
video source. The content attributes found in video analysis
and abstraction processes are often referred to as metadata.
Video retrieval based on the extracted metadata is a fast
and interactive tool that allows users to query, search, and
browse large video databases. Although a lot of efforts have
been devoted into these three areas, both the computational
cost and the accuracy of the existing systems are still far

from satisfactory. For example, a typical problem is how
to optimally use unlabeled data in case that the number of
available training samples is very small. Another problem is
that in a general setting, the low-level features do not have
a direct link to high-level concepts. This raises the question
how this semantic gap can be bridged.

This special issue highlights the most recent advances
and promising results of the research community working
in video analysis, abstraction, and retrieval. After two rounds
of careful reviews, nine papers were selected for publication
in this special issue. We group the selected papers into
three thematic sections corresponding to three research areas
mentioned above, though we notice that some papers cover
two or even three areas.

The first section deals with feature extraction issues in
video analysis. The first paper entitled “ipProjector: designs
and techniques for geometry-based interactive applications
using a portable” presents an interactive projection system
for virtual studio setup using a single self-contained and
portable projection device. The projection allows special
effects of a virtual studio to be seen by live audiences in
real time. The techniques discussed in this paper, such as
colour wheel analysis and motion-based camera calibration,
are highly related to and widely used in the video analysis
area. The second paper, entitled “Flexible human behaviour
analysis framework for video surveillance applications,” inves-
tigates the human motion based on a two-camera setup,
which is a key clue for analyzing the surveillance video.
The main contribution is the effective combination of tra-
jectory estimation and human-body modelling, facilitating
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the semantic analysis of human activities in video sequences.
Moreover, an automatic camera-calibration technique is
employed to establish the correspondence between the two
video channels. By doing so, the system can make decision
based on fusing the information from both cameras, thereby
resulting in a robust detection.

The second section discusses the video structuring, video
segmenting, and shot detection, which are all hot topics in
the video abstraction area. This section includes four papers.
The first paper entitled “Statistical skimming of feature films”
presents a statistical framework based on Hidden Markov
Models (HMMs) for skimming feature films. This work com-
bines the information derived from the story structure with
the characterization of the shots in terms of salient features.
The structure of the video is captured by HMMs, which
model semantic scenes and produce the shot sequence of the
final skim. The second paper entitled “An optimized dynamic
scene change detection algorithm for H.264/AVC encoded
video sequence” concentrates on scene change detection for
compressed video sequences. The scene detector employs a
dynamic threshold that adaptively tracks different features
of the video sequence, thereby increasing the accuracy in
correctly locating true scene changes. The work has been
successfully applied within an error-concealment framework
for H.264 decoding. The third paper entitled “Automatic
TV broadcast structuring” proposes a fully automatic system
to detect the start and end times of each program in TV
broadcasts. The algorithm is based on the detection of
repeated sequences, in order to extract long useful programs,
such as movies, news, TV series, and TV shows. The last
paper in this section entitled “Unsupervised segmentation
methods for TV contents” also deals with the shot boundary
detection problem. This paper analyzes both the audio
and the video signal of a sequence, rather than relying on
the video signal only. The basic system is built upon the
hypothesis that it is possible to segment any audiovisual
document into homogeneous segments at the adequate scale.
The system has been evaluated for two different applications:
TV program boundary detection and speaker diarization.
For both cases, the system achieves high accuracy.

The third section addresses the video indexing, browsing,
and retrieval. The first paper entitled “A video browsing
tool for content management in postproduction” implements
an interactive video browsing tool for supporting content
management and selection in postproduction. Many visual
features, like camera motion, visual activity, face occurrence,
global colour similarity, and repeated takes, are extracted and
used in this system. The second paper entitled “Personalized
sports video customization using content and context analysis”
focuses on sports videos and addresses three research issues:
semantic video annotation, personalized video retrieval, and
system adaptation. The system is designed for users to watch
refined video segments containing their favourite semantics
instead of lengthy sports matches. Moreover, both subjective
content preference and objective environment constraints
are well balanced so that the optimal visual experience can be
brought to the particular viewer. The last paper “Multimodal
indexing of multilingual news video” deals with the analysis
of multilingual news telecasts in India. The basic approach is

to index the news stories with relevant keywords discovered
in speech and in form of “ticker text” on the visuals.
They also create a multilingual keywords-list in English and
Indian languages, to enable keyword spotting in different TV
channels, both in spoken and visual forms. The evaluation
shows that restricting the keyword list to a manageable size
results in drastic improvement in indexing performance.

We would like to thank all the authors for sharing
with us their nice and innovative work. We also express
our sincere gratitude to all the reviewers for their timely
and insightful comments on selecting papers. Finally, we
are particularly grateful to the Editor-in-Chief, Dr. Fa-long
Luo, for his invitation and guidance throughout the entire
process. Without his support, we could not make this special
issue possible.

Jungong Han
Ling Shao

Peter H. N. de With
Ling Guan
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We propose an interactive projection system for a virtual studio setup using a single self-contained and portable projection device.
The system is named ipProjector, which stands for Interactive Portable Projector. Projection allows special effects of a virtual studio
to be seen by live audiences in real time. The portable device supports 360-degree shooting and projecting angles and is easy to
be integrated with an existing studio setup. We focus on two fundamental requirements of the system and their implementations.
First, nonintrusive projection is performed to ensure that the special effect projections and the environment analysis (for locating
the target actors or objects) can be performed simultaneously in real time. Our approach uses Digital Light Processing technology,
color wheel analysis, and nearest-neighbor search algorithm. Second, a paired projector-camera system is geometrically calibrated
with two alternative setups. The first uses a motion sensor for real-time geometric calibration, and the second uses a beam splitter
for scene-independent geometric calibration. Based on a small-scale laboratory setting, experiments were conducted to evaluate
the geometric accuracy of the proposed approaches, and an application was built to demonstrate the proposed ipProjector concept.
Techniques of special effect rendering are not concerned in this paper.

1. Introduction

Recently, virtual studio setups have become popular for
modern studio productions. Techniques such as studio cam-
era tracking and 3D graphic rendering have been integrated
into a conventional studio setup, so professional special
effects can be created at lower cost. The main problem with
current virtual studio setups is that these special effects are
invisible during film recording. Therefore, the special effects
cannot be shown to live audiences in live broadcasting. In
addition to actors and moderators, it is difficult to respond
correctly to invisible content.

One solution based on existing technologies uses a
projector. By combining a projector and a camera, any
visible or invisible special effect can be directly superimposed
onto a studio surface. The visible special effects support
live broadcasting, provide realism during virtual studio
recording, and allow direct interaction with actors. The
invisible special effect, which can only be seen by a specific

camera, works very well as a supporting system for virtual
studio production. Moderators can embed hidden scripts for
verification. In an advanced virtual studio system like that
proposed in [1], the hidden information is used to accurately
track studio cameras and to render real-time 3D graphics in
an arbitrary studio environment.

Using a projector and a camera for live broadcasting with
special effects is one type of real-time interactive projection
application. By using a projector-camera paired system (a
pro-cam system), we propose a system that includes hardware
designs and software implementations. The system is self-
contained, portable, and performs real-time projection and
real-time environment analysis simultaneously.

The self-contained portable device allows easy setups
in any arbitrary studio environment. Furthermore, the
shooting and projecting angles of the camera and projector
can be determined freely based on the director’s consider-
ation. This is important in actual film shooting where the
highest priority is to get the best images from the desirable
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angle shot. The simultaneous real-time projection and real-
time environment analysis allows advanced virtual studio
techniques to be performed while special effects are being
continuously projected. Environment analysis in this context
refers to the analysis of three targets: the studio scenery and
objects, and inside actors. For example, captured images are
analyzed to locate an inside actor and his postures so that
special effects can be created and projected in response to
his actions. Note that the concept proposed in this paper
could also be applied to other portable interactive projection
systems.

This paper focuses on two problems that are important in
implementing real-time interactive projection applications.
The first problem is projecting real-time special effects so
that they do not interfere with normal camera capturing.
The second problem is calibrating a pro-cam system precisely
to ensure correct transformations between a projector and a
camera in a portable setup, which implies use in an unknown
environment.

The first problem is also called the nonintrusive projec-
tion problem. In normal projection, projected images can
be captured by a camera; discriminating between projected
contents and real contents in captured images is still difficult.
Nonintrusive projection guarantees that projected special
effects will be visible to humans and normal studio cameras
but invisible to the calibrated camera. This is necessary to
avoid projective interference (as seen by the camera) that may
lead to an incorrect environment analysis. The technique
proposed in this paper involves Digital Light Processing
(DLP) projector, RGB color space sampling and nearest-
neighbor search algorithm.

With respect to the second problem, there are two related
calibrations that are often concerned by researchers using
a pro-cam system: geometric and radiometric calibrations.
Both calibrations require completely different calibration
approaches. In this paper, we focus on the first calibration
to achieve a geometrically calibrated pro-cam system. With
the calibrated system, we are able to project special effects
onto desired locations. A motion-sensor-based calibration
technique and a beam-splitter-based calibration technique
are investigated in the following sections.

In this paper, we show two complete designs of the self-
contained portable projection device. Based on the devel-
oped designs, solutions of the nonintrusive projection prob-
lem and the geometric calibration problem are proposed.
Experiments were conducted to evaluate the accuracy of
the proposed approaches in a small-scale laboratory setting;
a white board and color magnets were used to represent
the studio projection surface and the studio target objects,
respectively. Techniques of special effect rendering are not
concerned in this paper; therefore, the projected special
effects are the simple “+” pattern. The proposed devices
and approaches can be applied in a full-scale virtual studio
environment by implementing additional target detection
algorithms for the desired studio target objects or actors.

The rest of this paper is laid out as follows. Section 2
explains recent advances in interactive projector systems and
then discusses related research in the two problem areas as
mentioned earlier. Section 3 shows the techniques using an

off-the-shelf DLP projector for nonintrusive projection; the
initial setup for pro-cam synchronization, necessary camera
settings and detailed analysis results regarding our DLP
projector model are written in the section. Section 4 presents
two alternative system configurations (in combination with
the initial setup shown in Section 3) for real-time pro-cam
geometric calibration based on perspective transformation
model. On one hand, Section 4.1 applies an additional
motion sensor for calibration on a planar or slanted surface.
On the other hand, Section 4.2 uses a beam splitter and intro-
duces a complete portable design consisting of a projector,
camera and beam splitter; the precise geometric calibration
is achieved on both planar and nonplanar surface and suit-
ability of the design regarding the nonintrusive projection
is observed in the section. In Section 5, performances of the
proposed nonintrusive projection and geometric calibration
approaches are experimentally confirmed and an application
is built to demonstrate the overall concept of the ipProjector.
Finally, Section 6 concludes this article along with a plan for
future works.

2. Related Work

2.1. Interactive Projector Systems. Cotting and Gross [2]
introduced an environment-aware display system that auto-
matically avoids projections onto nonsurface objects. Their
system performs real-time interactions, but is limited to
fixed projectors and fixed cameras mounted on a ceiling. In
addition, surfaces are restricted to flat table surfaces whose
distance to the ceiling is unchanged. In Cao et al. [3, 4],
interactive mobile projector systems were developed. While
their projection device is self-contained, it requires a camera
mounted separately in a workspace for 3D positioning
purpose. In CoGAME [5], images projected from a handheld
projector control the movement of a robot. A camera with
an IR filter sees only three IR LEDs attached to the robot,
and so other visual information about the environment
is disregarded completely. The latest SixthSense prototype
[6] is a mobile pro-cam device that offers meaningful
interactions with different objects found in the real world.
However, the projector and camera are not calibrated in their
system and environment analysis is performed even though
there is projective interference. Consequently, geometric
accuracy is limited and color markers are used to help
locate target objects like fingertips and desired projection
areas. Unlike these systems, our proposed interactive system
is truly self-contained and geometrically calibrated. It can
perform real-time projection and real-time environment
analysis simultaneously without any projective interference.

2.2. Nonintrusive Projection. This topic is a subset of the
embedded imperceptible-pattern projection problem. Pro-
totypes of an infrared projector were proposed in [7, 8]
to project infrared and visible light simultaneously. An
infrared pattern is fixed by using an internal mask inside
a projector in [7], but is variable in [8]. Unfortunately,
the work of Lee et al. [8] requires many internal changes
inside a DLP projector that can be accomplished only by



International Journal of Digital Multimedia Broadcasting 3

a commercial manufacturer. While an infrared projector is
under investigation, there are existing solutions proposed
for this problem. For the office of the future [9], structured
light can be embedded into a DLP projector by making
significant changes to the projection hardware. However, this
implementation is impossible unless it is incorporated into
the design of the projector or full access to the projection
hardware is available. In [1, 10, 11], a code image is projected
at high speed with its neutralized image, which integrates
the coded patterns invisibly due to limitations of the
human visual system. According to these papers, projecting
and capturing at 120 Hz can guarantee a hidden code.
Commonly available projectors usually perform projections
at a maximum rate of 87 Hz.

For this paper, we apply an approach based on the DLP
characteristics. Using the camera classification approach
proposed in [12] and the nearest-neighbor search algorithm,
we are able to perform nonintrusive projection using an off-
the-shelf DLP projector.

2.3. Real-Time Pro-Cam Geometric Calibration. When a
projector and a camera are rigidly fixed to each other,
some have assumed that the geometric registration between
them is roughly constant [13]. However, as the angle
of the projector moves from the perpendicular or as a
surface becomes nonplanar, this approach will no longer
guarantee good geometric registration. Projecting a known
pattern onto a surface is a classical approach to solve
this problem that gives precise calibrations for both planar
surfaces [14–16] and irregular surfaces [17–19]. However,
the computational cost is high for complex surfaces, and
patterns must be re-projected when a component of the
system (e.g., a projector, camera or surface) moves. Similar
approach is applied in the catadioptric projectors [20] whose
projected light is refracted/reflected by refractors/reflectors;
geometric registration between the two devices is obtained
by projecting a series of known patterns and allowing the
camera to sense them. A real-time approach that does
not interrupt normal projection was proposed in [21] by
attaching four laser-pens to a pro-cam system. Although
detecting bright laser points sounds easier than detecting
points projected by a projector, locating small laser points in
a messy camera image is still difficult. In [22], Johnson and
Fuchs proposed a real-time approach that does not interrupt
normal projection, requires no fixed marker and can be
applied to a complex surface. By matching feature points
found in the projected image and the predicted captured
image, the pose of the projector is tracked and the calibration
is achieved in real time. However, the camera is stationary
and separated from the projector in their system.

This paper involves two calibration approaches that can
be implemented as a single self-contained device. The first
approach uses one additional motion sensor, and geometric
calibration is achieved in real time on a planar or slanted
surface. The second approach uses a beam splitter to
coaxialize the projector and camera. Geometric calibration
is independent of the scene, so both planar and irregular
surfaces can be used as projection surfaces.

3. Nonintrusive Projection

As mentioned in the introduction, it is important that a
real-time environment analysis has no interference from any
projected contents. If it does, the system might consider the
projected content as a real target and generate special effects
in response to that false detection.

Recently, internal characteristics of a DLP projector have
received lot of attentions from research communities. On one
hand, in [23, 24], the dithered illumination pattern corre-
sponding to the DMD chip (which operates at 10 000 Hz)
is observed and utilized using a very high speed camera
(whose maximum speed is 3000 fps). On the other hand,
characteristics of the color wheels (which rotate at 120 Hz)
can be investigated and used by a camera with slower
capturing speed. Our nonintrusive projection is based on
the latter one; characteristics of the color wheels are utilized
here for nonintrusive projection purpose. The proposed
approach has three main advantages: it requires no internal
change to the projector or the camera, it can be applied to
any off-the-shelf DLP projector, and it supports embedded
variable light patterns in the future without further hardware
modifications.

In the following sections, we explain in detail how to
analyze the characteristics of the color wheels inside the DLP
projector and how to use these characteristics for nonintru-
sive projection. Note that a beam splitter (as described in
Section 4.2) has not yet been applied in these sections.

3.1. DLP Projector Analysis. Because each DLP projector
model owns unique characteristics of the inside color
wheels, DLP projector analysis has to be performed before
using an unknown DLP projector model for the proposed
nonintrusive projection approach. To understand the overall
characteristics of the color wheels without full access to a
DLP chip and its controller, we applied the camera-based
classification method proposed in [12]. In this section,
we briefly explain the classification steps and show the
classification results of our DLP projector.

First, this classification method requires a camera with
an external trigger feature to synchronize it with a DLP
projector. Synchronization between the projector and the
camera is performed by tapping the vertical sync signal (5 V,
60 Hz) from the computer to the projector. By using the
tapped signal as a trigger, our camera remains synchronized
to the projector. In addition, the shutter of the camera must
be set to open for a very short period in order to sense the fast
characteristics of the color wheels. In our setup, the camera
is set to expose for only 0.55 ms.

The following devices were used for our pro-cam syn-
chronization: a HP MP2225 DLP projector (XGA 1024 ×
768 projection resolution) with a D-sub 15 pin connector,
a Dragonfly Express camera (VGA 640 × 480 captured
resolution) connected through a FireWire 800 (IEEE1394B)
port, and an ELECOM VSP-A2 VGA splitter. The camera is
equipped with a Tamron 13VM308AS lens. The synchroniza-
tion setup is illustrated in Figure 1.

Second, we analyzed the overall sequences of the color
wheels inside our DLP projector by projecting single-color
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images (corresponding to the colors of each available color
wheel of the projector) at maximum intensity through all
possible starting exposure times. Figure 2 was created by
allowing the synchronized camera to sense these projected
colors with different starting exposure times.

Third, we analyzed detailed mirror flip sequences for
all 256 values in the selected color channel (i.e., red, green
or blue) within a narrow starting exposure period. From
Figure 2, the selected color channel is the red channel, which
is the first channel appearing in the sequences. Mirror flip
sequences were then obtained by projecting uniform red
images with intensity values ranging from 0 to 255, and
with the starting exposure times ranging from 0 to 2 ms.
Figure 3 was created by allowing the camera to sense these
red projections. A starting exposure time of 1.4 ms was finally
chosen because it provides the best distributed red ramps, as
shown in Figure 3.

Following the explained steps, we are able to synchronize
the camera with the projector at the appropriate starting
exposure time. For our selected starting exposure time, the
camera can only see the red light of the DLP projector
(correspondences between projected red intensities and red
intensities seen by the camera are shown in Figure 3). If
red intensities of the projected special effects are similar to
those of the projected background color (as seen by the
camera), the system cannot differentiate the projected special
effects from the background in captured images. Hence,
further environment analysis is not interfered by the real-
time special effect projection.

3.2. Environment Illumination. To perform the DLP analysis
and use it for nonintrusive projection (as mentioned in
Section 3.1), the shutter of the camera is set to expose for
only 0.55 ms, which is too short for the camera to sense the
environment properly (as shown in Figure 4(b)) unless there
is light emitting from the projector (as shown in Figure 4(c)).
In [12], the 256 red intensities in the selected timeslot were
classified into three sets: white, black and grey. White refers to
colors whose projection fully turns mirrors inside the DLP
projector and transmits lights toward a surface. Black refers
to colors whose projection does not flip the mirrors and
transmits no light toward a surface. Grey refers to unreliable
states between white and black.

For environment analysis purpose, we need to illumi-
nate the environment while projecting nonintrusive special
effects. Thus, only colors whose red value contained in the
white set should be projected. Figure 4(c) depicts an image
seen by the camera when Figure 4(d), whose red intensity is
maximal for all pixels, was projected. Note that the intensity
of Figure 4(b) was enhanced here to allow the environment
to be seen.

3.3. Color Space Sampling and Color Conversion. The method
of projecting only colors whose red intensity contained in the
white set (as mentioned in Section 3.2) works only for a DLP
projector model that does not have interdependent color
channels in mirror flipping. Instead of depending on the red
channel and risking effects from the other color channels,
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Figure 1: Setup for projector-camera synchronization.
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Figure 2: Color-wheel sequences of the HP MP2225 as seen by the
synchronized camera with starting exposure times ranging from 0
to 10 ms.
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Figure 3: (a) Detailed mirror flip sequences for all 256 values in the
red channel with the starting exposure times ranging from 0 to 2 ms.
(b) Mirror flip sequences at the selected starting exposure time.

we propose a DLP-model-independent classification that
involves all color channels (i.e., red, green and blue) of
projected images. Each color in the RGB color space was
projected onto the white surface and sensed by the camera.
Using the camera classification method, these projected
colors were classified into the three sets previously discussed.
Based on this proposed classification, we are also able to
determine whether our DLP projector has interdependent
color channels in mirror flipping.

From the entire RGB color space containing 256 × 256
× 256 colors, we selected only 11 × 11 × 11 colors and
obtained 115 colors belonging to the white set. Because the
amount of light passing through the camera is decreased by
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(a) (b)

(c) (d)

Figure 4: (a) is an environment seen by a camera with normal shut-
ter settings. (b) is the environment (a) as seen by the synchronized
camera. (c) is the environment (a) seen by the synchronized camera
when image (d) is being projected from the DLP projector.

the beam splitter setup (as detailed in Section 4.2), we set a
high threshold value for the white set. Thus, there are few
colors categorized into this set. In detail, we projected single-
color images (corresponding to the colors in the selected
color space) and allowed the camera to sense the projected
colors. For one projected color, values of all pixels inside the
projection area (as seen by the camera) are averaged before
that color is classified into the appropriate set. Because of
this, we can ensure that the different resolutions between the
projector and camera will not affect our processes of color
space sampling and color classification.

For converting an arbitrary color into the most similar
color in the white set, we used an approximate nearest-
neighbor search algorithm called Best Bin First (BBF) [25].
Using this, we can convert an arbitrary color into the white
set, and the working environment is then always illuminated.
In Figure 5, we randomly generated 400 colors and converted
them into the white set using the BBF algorithm. The
converted image was then projected and sensed by the
synchronized camera. Conversion of the same image to
the black set is also shown for comparison. From images
captured by the camera shown in Figure 5, it is clear that
our classification and conversion approach can perform
efficiently, and the surface remains well illuminated when
projecting colors in the white set.

4. Real-Time Pro-Cam Geometric Calibration

Geometric calibration is the first problem encountered by
most pro-cam systems. Geometric mapping between camera
and projector coordinates is necessary to find corresponding
positions between the two coordinate systems, and to project
images back to desired locations on an actual surface. The
three objects affecting this calibration are the projector, the
camera and the surface. Any relative movement between

After (white)

After (black)

Before

(a) (b) (c)

(d) (e)

Figure 5: Color conversion using BBF algorithm. (a) is the
randomly generated 400 colors before conversion. (b) and (d) are
the (a) image after converted to the white and black set, respectively.
(c) and (e) are the blank surface seen by the synchronized camera
when image (b) and (d) are being projected, respectively.

any pair of the three objects causes changes in the pro-
cam geometric mapping. By attaching the camera rigidly
to the projector, there is no relative movement between the
projector and the camera but this cannot prevent relative
movements with the surface. On a planar surface, when
the angle of a projector moves away from perpendicular,
the geometric mapping changes. Nonoverlapping fields of
view of the projector and the camera may make geometric
mapping impossible in some positions. On an irregular
surface, there is an additional serious problem as 3D shapes
of the surface create parallax effects between projector and
camera coordinates. This problem is difficult to recover from
unless the 3D geometries of the surface are known.

In this paper, geometric mapping between camera and
projector coordinates is computed by perspective trans-
formation [26] whose computation effort is lighter than
Euclidean calculation does. Based on the fact that all points
seen by the camera lay on some unknown plane, the
perspective transformation between the two coordinates can
be established by a 3 × 3 homography matrix. Suppose that
(X ,Y) is a pixel in projector coordinates whose correspond-
ing pixel in camera coordinates is (x, y), the perspective
transformation from (x, y) to (X ,Y) can be expressed with
eight degrees of freedom in

(X ,Y) =
(
h1x + h2y + h3

h7x + h8y + h9
,
h4x + h5y + h6

h7x + h8y + h9

)
, (1)

where
−→
h = (h1 · · ·h9)T is constrained by condition |−→h | = 1.

The same transformation as written in (1) can be expressed
in homogeneous coordinates as

⎛
⎜⎜⎝
Xw

Yw

w

⎞
⎟⎟⎠ =

⎛
⎜⎜⎝
h1 h2 h3

h4 h5 h6

h7 h8 h9

⎞
⎟⎟⎠ ·

⎛
⎜⎜⎝
x

y

1

⎞
⎟⎟⎠. (2)

−→
h can be computed from four corresponding pixels between
the two coordinates (four correspondences ensure that no
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three points is collinear). When there are more than four
corresponding pixels found between the two coordinates
(δ > 4 in (3)), the RANSAC method is applied for estimating

the values of
−→
h in the following equation:

⎛
⎜⎜⎝
X1w X2w · · · Xδw

Y1w Y2w · · · Yδw

w w · · · w

⎞
⎟⎟⎠=

⎛
⎜⎜⎝
h1 h2 h3

h4 h5 h6

h7 h8 h9

⎞
⎟⎟⎠·
⎛
⎜⎜⎝
x1 x2 · · · xδ

y1 y2 · · · yδ

1 1 · · · 1

⎞
⎟⎟⎠.
(3)

The purpose of the following sections (i.e., Sections 4.1 and
4.2) is to find at least four corresponding pixels between
camera and projector coordinates and use them to compute

the updated
−→
h values in real time. After that, geometric

mapping from any (x, y) to (X ,Y) and vice versa is achieved

using
−→
h and [

−→
h ]

−1
, respectively. Sections 4.1 and 4.2

explain two alternative approaches for finding a set of
corresponding pixels between the two coordinates based
on two different setups. Both approaches are implemented
as a single self-contained device and support portable use.
The first approach uses an additional motion sensor and
can perform real-time geometric calibration on a planar or
slanted surface. The second approach uses a beam splitter so
that the geometric mapping is independent of the surface.

By the way, considering the frame buffer architecture of
the projector, there is one frame delay time before an image
sent to the projector will be projected out. Any movement
regarding the projector, camera or surface during this
delay time causes geometric errors between the calculated
geometries and the actual geometries (of projected images)
appearing on the surface. In our system, frequency of the
projection cycle is 60 Hz (as mentioned in Section 3.1)
which equals to the maximum 16.67 ms projection delay
time. For the application proposed in Section 5, this delay
time is relatively short compared to other processing times.
Therefore, we decided to neglect the effect of this delay
from our calculation. However, for an interactive system that
requires the millisecond precision in projection, additional
techniques such as motion estimation should be applied.

4.1. Motion-Sensor-Based Approach. This section describes
the approach using a motion sensor to find a set of corre-
sponding pixels between camera and projector coordinates
on a planar or slanted surface. Two tilt sensors fixed to
a projector were first proposed in [16]. Acquiring the tilt
angles from both sensors in real time allows the correct
estimation of the world’s horizontal and vertical directions
without using markers. Dao et al. [27] extended the sensor-
based idea to an accelerometer combined with a digital
compass. Their system measures the inclined angle of a
projector directly in both vertical and horizontal axes, and
then creates an interactive application by using real-time
keystone correction.

A sensor eliminates the need for fiducial markers but still
allows a single self-contained device. Our configuration for
this calibration approach is shown in Figure 6; a projector,
camera and motion sensor are fixed together on a wooden

Motion sensor VGA splitter

Firewire camera DLP projector

(a)

Motion
sensor

Firewire
camera

Synchronized

DLP projector

IEEE
1394B

USB

VGA

Computer

(b)

Figure 6: Projector-camera-sensor configuration.

base so that their relative positions and orientations cannot
be changed. The purpose is to obtain pairs of corresponding
(X ,Y) and (x, y) in real time. Unlike previous researches
that use the sensors to compute the rotation matrix of a
projector or to correct the keystone distortion, we directly
correlate the sensor values with camera coordinates in order
to find updated geometric mapping between camera and
projector coordinates in real time. Keystone correction is not
concerned in our system.

In this paper, a NEC/TOKIN MDP-A3U9S 3D motion
sensor is used with a data update rate of 125 Hz. The relative
pitch and roll angles are calculated from three acceleration
values, AccX , AccY and AccZ (acceleration values along X ,
Y , and Z axis, resp.), read from the accelerometer embedded
in our motion sensor. Setting the reference angles is simple—
the projector is moved until the images appear rectangular on
a surface and then a key or button is pressed. The reference
can be reset whenever a user prefers or feels significant
geometric errors (between the calculated geometries and
the actual geometries appearing on the surface) in the
calibration. Five consecutive samples of the 3D acceleration
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values acquired from the sensor are averaged in real time
before being used to compute the relative pitch and roll
angles. Averaging adds a delay but is recommended for a
smoother calibration. The calculation of the relative pitch
and roll angles can be summarized as follows:

pitchrel = arccos

⎛
⎝ AccXavg√

AccXavg
2 + AccYavg

2 + AccZavg
2

⎞
⎠

− pitchref,

rollrel = arctan

(
AccYavg

AccZavg

)
− rollref,

(4)

where pitchref and rollref refer to the reference pitch and
roll angles. AccXavg, AccYavg and AccZavg are the average of
five consecutive AccX , AccY and AccZ values read from the
sensor, respectively.

This approach requires offline calibration. However, the
calibration data are compatible with the system if there is
no change in the relative positions or orientations of the
three devices. Suppose that the offline calibration is achieved
using N sample images captured from the camera, and all
sample images share a set of n points to be calibrated. A
set of calibration data provided by one sample image can be
written as (p, r, x1, y1, x2, y2, . . . , xn, yn). Let p and r refer to
the relative pitch and roll angles, and (xi, yi) represents the
2D camera coordinate of an ith observed point in the sample
image. For N sample images captured from different angles
and orientations, we have

A =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

p(1) r(1) 1

p(2) r(2) 1

...
...

...

p(N) r(N) 1

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

,

B =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

x1(1) y1(1) x2(1) y2(1) · · · xn(1) yn(1)

x1(2) y1(2) x2(2) y2(2) · · · xn(2) yn(2)

...
...

...
...

. . .
...

...

x1(N) y1(N) x2(N) y2(N) · · · xn(N) yn(N)

⎤
⎥⎥⎥⎥⎥⎥⎥⎦
.

(5)

The offline calibration is finished when an adjustment matrix
(β) is obtained by using linear least squares to solve

(
ATA

)
β = ATB. (6)

At any time τ during the online calibration, (xi, yi) is
updated from the relative pitch and roll angles (calculated as
explained earlier) by

⌊
x1(τ), y1(τ), x2(τ), y2(τ), . . . , xn(τ), yn(τ)

⌋ = ⌊p(τ), r(τ), 1
⌋
β.

(7)

Following the above explanation, even though the posi-
tion and orientation of the pro-cam system (relative to the
surface) are not known, the system is able to obtain camera

coordinates (xi(τ), yi(τ)) of the n pre-defined points (whose
projector coordinates (Xi(τ),Yi(τ)) are known). Using the

corresponding (xi(τ), yi(τ)) and (Xi(τ),Yi(τ)) to compute
−→
h as

shown in (3) (when δ = n), real-time geometric mapping
between camera and projector coordinates is achieved.

4.2. Beam-Splitter-Based Approach. A beam splitter is an
optical device that reflects half of the incoming light and
transmits the other half. There are few researches concerning
pro-cam systems using a beam splitter. In [7], two cube
beam splitters are used to construct an IR projector and a
multi-band camera. However, the beam splitters are used
for internal hardware architecture purposes not calibration
purposes. Fujii et al. [28] briefly described the idea of
scene-independent geometric calibration using a plate beam
splitter attached to an off-the-shelf projector. The calibration
technique proposed in this section was inspired by this work.
Both their research and ours operate in the visible light
spectrum; however, the camera settings are completely differ-
ent. In their research, a camera uses a normal shutter speed
and works independently to a projector. In our research, as
described in Section 3, the camera is accurately synchronized
with the DLP projector and its shutter is opened for only
0.55 ms. In this section, we investigate a concrete portable
design and suitability of the beam splitter regarding our
nonintrusive projection approach. Many related factors are
introduced and observed. The beam splitter used in our
configuration is a TechSpec plate beam splitter 48904-J,
whose dimensions are 75 × 75 mm.

Using a beam splitter to coaxialize the two devices
ensures that any surface visible to a camera can also be
projected upon. The shapes of the surface do not affect
the geometric mapping or cause parallax between the two

coordinates. This means that geometric mapping (
−→
h ) needs

to be computed only once using (3); recomputation is not
necessary if there is no change in the relative positions or
orientations among the projector, camera and beam splitter.
The coaxial concept is illustrated in Figure 7(a) and our beam
splitter configuration is shown in Figure 7(d). The distance
from the front edge of the wooden base to the projector
lens is 13 cm. In addition to the design proposed in [28],
we added a curtain made from a light absorbing black-out
material to achieve the more practical portable design. This
curtain not only eliminates reflections of the environment at
the left side of the projector (as shown in Figure 7(c)) but
also prevents the projector’s reflected light from interfering
with the environment (as shown in Figure 7(b)). Note that
the camera was not in the high shutter speed mode when
capturing Figure 7(c).

As explained in Section 3, the nonintrusive projection
shortens the exposure time of the camera significantly.
Furthermore, the beam splitter setup allows only half of
the projected light to be transmitted to the surface. As a
result, the amount of light passing through the camera lens
in this configuration is quite limited and may result in
inaccurate environment analyses. Therefore, we conducted
three experiments using the camera setting explained in
Section 3 and investigated factors related to the practicality of
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d

Figure 7: (a) The concept of pro-cam coaxialization using a beam
splitter. (b) The use of a curtain to block projector’s reflected light.
(c) Captured image without and with the curtain (left and right).
(d) Our beam splitter configuration.

this beam splitter configuration. Only red value is concerned
in our experiments because the projector projects the red
light at the selected timeslot.

In the first experiment, we investigated how much the
beam splitter reduces the amount of light seen by the camera.
The three experimental setups are (1) no beam splitter, and
camera directly sees a surface, (2) a beam splitter in front
of the projector lens, but the camera still sees a surface
directly, and (3) our configuration as shown in Figure 7(d).
With a distance of 50 cm from the wooden base to the
surface, we projected uniform red images with intensity
values ranging from 0 to 255 onto a whiteboard, and allowed
the camera to sense these red projections. Figure 8 shows
the red intensities seen by the camera in the three setups.
Comparing the first and second setup, the red intensities
seen by the camera are reduced by 53.78% when the beam
splitter is placed in front of the projector lens. Comparing
the second and third setup, the red intensities are reduced
by 38.39% when the camera sees the surface through the
beam splitter. In total, by comparing the first and third
setup, our configuration reduces the red intensities seen

by the camera to about 71.52% of its original intensities
compared with the conventional pro-cam setup. This means
that amount of light seen by the camera will be quite limited
with this configuration. Therefore, a projector model whose
brightness is not strong enough might be difficult to be used
in our proposed system.

We investigated the distance in the second experiment.
Because the exposure time of the camera is very short, the
farther away the surface is, the less light the camera will
see. If an environment is insufficiently illuminated, it will
be difficult to use any image processing techniques. In this
experiment, we constantly projected a red image (whose
red intensity value was 255) onto a whiteboard located at
different distances. Figure 9 shows the experimental results.
At a distance of 20 cm, the environment was illuminated with
a very bright red light. At a distance of 130 cm, the environ-
ment was too dark for the camera to see properly. Note that
the brightness of our DLP projector is 1400 ANSI lumens and
the distance written in this context refers to a distance from
the surface to the front edge of the wooden base.

Finally, we performed an experiment to measure the
maximum distance over which our configuration can per-
form environment analyses correctly. We projected a pure
red image (with red intensity values equal to 255) at different
distances from 20 to 130 cm. The surface was a whiteboard
containing five color magnets inside the projection area. We
applied 2D Gabor filters [29] to each captured image to
evaluate the accuracy of the object detection at each distance.
The Gabor filters failed to detect all objects at a distance of
130 cm. Because the projected color used here is the brightest
color possible to be seen by the camera, we conclude that the
maximum distance at which this beam splitter configuration
can be used in the nonintrusive projection mode is 120 cm.

5. Experimental Results and Evaluations

In this section, we discuss the experiments conducted to
evaluate the proposed approaches. All experiments were
performed using a Dell Inspiron 1150 Mobile Intel Pentium 4
laptop with a processor running at 2.80 GHz. The projector’s
focus was adjusted manually in all experiments.

For the nonintrusive projection, we evaluated whether
our sampled colors (from the white set) can illuminate
an environment enough for an environment analysis. At a
specific distance, we projected each color from the white
set onto the whiteboard holding five color magnets, and
allowed the camera to sense the whiteboard. After applying
2D Gabor filters to the captured images, the projected colors
causing incorrect detection were counted. Table 1 shows the
experimental results. Most of the misdetection was caused by
noises added in the dark environment. Overall, five magnets
were detected satisfactorily until the distance reached 110 cm.

To determine the accuracy of the pro-cam geometric
calibration on planar surfaces, we measured the geometric
error of the three approaches compared with a ground truth.
Apart from the two proposed approaches (see Section 4),
we added the single calibrated approach for comparison
purposes; this approach lets the camera sense a surface
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Figure 8: Red intensities seen by the camera in three different setups.
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Figure 9: Red intensities seen by the camera at different distances to the surface using the beam splitter setup.

Table 1: Accuracy evaluation of the nonintrusive projection
regarding the distance to the surface.

Distance
(cm)

Number of
misdetected colors

Distance
(cm)

Number of
misdetected colors

20 0 80 19

30 0 90 29

40 1 100 39

50 1 110 48

60 4 120 80

70 19 130 111

Note: There are 115 colors in the white set.

directly and assumes a static geometric mapping between
projector and camera coordinates. The motion sensor offline
calibration was performed using 10 sample images contain-
ing 16 calibrated points (N = 10 and n = 16 according
to Section 4.1). In the experiments, camera coordinates
generated by the three approaches were compared with
actual camera coordinates. Five experiments were conducted
with different orientations of the projector for each approach
and each experiment was performed using 16 tested points
(the number of tested point written here is not the n value
used in the motion sensor offline calibration). Except for the
beam splitter approach, whose device setup is different, the

experiments were conducted simultaneously. Note that the
resolution of the camera coordinates was 640 × 480 pixels.

According to the experimental results shown in
Figure 10, the beam-splitter-based approach is the most
accurate and provides the narrowest range of geometric
errors in both axes. For the other two approaches, error
values derived from the same experiment cluster together.
The clustering locations in the five experiments are similar in
both approaches because they were generated from the same
projector orientations. However, the distribution of error
values in the single calibrated approach is wider than that for
the motion-sensor-based approach. Besides, the accuracy of
the two proposed calibration approaches does not fall over
time. The accuracy of the motion-sensor-based approach
may decrease when the current projector orientation differs
significantly from the reference orientation.

In addition to the beam-splitter-based calibration
approach, we conducted the same experiment with 16 tested
points on five nonplanar surfaces that cannot be calibrated
using the other two calibration approaches. Figure 11 shows
the experimental results and the experimental surfaces
captured by a separate camera. Using the beam splitter setup,
geometric errors are small even for these difficult surfaces.

Comparing the motion sensor and the beam splitter
setups, the latter provides more precise geometric calibration
and allows calibration on nonplanar surfaces. This is good
for a portable system where the geometry of a surface is
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Figure 10: Geometric error (camera coordinates) of the single calibrated approach, the motion-sensor-based approach and the beam-
splitter-based approach on planar surfaces.
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Figure 11: Geometric error (camera coordinates) of the beam-splitter-based approach on nonplanar surfaces.

not known. However, considering the quality of captured
images, direct capturing can sense the environment more
effectively than indirect capturing. Therefore, by using the
motion sensor setup, image processing can be performed
more efficiently.

We measured the geometric error of the perspective
transformation by reprojecting known points onto an
actual surface. Using a planar surface, three experiments
were conducted using the geometric mapping created from
4, 9, and 16 correspondences, respectively. During each
experiment, a chessboard pattern with 25 inner corners
was projected. We located each inner corner in camera
coordinates, applied the perspective transformation to map
those camera coordinates to projector coordinates using
(3), and drew the transformed projector coordinates back
on the projected images. In this way, we can measure the
geometric error between the actual projector coordinates
and the transformed projector coordinates of each tested
point on the actual surface. Figure 12 shows the experimental
results. While experimenting, we moved neither the surface

nor the devices, and the projection area appearing on the
surface had the dimensions 294 × 222 mm.

Finally, we built a small-scale application using the
beam splitter setup calibrated with 16 correspondences.
The purpose was to demonstrate the entire concept of our
interactive portable projector. Any objects are detected using
2D Gabor filters; nonintrusive projection is used to draw
text or special effects upon the detected objects or other
areas of the surface. Large-scale programs using the same
procedure can be built for live broadcasting of virtual studio
productions. Instead of the Gabor detector, human detector,
gesture recognition or motion analysis algorithms might be
used to detect an actor and interpret his actions accurately
in real time; robustness of the system regarding moving
targets will depend on the selected detection algorithm. The
rendering technique might be used to virtually paint the
studio, and animation techniques could be utilized to draw
attractive characters interacting with the detected actor.

Figure 13 shows the application in action, including
snapshots of the surface (taken with a separate camera)
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Figure 12: Geometric error of perspective transformation on an actual surface (world coordinates) using the number of calibrated
correspondences of 4, 9, and 16.

Figure 13: Demonstration of the ipProjector concept. Left images are snapshots of the surface taken by a separated camera. Right images
are images captured by the system camera.

and images captured by the system camera. The number
of detected objects is indicated in red while the other
detected objects are marked with a “+” sign at the detected
centroid. The “+” signs are drawn in different colors but
our separate camera cannot sense them properly. The reader
is encouraged to look closely at the images on the right.
It can be seen that the system camera sensed traces of the
projected contents in some images. This is due to the range of
the threshold set during the color classification (Section 3.3).
However, these traces are not clear enough to intrude on any
environment analysis. Note that the captured images were
enhanced here for better visualization.

6. Conclusion and Future Work

In this paper, we investigated hardware setups and software
techniques for creating a real-time interactive projection
application, including live broadcasting from an advanced
virtual studio. The projection device developed in this paper
is self-contained and portable, and can be installed or used
easily in an existing studio environment. The nonintrusive
projection problem is solved by using an off-the-shelf DLP
projector together with DLP color wheel analysis, color
space sampling and approximate nearest-neighbor search.

The proposed solution ensures that the environment is
always illuminated, while projected content does not intrude
on any environment analysis. For the real-time geometric
calibration problem, two approaches with different setups
were proposed. On a planar surface, the motion-sensor-
based approach can update the geometric mapping in real
time. For a more accurate calibration approach that can
be applied to planar and nonplanar surfaces, we proposed
the beam-splitter-based setup. Related factors of this setup
regarding the nonintrusive projection and further image
processing were also investigated.

The device and techniques proposed in this paper will
help the creation of special effects that appear in response to
actors or other studio objects in real time. By integrating the
proposed concepts with appropriate target detection algo-
rithms and special effect rendering techniques, an existing
virtual studio setup will then support live broadcasting in
an actual studio production. For example, in the weather
forecast virtual studio, positions of the actor and his hands
should be detected so that the weather map can be rendered
and projected in response to those detected positions. In
the future, we plan to create a robust interactive projection
application that benefits from the proposed device and
techniques. Furthermore, we are interested in adding human
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detection or hand gesture recognition to the system to
incorporate the system with a real human.
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We study a flexible framework for semantic analysis of human motion from surveillance video. Successful trajectory estimation
and human-body modeling facilitate the semantic analysis of human activities in video sequences. Although human motion is
widely investigated, we have extended such research in three aspects. By adding a second camera, not only more reliable behavior
analysis is possible, but it also enables to map the ongoing scene events onto a 3D setting to facilitate further semantic analysis. The
second contribution is the introduction of a 3D reconstruction scheme for scene understanding. Thirdly, we perform a fast scheme
to detect different body parts and generate a fitting skeleton model, without using the explicit assumption of upright body posture.
The extension of multiple-view fusion improves the event-based semantic analysis by 15%–30%. Our proposed framework proves
its effectiveness as it achieves a near real-time performance (13–15 frames/second and 6–8 frames/second) for monocular and
two-view video sequences.

1. Introduction

Visual surveillance for human-behavior analysis has been
investigated worldwide as an active research topic [1]. In
order to have automatic surveillance accepted by a large
community, it requires a sufficiently high accuracy and
the computation complexity should enable a real-time
performance. In the video-based surveillance application,
even if the motion of persons is known, this is not sufficient
to describe the posture of the person. The postures of
the persons can provide important clues for understanding
their activities. Therefore, accurate detection and recognition
of various human postures both contribute to the scene
understanding. The accuracy of the system is hampered by
the use of a single camera, in case of complex situations and
several people undertaking actions in the same scene. Often,
the posture of people is occluded, so that the behavior cannot
be realized in high accuracy. In this paper, we contribute to
improve the analysis accuracy by exploiting the use of second
camera and mapping the event into a 3D scene model, that

enables analysis of the behavior in the 3D domain. Let us now
discuss related work from the literature.

1.1. Related Work. Most surveillance systems have focused
on understanding the events through the study of trajectories
and positions of persons using a priori knowledge about
the scene. The Pfinder [2] system was developed to describe
a moving person in an indoor environment. It tracks a
single nonoccluded person in complex scenes. The VSAM
[3] system can monitor activities over various scenarios,
using multiple cameras that are connected as a network. It
can detect and track multiple persons and vehicles within
cluttered scenes and manage their activities over a long
period of time. The real-time visual surveillance system
W4 [4] employs the combined techniques of shape analysis
and body tracking, and models different appearances of a
person. This single-camera system detects and tracks groups
of people and monitors their behaviors, even in the presence
of partial occlusion and in outdoor environments. However,
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Figure 1: Block diagram of our four-level human motion analysis system.

the above systems generally suffer from the problem that
they lack reliable continuous observation of people displace-
ments. The monitoring performances of the above systems
mainly rely on the detected trajectories of the concerned
objects. Furthermore, the results are not sufficient for event
analysis in some cases. As the local properties of the detected
persons are missing, the developed systems lack the semantic
recognition result of dynamic human activities. In this paper,
we explore the combination of using trajectory, posture
recognition, skeleton fitting, and 3D scene reconstruction
in order to improve the semantic analysis of the human
behavior. Furthermore, we apply the above techniques to
a dual-camera system to improve the accuracy of event
recognition.

1.2. 3-D Reconstruction. Scene reconstruction in 3D is a
useful tool in semantic-event analysis, which is generally
utilized in multimedia applications [5]. The accurate and
realistic reconstruction in a virtual space can significantly
contribute to the scene understanding, like crime-evidence
collection and tactical analysis. Therefore, it is interesting
to extend scene-reconstruction functionality in advanced
surveillance applications, such as home-care monitoring and
robbery-detection surveillance. The 3D scene reconstruc-
tion can be conducted to visualize the scene for further
analysis. The 3D reconstruction is in fact a mapping of
the 2D image data into a 3D real-world model. After
the mapping from image to real world is performed, we
can estimate the position and calculate the real speed
of the persons involved in the video scene. Furthermore,
the scene can be reconstructed by realistic 3D models by
advanced modeling software to improve the reality. The
above postprocessing step extends the framework with better
visual presentation. In the application of a bank-robbery
detection, for example, this extended processing plays a
useful role in the crime-scene analysis, data retrieval, and
evidence collection.

The principle of the mapping is basically a homography
equation that describes the conversion of 2D point locations
into 3D positions. For this purpose, we aim at finding a set of
reference points that can be reliably detected. These reference

points are used as an input for a multiparameter homog-
raphy estimation. If sufficient reference points are available,
the parameters of the homography can be computed. After
this calibration, each input image can be mapped onto the
3D space using the computed homography. If we extend the
system to a dual-camera setup, each of the cameras needs
to be calibrated as described above. Both camera views are
mapped onto the same 3D space. If one person is occluded in
one camera view, his position can still be mostly determined
by the second camera, so that a reliable 3D scene analysis can
be conducted.

1.3. Research Objectives. To address the challenging problem
of accurately analyzing human motion and summarizing
events at high semantic level, we contribute in three aspects.

(i) A flexible framework is proposed to enable hier-
archical human motion analysis. It can be utilized
in surveillance applications with four-level analysis
results using single or multiple cameras.

(ii) A 3D reconstruction scheme is introduced for
scene understanding based on automatic camera
calibration. The location and posture of persons are
visualized in a 3D space after context knowledge
is integrated. More specifically, the 2D-3D map-
ping provides a platform for a normalized motion
configuration (i.e., location and speed) and scene
visualization/analysis in the real world.

(iii) A fast scheme is proposed to detect different body
parts in human motion. More specifically, for every
individual person, features of body ratio, silhouette,
and appearance are integrated into a hybrid model
to detect body parts. The conventional assumption of
upright body posture is not required.

In the sequel, we first present a system overview in
Section 2 and then describe in detail the techniques for each
level in Section 3. The experimental results on surveillance
video are provided in Section 4. Finally, Section 5 draws
conclusions.
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2. Our Proposed System Framework

Our work aims at the object/scene analysis and behavior
modeling of deformable objects. The framework captures
the human motion, analyzes and demonstrates its ges-
ture/activity, infers the semantic event exploiting interaction
modeling, and performs the 3D scene reconstruction. The
previous analysis is only possible if the scene and its objects
are analyzed at various levels (e.g., background modeling,
moving objects, event recognition, etc.). The block diagram
of our multilevel event-analysis system is shown in Figure 1.
The term multilevel refers to the four different conceptual
levels: pixel-based level, object-based level (including trajec-
tory estimation, posture classification, and skeleton fitting),
event-based level, and visualization level.

(i) Pixel-based level. The background modeling and
object detection are implemented. Each image within
the video covering an individual human body is
segmented to extract the “blobs” representing fore-
ground objects. These detected blobs are refined
afterwards to produce the human silhouette.

(ii) Object-based level. It performs trajectory estimation,
posture classification, and skeleton fitting. We first
track every moving person. Afterwards, a shape-
based analysis is conducted to classify different
posture types. Finally, a skeleton model is adaptively
produced for every object.

(iii) Event-based level. Interaction relationships are mod-
eled to infer a multiple-person event. This semantic
analysis is thus responsible for the human activity
recognition.

(iv) Visualization level. With the aim of 2D-3D mapping
calibration, the 3D scene reconstruction is conducted
to visualize the scene for further analysis. This level
can be simple for home use, but advanced for
professional use (e.g., after crime analysis in 3D).

The purpose of the framework is that it should be power-
ful and robust enough to facilitate a few different surveillance
applications. To fulfill this objective, the semantic-level
analysis should be of sufficiently high performance. In the
sequel, home-care monitoring and the detection of a robbery
for security surveillance are our key applications.

3. Techniques for Human Behavior Analysis

3.1. Trajectory Estimation. At the pixel-based level, the
human silhouette is detected based on background subtrac-
tion. This general method can be used to segment moving
objects in a scene, assuming that the camera is stationary
and the lighting condition is fixed. To improve the blob
segmentation, a shadow-removing approach [6] is used in
our scheme. The false segmentation caused by shadows can
be minimized by computing differences in a color space
(RGB) that is less sensitive to intensity changes.

At the object-based level, person tracking (trajectory
estimation) and posture classification are performed. In
the trajectory-estimation step, we employ the broadly

(a) (b) (c)

(d) (e) (f)

Figure 2: Procedure of skeleton-fitting processing: (a) original
frame, (b) foreground segmentation (after shadow removal), (c)
body modeling based on convex hull, (d) center-point estimation,
(e) body-part location and, (f) skeleton construction in single-
person motion.

accepted mean-shift algorithm for tracking persons, based
on their individual appearance model represented as a color
histogram. When the mean-shift tracker is applied, we
extract every new person entering the scene and calculate
the corresponding histogram model in the image domain.
In subsequent frames for tracking that person, we shift
the person object to the location whose histogram is
the closest to the previous frame. Afterwards, from our
previous work [7], we have adopted the Double Exponen-
tial Smoothing (DES) operator to track moving persons.
This filter runs approximately 135 times faster than the
popular Kalman filter-based predictive tracking algorithm,
with equivalent prediction performance. When the trajectory
is obtained, we can estimate the position of the persons
involved in the video scene. Therefore, we can conduct a
body-based analysis at the location of the person in every
frame.

Based on the results of trajectory estimation, the person
action is classified into three types: running, walking, and
standing. In the case of standing, the speed of the moving
person is below a predefined threshold. Only in that case,
posture classification is performed, which will be addressed
in the next subsection.

3.2. Individual Posture Recognition with CHMM. We adopt a
simple but effective shape descriptor to analyze the human
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silhouette prior to conducting the temporal modeling
scheme of a Continuous Hidden Markov Model (CHMM)
to recognize the posture type.

Individual posture classification is important for human-
activity recognition. Firstly, we adopt a shape-based descrip-
tor to analyze the human silhouette. Our posture classifier
utilizes two features commonly used for object classification:
area and the ratio of the bounding box attached to each
detected object. This approach is simple but efficient, and it
contributes significantly to the tracking and avoids a complex
procedure for training data. The nonperson objects and
image noise can be effectively removed. The disturbance
generated from different person heights is also considered.
We perform a training step regarding different heights in
the scene before an adaptive threshold is applied. Finally,
we can obtain the observed 2D feature vector of the
silhouette.

Due to noise from segmentation errors, a single-frame
recognition is not sufficiently accurate when we require
general motion classification. The temporal consistency is
required for a good posture recognition. Therefore, we adopt
the HMM as our posture classifier, since it has proven to
be an effective tool for sequential data processing. We use
the Continuous Hidden Markov Model (CHMM) with left-
right topology [8]. Suppose a CHMM has E states Q =
{q1, q2, . . . , qE} and F output symbols V = {v1, v2, . . . , vF}.
It is fully specified by the triplet λ = {A,B,π}. Let the state at

time step t be st ; then the E×E-state transition matrix A can
be defined by

A =
{
ai j | ai j = P

(
st+1 = qj | st = qi

)}
, 1 ≤ i, j ≤ E.

(1)

The E× F-state output probability matrix B is defined as

B =
{
bj(k) | bj(k) = P

(
vk | st = qj

)}
, 1 ≤ j ≤ E,

1 ≤ k ≤ F.
(2)

The initial state distribution vector π is specified as

π = {πi | πi = P
(
s1 = qi

)}
, 1 ≤ i ≤ E. (3)

We assign a CHMM model to each of the predefined
posture types for the observed human body. Each CHMM is
trained based on the Baum-Welch algorithm [8]. The learn-
ing process can calculate all parameters of the model using
the training data. In other words, the triplet λ is obtained
for each model. After having the models for each posture,
we can proceed to implement the online testing. Given
an observation sequence Obv = {Obv1,Obv2, . . . ,ObvT},
we can calculate P(Obv | λi), which is the probability
of the observation sequence Obv given model i with λi.
The probability P(Obv | λi) can be obtained by using the
forward algorithm [8]. After each model’s output probability
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Figure 5: Example images of the skeleton-fitting result of human activity in two indoors events.
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Figure 6: Event detection classification results based on sin-
gle/multiple cameras.

is calculated, the model with maximum probability is chosen
as the recognition result. We can therefore recognize the
posture class CT as being the one that is represented by the
maximum probable model amongK types, which is specified
by

CT = arg max
i

P(Obv | λi), 1 ≤ i ≤ K. (4)

In our investigated case (T = 20, K = 4), every given
posture is finally classified into one of the following types:
pointing, squatting, raising hands overhead, and lying.

3.3. Skeleton Fitting. The purpose of skeleton fitting is to
visualize the behavior of the person. To this end, we need
to detect individual body parts at each frame. Since this has
roots in earlier scientific research, we first briefly present an
overview of this work below.

Accurate detection and efficient tracking of various body
parts play an important role in presenting the human
behavior. Existing fast techniques can be classified into two
categories: appearance-based and silhouette-based methods.
Appearance-based approaches [9, 10] utilize the intensity
or color configuration within the whole body to infer
specific body parts. They can simplify the estimation and
collection of training data. However, they are significantly
affected by the variances of body postures and clothing.
For the silhouette-based approach [11–13], different body
parts are located employing the external points detected
along the contour, or internal points estimated from the

shape analysis. The geometric configuration of each body
part is modeled prior to performing the pose estimation
of the whole human body. However, the highly accurate
detection of body parts remains a difficult problem, due
to the effectiveness of segmentation. Human limbs are
often inaccurately detected because of the self-occlusion
or occlusion by other objects/persons. Summarizing, both
silhouette and appearance-based techniques do not offer
a sufficiently high overall accuracy of body-part detection.
Also, the assumption of upright posture is generally required.
In our work, we do not need the assumption of an upright
posture. We had to design a new algorithm because in the
desired applications, persons are not always in an upright
position. In the following, we summarize our algorithm that
was reported first in [14].

We develop a fast scheme to detect different body parts
in human motion. More specifically, for every individual
person, features of body ratio, silhouette, and appearance
are integrated into a hybrid model to detect body parts.
The conventional assumption of upright body posture is
not required. The skeleton-fitting processing step models
the human motion by a skeleton model. The detailed
procedure is illustrated in Figure 2. In the example of
single-person motion, the input frame (Figure 2(a)) is first
subject to shadow removal, and then segmented to produce
a foreground blob (Figure 2(b)). Afterwards, the convex
hull is implemented for the whole blob (Figure 2(c)). The
dominant points along the convex hull are strong clues, in
the case of single-person body-part detection. They infer
the possible locations of the ending points of body parts,
like head, hands, and feet. Here we employ a content-
aware scheme to estimate the center point (Figure 2(d)),
which is fundamentally used to position the human skeleton
model. Meanwhile, dominant points along the convex hull
are selected and refined to locate the head, hands and feet
(Figure 2(e)). Finally, different body parts are connected to
a predefined skeleton model involving a center point, where
the skeleton is adapted to the actual situation of the person
in the scene (Figure 2(f)).

3.4. Interaction Modeling. In multiperson events, the event
analysis is achieved by understanding the interactions among
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(a) (b)

(c)

Figure 7: Example of our simulated multicamera robbery-detection result.

people involved in the scene. The temporal constraints of
two-person interactions are defined by two events in terms
of causal and coinciding relations of the two persons’ posture
changes. The events are seldom instantaneous and often
significantly rely on the temporal order and relationship
of their subevents (the individual posture). We introduce
appropriate spatial and temporal constraints for each of the
various two-person interaction patterns as domain knowl-
edge. The satisfaction of specific spatial/temporal constraints
contributes to the semantic recognition of the interaction.
Therefore, the event-level recognition is characterized by
the integration of domain-specific knowledge, whereas the
object-level recognition is more closely related to the pure
motion of a human body.

In order to represent temporal relationships of subevents,
we apply the temporal logic based on interval algebra, as
used in [15]. Seven temporal relationships are indicated from
the set of TR = {after, meets, during, finishes, overlaps,
equal, starts}. These keywords can link different sub-events
after the individual event is analyzed. In this way, the scene
becomes a chain of sub-events which are linked by the
previously mentioned key words. To describe the semantic
meaning of the scene, we apply heuristic rules. For example,
in the application of a bank-robbery detection, the heuristic
rules are based on expert knowledge. In our investigated
case of robbery detection [14], the posture “pointing” is a
key reference posture. It can significantly infer the robbery
event. Other postures are also estimated to improve the
recognition accuracy based on specific temporal constraints.
Suppose person A has an action labeled as “pointing”, person

B is detected to be “raising both hands” and person C is
“squatting” during the sub-event from person A, we can
infer that a robbery actually occurs. After performing the
interaction modeling, we are able to calculate the degree
of abnormality. If the degree value is above a predefined
threshold, the surveillance system will trigger the alarm
signal (e.g., when a detected robbery event happens). The
advantage of using such a metric is that an abnormal
situation can raise the degree value to alert security people
without signaling an alarm. The degree value can thus be
used as a preventive measure, rather than alarming when the
actual robbery takes place.

3.5. 3D Scene Reconstruction. Based on the automatic or
manual camera calibration, we can implement the 2D-
3D mapping. In other words, the image contents can be
described in a 3D world domain. Furthermore, the real
scene is reconstructed in a virtual space. This 3D scene
reconstruction is useful for after-crime analysis and it
contributes to the crime-evidence collection.

The objective of the camera calibration is to provide
a geometric transformation that maps the points in the
image domain to the real-world coordinates. An example
of the scene reconstruction is visualized in Figure 3. In our
system, we analyze the human behavior based on the person’s
trajectory and/or speed on the ground, so that the height
information of the human is not required. Since both the
ground and the displayed images are planar, the mapping
between them is a homography, which can be written as
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Table 1: The detection results for human activity recognition in home-care monitoring.

In kitchen
Sitting at

Sitting on couch Playing piano To balcony In bedroom In bathroom
Enter/Leave

dining table by door

In kitchen 14/16 2/16 0 0 0 0 0 0

Sitting at dining table 0 8/8 0 0 0 0 0 0

Sitting on couch 0 0 10/10 0 0 0 0 0

Playing piano 0 1/8 0 7/8 0 0 0 0

To balcony 0 0 0 0 10/10 0 0 0

In bedroom 0 0 0 0 2/12 10/12 0 0

In bathroom 0 1/7 0 0 0 0 6/7 0

Enter/Leave by door 0 0 0 0 0 0 0 5/5

a 3 × 3 transformation matrix H , transforming a point p =
(x, y, z)T in image coordinates to the real-world coordinates
p′ = (X ,Y ,Z)T with p = Hp′, which is equivalent to

⎛
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⎞
⎟⎟⎠. (5)

The transformation matrixH can be calculated from four
points whose positions are known both in the real world and
in the image. In our previous work [7], we have developed an
automatic algorithm to establish the homography mapping
for analyzing a tennis video, where the court lines and their
interaction points are identified in the image. Such lines and
points are related to the lines and points in a standard tennis
court. Therefore, the homography mapping described in (5)
can be established after the correspondences are found. This
approach has been adopted in our surveillance system. The
basic idea is to manually put four white lines forming a
rectangular on the ground (see Figure 3). We have measured
the length of each line in the real world, thereby defining
their coordinates in the real-world domain. Afterwards, the
algorithm proposed in our previous work can be applied
for calculating parameters of the homography mapping. The
complete algorithm comprises four steps, which are white-
pixel detection, line detection, finding intersection points
and calculating the parameters. For more details, we refer to
an earlier publication [7].

After performing the mapping from the image to real
world, we can estimate the position and calculate the real
speed of the persons involved in the video scene. The
label of walking or standing can be therefore assigned
to an individual person. Furthermore, the scene can be
reconstructed in 3D space. The above post-processing step
extends our framework with better visual presentation and
scene understanding. For instance, the 3D location of every
moving person infers his actual behavior in the application of
home-care monitoring. In the application of a bank-robbery
detection, this extended processing is useful in the crime-
scene analysis, data retrieval and evidence collection.

4. Experimental Results

We have trained our framework using 10 video sequences
of various single/multiperson motion (15 frames/s) in both
home-care and robbery-event scenarios. Then we have used
15 similar sequences for testing. On the frame basis, we
have obtained a 98% accuracy rate on person detection, 95%
detection rate on person tracking (where the criterion is that
at least 70% of the human body is included in the detection
window), and 82% detection rate on posture classification
(in the robbery-event scenario).

4.1. Single-Camera Experiment: Home-Care Monitoring.
Based on the trajectory estimation, we can calculate the speed
and estimate the location of each individual person. We have
conducted the experiment in our first case study on home-
care monitoring. The experimental videos were captured in
an apartment involving 6 persons (with different gender,
height, age and clothes). The length of video sequences
is more than 2 hours. The layout of the apartment is
demonstrated in Figure 4. Based on the detected location
and speed, the human daily activity is classified into 8 types
(in kitchen, sitting at dining table, sitting on couch, playing
piano, to balcony, in bedroom, in bathroom, and enter/leave
by door). The classification results of activity recognition
(involving the detected sequence numbers and total test
sequence numbers, zero means that no corresponding
sequence is detected) are summarized in Table 1. In our
experiments, the ground truth of body-part locations were
manually obtained. The maximum tolerable errors in the
evaluation is set to 20 pixels. The skeleton model is further
reconstructed on the individual body. Two examples of such
a modeled presentation are portrayed by Figure 5.

4.2. Dual-Camera Experiment: Robbery-Event Detection. To
further combat the problem of occlusion, multiple cameras
are employed for capturing the same scene from different
angles. We have conducted a dual-camera experiment in
our second case study on a robbery-event detection. We
analyze both camera views and combined the semantic of
both views into one degree of abnormality. Currently, an
OR logic operator is applied to link the two viewpoints
at the level of the abnormal-event detection. Two different
event types (normal and abnormal) are defined based on
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Figure 8: System performance: average time-consuming percentage
of each module.

domain knowledge. The detection accuracy for each camera
and the combination are shown in Figure 6. It proves that
the dual-camera scheme effectively improves the event-
based semantic analysis. Figure 7 shows a detection example
of a simulated bank-robbery event. The position of every
person is visualized after trajectory estimation. The postures
are estimated and the semantic event is highlighted after
interaction modeling from two different viewpoints (Figures
7(a) and 7(b)). The camera calibration is performed and
the 2D-3D mapping is visualized. The degree of abnormality
is also calculated and shown in Figure 7(c). Although the
posture pointing is not recognized in one camera (see
Figure 7(b)), it is correctly recognized in the other camera
(see Figure 7(a)). The robbery event is successfully detected
afterwards.

4.3. System Performance. Our system performance was tested
by video sequences at 640 × 480 resolution (VGA), with
a P-IV 3-GHz PC. Results show that our system fulfils
the real-time requirement, as 13–15 frames/second and 6–
8 frames/second are obtained for monocular and two-view
video sequences, respectively. Figure 8 presents the average
cycle-consumption percentage of every module. We have
assumed that camera calibration is an off-line process taking
place first. As can be noticed, foreground/background seg-
mentation and tracking modules consume most computing
cycles.

5. Conclusion

We have proposed a layered framework that enables mul-
tilevel human motion analysis, featuring layers at pixel,
object, event and visualization level. The framework captures
the human motion, classifies its posture, generates a fitting
skeleton model after body-part detection, infers the semantic
event exploiting interaction modeling, and performs the 3D
scene reconstruction. We have applied this framework in a
single-camera setup and a dual-camera setup. In the last
case, it is possible to benefit from the extra view in case of
occlusion and it may also add to after-crime analysis. This
extension of multiple-view fusion improves the event-based
semantic analysis by 15%–30%.

The framework was evaluated for two applications, a
home-care monitoring case and a robbery-detection case.
The practical results have shown that our framework can be

used for various surveillance cases. The choice of using single
or multiple cameras is basically independent on the type of
surveillance applications and it is more ruled by the quality
requirements or the occurrence of occlusions. Performance
evaluations have shown that the framework is efficient
and achieves a fast performance (13–15 frames/second and
6–8 frames/second) for monocular and two-view video
sequences. Therefore, it can be used in an embedded system
implementation.

We are improving the effective modeling of multi-person
interaction, in order to obtain a probability-based inference
engine. The self-occlusion problem is not yet thoroughly
tackled at the current stage. Thus we intend to integrate an
effective occlusion-handling module, which was reported in
[16] to improve the motion-analysis robustness.
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We present a statistical framework based on Hidden Markov Models (HMMs) for skimming feature films. A chain of HMMs is used
to model subsequent story units: HMM states represent different visual-concepts, transitions model the temporal dependencies in
each story unit, and stochastic observations are given by single shots. The skim is generated as an observation sequence, where, in
order to privilege more informative segments for entering the skim, shots are assigned higher probability of observation if endowed
with salient features related to specific film genres. The effectiveness of the method is demonstrated by skimming the first thirty
minutes of a wide set of action and dramatic movies, in order to create previews for users useful for assessing whether they would
like to see that movie or not, but without revealing the movie central part and plot details. Results are evaluated and compared
through extensive user tests in terms of metrics that estimate the content representational value of the obtained video skims and
their utility for assessing the user’s interest in the observed movie.

“I took a speed reading course and read “War and Peace” in 20
minutes. It involves Russia.”

Woody Allen.

1. Introduction

In the last years, with the proliferation of digital TV broad-
casting, dedicated internet websites, and private recording
of home video, a large amount of video information has
been made available to end-users. Nevertheless, this massive
proliferation in the availability of digital video has not been
accompanied by a parallel increase in its accessibility. In this
scenario, video summarization techniques may represent a
key component of a practical video-content management
system. By watching a condensed video, a viewer may
be able to assess the relevance of a programme before
committing time, thus facilitating typical tasks such as
browsing, organizing, and searching video-content.

For unscripted-content videos such as sports and home-
videos, where the events happen spontaneously and not
according to a given script, previous work on video sum-
marisation mainly focused on the extraction of highlights.
Regarding scripted-content videos—those videos which are
produced according to a script, such as feature films

(e.g., Hollywood movies), news and cartoons—two types of
video abstracts have been investigated so far, namely, video
static summarization and video skimming. The first one is a
process that selects a set of salient key-frames to represent
content in a compact form and present it to the user as a static
programme preview. Video skimming instead, also known as
video dynamic summarization, tries to condense the original
video in the more appealing form of a shorter video clip.
The generation of a skim can be viewed as the process of
selecting and gluing together proper video segments under
some user-defined constraints and according to given criteria.
On the one hand, final user constraints are usually defined by
the time committed by the user to watch the skim, which in
the end determines the final skim ratio. On the other hand,
skimming criteria used to select video segments range from
the use of motion information [1], the exploitation of the
hierarchical organization of video in scenes and shots as in
[2], or the insertion of audio, visual, and text markers [3].

In this paper, in order to derive the skim, we propose to
combine the information deriving from the story structure
with the characterization of the shots in terms of salient
features, that are motion dynamics for action movies,
and the presence of human faces for dramas, respectively.
These salient features inherently estimate the contribution
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of each shot in terms of “content informativeness” and
determines whether the shot will be included in the final
skim. The “structure informativeness” of the video is instead
captured by HMMs, which model semantic scenes and whose
observations produce the shot sequence of the final skim.

The paper is organized as follows. Section 2 gives a
brief overview on the current state-of-the-art related to
video skimming and the other techniques here employed.
Section 3 presents the criteria adopted to realize the skim.
In Section 4, we characterize the content informativeness
of shots by the use of salient features related to the movie
genres. Section 5 describes how to model each story unit by
an HMM. In Sections 6 and 7, the video skims are generated
and evaluated, while in Section 8 conclusions are drawn.

2. Related Work

In the past, HMM has been successfully applied to different
domains such as speech recognition [4], genome sequence
analysis [5], and so forth. For video analysis, HMMs have
been used to distinguish different genres [6], and to delineate
high-level structures of soccer games [7]. In this work
instead, HMMs are used as a unified statistical framework
to represent visual-concepts and to model the temporal
dependencies in story units with the aim of video skimming.

Even if the interest in effective techniques for dynamic
video skimming is highly in demand, to date, there are
relatively less works that address dynamic video skimming
than works related to static video summarisation (see, e.g.,
[8] for a systematic classification of previous works on
condensed representations of video content). In general, to
process huge quantities of video frames is more difficult
than to select a subset of relevant key-frames. It is also
challenging to define which segments have to be highlighted
and mapping the mechanisms of human perception into
an automated abstraction process. For these reasons, at the
moment most current video skimmings are intended as
natural evolutions of the methods employed for generating
the related static summaries. Therefore, many skimming
methodologies rely on the same clustering algorithms which
have been adopted to obtain static video summaries, such
as those that have been extensively reviewed in [9]. For
example, in one of the latest works [10], the authors propose
an algorithm for video summarization which first constructs
story boards and then it removes redundant video content
using hierarchical agglomerative clustering at the key-frame
level.

Since it is easy to understand how a tool that can
automatically shorten the original video while preserving
only the important content would be greatly useful to most
users, alternative skimming methods have been developed
in time. The oldest and most straightforward approach is
to compress the original video by speeding up the playback
without considerable distortion, as pointed out by Omoigui
[11]. A similar approach is also described in [12], where an
audio time-scale modification scheme is applied. However,
these techniques only allow a maximum time compression
of around 2.5 times, depending on the rate of speech; since

once the compression factor goes beyond this range, the
perceived speech quality becomes quite poor or annoying. A
similar method is found in [13], where the skim generation
is formulated as a rate-distortion optimisation problem.

A number of approaches use attention and saliency
models to derive the video skim. In [14] summaries are
generated by merging together those video segments that
contain high-confidence scores in terms of motion-attention.
In a further generalisation described in [1], the same authors
take into account also the presence of human faces and
the present audio information. One limitation of these two
approaches, that we try to overcome in this work, is that the
structural information such as the intershot relationship is
not exploited for video skimming. As a result, the produced
dynamic video summary is purely a collection of video
highlights in terms of attention model and does not take
into account the content coverage and relationships. In [15]
a method for the detection of perceptually important video
events, based on saliency models for the audio, visual and
textual information, is also described.

Other techniques rely on the presence of textual informa-
tion only. The Informedia project [3], for example, concate-
nates audio and video segments that contain preextracted
text key-words to form the skim, for example from news.

Without relying on text cues, in [16] skims are generated
by a dynamic sampling scheme. Videos are first decomposed
into subshots, and each subshot is assigned a motion-
intensity index. Key-frames are then sampled from each
subshot based on an assigned rate which is derived by the
motion index. During the skim playback, techniques of linear
interpolation are adopted to provide users with a dynamic
storyboard. Similar methods for skim generation based on
precomputed key-frames are described in [17, 18].

Singular Value Decomposition and Principal Compo-
nent Analysis have been also proposed in [19] as attractive
models for video skimming. However, these techniques
remain computationally intensive since they process all video
frames, which cannot be practical for huge repositories.

More recently, research on generating skims for specific
unscript-content video has been reported. For example, ad-
hoc summarisation methods for rushes were designed within
the RUSHES project [20] and have been a field of competi-
tion in the TrecVid 2008 [21] as in the related work in [22].

In [23], a skimming system for news is presented. By
exploiting news content structure, commercials are removed
by using audio cues, and then anchor persons are detected
(using a Gaussian Mixture Model) and glued together to
form the skim.

Home video skimming is addressed in many works, such
as in [2, 24]. In this last work, video skimming is based on
media aesthetics. Given a video and a background music,
this system generates a music-video-style skimming video
automatically, with consideration of video quality, music
tempo, and the editing theory.

Some research efforts [25] have been investigating the
generation of skims for sports videos based on the identifi-
cation of exciting highlights such as soccer goals or football
touchdowns, therefore, according to the significance of play
scenes.
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Finally, regarding movies and narrative video, the rules
of cinematic production are exploited in [26–28] to produce
a syntactical-based reduction scheme for skim generation.
Based on both audio and visual information, some utility
functions are modelled to maximise the content and coher-
ence of the summaries.

3. Skimming Criteria

Since a skimming application should automatically shorten
the original video while preserving the important and
informative content, in this work it is proposed that the
time allocation policy for realising a skim should fulfil the
following criteria.

(i) “Coverage”. The skim should include all the parts of
the movie structure into the synopsis. Since in the movie
cinematic syntax, the story structure constitutes a fundamen-
tal element for conveying the movie message, each Logical
Story Units (LSU), that is, each “sequence of contiguous and
interconnected shots sharing a common semantic thread”
[29] (which is the best computable approximation to a
semantic scene), should participate the skim. Therefore, if V
is the original video of total length l(V), we consider it to be
already segmented into n Logical Story Units Λi by previous
analysis as in [30] or in [31], that is, V = {Λ1,Λ2, . . . ,Λn}.
The final skim v will contain the skimmed version of each
LSU, that is, v = {λ1, λ2, . . . , λn}.

(ii) “Representativeness”. Each Logical Story Unit should be
represented in the skim proportionally to its duration in the
original video. Therefore, if r is the skimming ratio defined
by the user (i.e., r = l(v)/l(V)), the length of each LSU in the
synopsis should be l(λi) = r · l(Λi), for all i = 1, . . . ,n.

(iii) “Structure Informativeness”. Since in the movie cine-
matic syntax, the information which is introduced by the film
editing process, especially by the shot patterns inside story
units (e.g., dialogues, progressive scenes, etc.), is relevant for
the storytelling and for conveying the plot, this information
should be preserved in the final skim. Therefore, if Λi is a
dialogue in the movie V , the corresponding story unit λi ∈ v
should preserve the dialogue structure.

(iv) “Content Informativeness”. To represent each story unit,
the most “informative” video segments should be preferred.
Of course, “informative” is a term that can assume multiple
meanings depending on context. Since we are dealing with
movies, a segment is intended as “informative” if it is
effective in conveying the general concept presented in
the film. One possibility of relating this to some physical
properties of the video material is to link the concept of
“informative” segment with the genre of the movie. If the
film is an action movie, for example, an informative segment
will be a high dynamic one, while in case of a dramatic film,
informative segment will be those showing key dialogues
between main characters. We can therefore quantify the
“informativeness” of a video segment by assessing in the

video the presence of one salient feature F which is related
to the film genre.

4. Salient Features

In order to assess the content informativeness of each shot of
the film, we introduce the concept of salient feature F related
to the movie genre. The skimming procedure that follows
this description is general and can be applied to any film
provided that a salient feature for that movie genre is defined.
The user can also choose to apply a salient feature which is
not related to the movie genre, just because he/she is more
interested in that, or as a leisure activity, for example, in the
context of a video mash-up application. There is of course no
limit to the set of salient features that can be defined.

In order to provide a couple of examples of possible
salient features, we shortly describe in the following a
measure of motion activity which can be useful to skim
action movies, and a face detection procedure to assess the
presence of human faces in dramatic movies, where most
information is conveyed by dialogues between characters.

4.1. Motion Activity. The intensity of motion activity is a
subjective measure of the perceived intensity of motion in
a video segment. For instance, while an “anchorman” shot
in a news program is perceived by most people as a “low-
intensity” action, a “car chasing” sequence would be viewed
by most viewers as a “high-intensity” sequence.

As stated in [32], the intensity of motion activity in a
video segment is in fact a measure of “how much” the content
of a video is changing. Motion activity can be therefore
interpreted as a measure of the “entropy” (in a wide sense) of
a video segment. We characterize the motion activity of video
shots by extracting the motion vector (MV) field of P-frames
(see Figure 1) directly from the compressed MPEG stream,
thus allowing low computational cost.

For compression efficiency, MPEG uses a motion-
compensated prediction scheme to exploit temporal redun-
dancy inherent in an image sequence. In each GOP (Group of
Pictures), I-frames are used as references for the prediction.
P-frames are coded using motion-compensated prediction
from a previous P or I-frame (forward prediction), while
B-frames are coded by using past and/or future pictures
as references. This means that, in order to reduce the bit-
rate, macroblocks (MBs) in P and B-frames are coded using
their differences with corresponding reference MBs, and a
motion vector carries the displacement of the current MB
with respect to a reference MB.

The raw MV field extracted turns out to be normally
rough and erratic, and not suitable for tasks such as
accurately segmenting moving objects. However, after being
properly filtered, the MVs can be very useful to describe the
general motion dynamics of a sequence, thus characterising
the amount of visual information conveyed by the shot.

The filtering process applied includes first removing the
MVs next to image borders which tend to be unreliable, then
using a texture filter, followed by a median filter. The texture
filter is needed since, in the case of low-textured uniform
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Figure 1: A decoded P-frame and its motion vector field.

areas, the correlation methods used to estimate motion often
produce spurious MVs. After having filtered the motion
vectors on texture criterion, a median filtering is used to
straighten up single spurious vectors such as those that could
still be present close to borders.

In general, the perceived motion activity in a video is
higher when the objects in the scene move faster. In this case
the magnitudes of the MVs of the macroblocks (MBs) that
make up the objects are significant, and one simple measure
of motion intensity can be extracted from the P-frame by
computing the mean μP of the magnitudes of motion vectors
belonging to intercoded MBs only.

However, most of the perceived intensity in a video
is due to objects which do not move according to the
uniform motion of the video camera. Thus, a good P-frame-
based measure of motion intensity is given by the standard
deviation σP of the magnitudes of motion vectors belonging
to intercoded MBs.

The measure σP can be also extended to characterize
the motion intensity MI(S) of a shot S, by averaging the
measures obtained on all the P-frames belonging to that
shot. MPEG7 Motion Activity descriptor [32] is also based
on a quantized version of the standard deviation of MVs
magnitudes. For our purposes, each shot S is assigned its
motion intensity value MI(S) in its not-quantized version.
This value MI(S) tries to capture the human perception of
the “intensity of action” or the “pace” of a video segment,
by considering the overall intensity of motion activity in
the shot itself (without distinguishing between the camera
motion and the motion of the objects present in the scene).
Since this is in fact a measure of “how much” the content of a
video segment is changing, it can be interpreted as a measure
of the “entropy” of the video segment, and can be used as a
salient feature F for summarization purposes.

4.2. Presence of Human Faces. Since a user can be interested
in privileging in the final skim the presence of shots
containing human faces, for example, for visualising excerpts
from dramatic movies, it is possible to define, for each shot,
the salient feature F as the percentage of frames in the
shot which contain at least one human face, subjected to a
minimal dimension. In the actual implementation, the work
by Viola and Jones described in [33] has been preferred to
other face detection methods, but no restriction to other
procedures is imposed. A possible extension of this salient
feature related to dramatic movies is the integration of
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Figure 2: Detection of cut edges in a Scene Transition Graph.
Since each cut edges is a sort of one-way transition from a highly
connected group of clusters to another group, this can be considered
as a reliable LSU boundary.

the information related to the human presence with the
information related to the type of audio, for example, by
detecting speech during dialogues.

5. Modelling LSU with Hidden Markov Models

5.1. Logical Story Units Structure. In [30] it is shown how
a video can be represented by a Scene Transition Graph
(STG), whose nodes are clusters of visually similar and
temporally close shots, while edges between nodes stand
for the transitions between subsequent shots. In the same
work, the authors demonstrate that after the removal of
cut-edges, that is, the edges which, if removed, lead to the
decomposition of the STG into two disconnected subgraphs,
each well connected subgraph represents a Logical Story Unit
(LSU), as shown in Figure 2.

In fact, since cut edges are one-way transitions from one
set of clusters which are highly connected among each other
(i.e., nodes connected by cycles in the corresponding indirect
graph, see [30]) to another set of clusters characterized
by a completely new visual-content, cut edges can be then
considered as reliable LSU boundaries.

The STG has been computed on the base of an LSU
segmentation obtained as in [31]. On the shot level, any
existing technique for shot boundary detection can be
employed, without loss of generality. However, the algorithm
here employed adopts the classical twin comparison method,
where the error signal used to detect transitions is based on
statistical modeling [34].
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Figure 3: LSUs of Figure 2 are equivalently modeled by HMMs.
States {Ci} correspond to distinct nodes of the STG subgraph;
transition probabilities are computed according to the relative
frequency of the transitions between clusters, and shots {Si} are
the possible observation set. The HMM initial states have been
indicated with a double circle.

Starting from the STG representation, each LSU can be
equivalently modeled by an HMM. This is a discrete state-
space stochastic model which works well for temporally
correlated data streams, where the observations are a prob-
abilistic function of a hidden state [4]. Such a modelling
choice is supported by the following considerations [7]:

(1) Video structure can be described as a discrete state-
space, where each state is a conveyed concept (e.g.,
“man face”) and each state-transition is given by a
change of concept;

(2) The observations of concepts are stochastic since
video segments seldom have identical raw features
even if they represent the same concept (e.g., more
shots showing the same “man face” from slightly
different angles);

(3) The sequence of concepts is highly correlated in time,
especially for scripted-content videos (movies, etc.)
due to the presence of editing effects and typical shot
patterns inside scenes (i.e., dialogues, progressive
scenes, etc.).

For our aims, HMM states representing concepts will
correspond to distinct clusters of visually similar shots
(where clusters are obtained as described in [9]); state
transition probability distribution will capture the shot
pattern structure of the LSU, and shots will constitute the
observation set (as shown in Figure 3).

5.2. HMM Definition. We now define how the HMM is built,
and then how the models generate observation sequences
in order to produce the video skim. Formally, an HMM
representing an LSU is specified by the following.

(i) N, the Number of States. Although the states are hidden,
in practical applications there is often some physical signifi-
cance associated to the states. In this case, we define that each
state corresponds to a distinct node of an STG subgraph: each
state is one of the N clusters of the LSU containing a number
of visually similar and temporally close shots. We denote
states as C = {C1,C2, . . . ,CN}, and the state at time t as qt.

(ii) M, the Number of Distinct Observation Symbols. The
observation symbols correspond to the output of the sys-
tem being modeled. In this case, each observation symbol
S = {S1, S2, . . . , SM} is one of the M shots of the video.

(iii) Δ = {δi j}, the State Transition Probability Distribution:

δi j = P
[
qt+1 = Cj | qt = Ci

]
, 1 ≤ i, j ≤ N. (1)

Transition probabilities are computed as the relative fre-
quency of transitions between clusters in the STG, that is,
δi j is given by the ratio of the number of edges going from
cluster Ci to Cj to the total number of edges departing from
Ci. In a HMM, states can be interconnected in such a way
that any state can be reached from any other state (e.g., an
ergodic model); for this special case, we would have δi j > 0
for all (i, j). However, since in our case the interconnections
of states are given by the transitions from shot to shot, and
not all clusters are interconnected with all the others, this
usually makes the model a nonergodic one; in this case it is
likely that we have δi j = 0 for one or more (i, j) pairs.

(iv) Σ={σj(k)}, the Observation Symbol Distribution, where

σj(k)=P
[
Sk at t | qt = Cj

]
, 1≤ j≤N , 1≤k≤M (2)

We define the observation symbol probability in stateCj , that
is, σj(k), as the ratio of the salient feature value in the shot
Sk to the total value of the salient feature of the cluster that
contains Sk. It represents the probability for the shot Sk of
being chosen as observation of the related visual concept, and
it is defined as

σj(k) =

⎧⎪⎪⎨
⎪⎪⎩

F (Sk)

F
(
Cj

) if Sk ∈ Cj

0 otherwise,

(3)

where F (Cj) is defined as the sum of all the salient feature
values of the shots belonging to cluster Cj , that is, F (Cj) =∑

Sh∈Cj
F (Sh). Conversely, if the shot does not belong to the

cluster, its observation probability is null, so that it cannot be
selected to represent the cluster visual concept.

(v) π = {πi}, the Initial State Distribution, where

πi = P
[
q1 = Ci

]
, 1 ≤ 1 ≤ N. (4)

In order to preserve the information about the entry point of
each LSU, πi = 1 if the cluster Ci contains the first shot of the
LSU, otherwise πi = 0.

Therefore, a complete specification of the HMM requires
two model parameters (N and M), the observation symbols
S, and the probability distributions Δ, Σ, and π. Since the
set S = {S1, S2, . . . , SM} is common to all the HMMs,
for convenience, we can use the compact notation Γ =
(Δ,Σ,π,N) to indicate the complete parameter set of the
HMM representing an LSU.
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6. Stochastic Skim Generation

In order to generate an informative skim, the following
solutions have been adopted to fulfill all the skimming
criteria stated in Section 3.

(i) Coverage. Since the skim should include all the semanti-
cally important story units, each detected LSU participates to
the final synopsis. As a general remark, please notice that the
skim ratio r should be subject to a minimal value rmin for the
skim to be representative of the movie structure and content.

(ii) Representativeness. Let l(Λ1), l(Λ2), . . . , l(Λn) be the
lengths of the n LSUs that compose the original video. Then
in the skim, for each LSU, a time slot of length l(λi) is
reserved, where

l(λi) = r · l(Λi), ∀i = 1, . . . ,n. (5)

(iii) Structure Informativeness. In order to include in the
synopsis the information conveyed by the shot patterns
inside the story units, the following procedure is adopted.
Since the state transition probability distribution of HMM
Γi has statistically captured the structure of the transitions
between shots inside the corresponding LSU Λi, a skimmed
version λi of the LSU can be generated as an observation
sequence of the associated HMM, Λi, that is:

λi = O1O2 · · · , (6)

where each observation Oj is one of the symbols from S, that
is, a shot of the original video.

Starting from the first Hidden Markov Model Γ1, the
sequence λi is generated as follows:

(1) choose the initial state q1 = Ch according to the initial
state distribution π. Set t = 1;

(2) while (total length of already concatenated shots) <
(time slot l(λi) assigned to the current LSU),

(a) choose Ot = Sk according to the symbol proba-
bility distribution in state Ch, that is, σh(k);

(b) transit to a new state qt+1 = Cj , according to the
state transition probability for state Ch, that is,
δhj ;

(c) set t = t + 1;

(3) repeat the previous steps for all Γi.

The above described procedure means that the generated
skim for each LSU is one of the possible realizations of the
stochastic process described by the corresponding HMM,
where both interstate transitions and the shot selections are
the results of random trials. In order to generate the whole
skim, this method is applied to all Logical Story Units, and
the obtained sequences of observed shots for each LSU are
concatenated in the final synopsis.

Since the skim generation does not take into account
the original shot order inside a story unit, it may happen
that in the skim a shot which is later in the original LSU
can appear before another one which is actually prior to
it (as it sometimes happens in commercial trailers). In the
circumstance of “anticasual” shots, they are repositioned in
causal order inside each LSU, without altering the nature
of the algorithm. The shot repositioning is automatically
performed on the basis of the shot identifiers (corresponding
to the shot positions in the movie), while shots belonging to
different LSUs are already in casual order by construction.

(iv) Content Informativeness. In order to privilege more
“informative” shots, the observation symbol probability
distribution Σ depends on the presence of the salient feature.
In particular, the higher is the value of the salient feature in
a shot Sk of the cluster Cj , the higher will be σj(k), that is, Sk
will be more likely chosen for the skim.

For example, regarding action movies and the salient
feature related to motion activity, by assigning higher prob-
ability of observation to more dynamic shots, we privilege
“informative” segments for the skim generation. At the
same time, we avoid to discard a-priori low-motion shots,
that can be chosen as well for entering the skim, even if
with lower probability. Moreover, once that one shot is
chosen for the video skim, it is removed from the list of
candidates for further time slots, and the observation symbol
distribution is recomputed on remaining shots in the cluster.
This prevents the same shot from repetitively appearing in
the same synopsis, and at the same time allows also low-
motion shots to enter the skim, if the user-defined skim ratio
is large enough. Therefore, as it should be natural, in very
short skims, “informative” shots are likely to appear first,
while for longer skims, even less “informative” shots can
enter the skim later on.

7. User Tests and Performance Evaluation

To quantitatively investigate the performance of the pro-
posed method for video skimming, we carried out two main
experiments using the feature films in Tables 1 and 3.

7.1. User Test A: Informativeness and Enjoyability. In this first
test, for the evaluation of the skims, the method and the
criteria of “informativeness” and “enjoyability” adopted in
[2] have been used. Informativeness assesses the capability of
the statistical model of maintaining content, coverage, rep-
resentativeness, and structure, while reducing redundancy.
Enjoyability assesses the performance of the salient feature
employed in selecting perceptually enjoyable video segments
for the skim. Starting from the LSU segmentation results,
as generated in [31], we produced 20 dynamic summaries
with their related soundtracks: for each video in Table 1, two
associated skims have been produced, one with 10% of the
original video length and the other with the 25%. The salient
feature related to motion activity was used for 5 movies (no.
1, no. 4, no. 7, no. 8, no. 9) which are closer to the genre



International Journal of Digital Multimedia Broadcasting 7

Table 1: Set of feature films (TEST A).

No. Video

1 A Portoguese farewell

2 Notting Hill

3 A beautiful mind

4 Pulp fiction

5 Camilo and Filho

6 Riscos

7 Altrimenti ci arrabbiamo

8 Don Quixotte

9 Più forte ragazzi

10 Don Camillo

“action movie”, while the presence of faces was adopted for
the other ones closer to the genre “drama”.

A first set of 12 students (6 male, 6 female) assessed the
quality of the produced skims by watching, for each movie,
one randomly selected version among the available three:
10%, 25%, and the original movie 100%. Before starting the
test, the participants were given a short oral introduction
about the idea of automatic video skim generation and on
the purpose of the test. After watching the selected version,
each student assigned two scores ranging from 0 to 100, in
terms of informativeness and enjoyability, also in case they
watched the original movie if they thought that this was
not 100% enjoyable or informative (e.g., when an intricate
plot determines that the movie is not completely informative
regarding situations and displayed events).

Table 2 shows the obtained average scores which have
been normalized by the score assigned to the original movie.

In these experiments, average normalized scores for
enjoyability are around 72% and 80% for video skims of
10% and 25% length, respectively. Regarding informative-
ness, average normalized scores are around 69% and 81%,
respectively. These results are comparable with the ones
presented in one of the most referenced works on video skims
[2]. However, results presented here have been obtained on
a larger set of videos, in particular on movies coming from
different genres.

7.2. User Test B: Utility and Comparison. Based on the
user test A only, it is not possible to completely assess the
utility of the generated skim, nor to evaluate the algorithm
performance with respect to other solutions. For this reason,
another user set of 12 students (6 male, 6 female) were
hired for performing a more severe test on another set of 10
movies (in Table 3) concerning the skim utility in a modern
multimedia management system.

It is nowadays believed by broadcasters and content
producers that a skim of a movie would be helpful for the
user to assess whether he/she would be interested in paying
to watch the entire movie. Of course the skim should not
reveal too much about the movie plot, for example, being
limited only to the introductory part of the film. A collection
of movie skims could be offered as a preview on websites to
be watched by users so that they can decide whether or not
to download the whole movie.

Table 2: Performance evaluation of Video Skimming.

No.
Enjoyability Informativeness

10% 25% 100% 10% 25% 100%

1
69.3 75.8 91.9 61.8 72.1 90.3

75.4 82.4 100 68.4 79.8 100

2
62.8 70.5 86.2 65.4 75.8 93.1

72.8 81.8 100 70.3 81.4 100

3
68.2 71.4 88.2 65.6 78.8 89.4

77.2 80.9 100 73.4 88.1 100

4
57.5 67.2 84.6 63.3 72.9 91.5

68.0 79.4 100 69.1 79.6 100

5
68.1 73.6 94.2 65.1 72.3 93.4

72.3 78.1 100 69.7 77.4 100

6
55.2 68.8 93.0 64.0 78.1 94.0

59.3 73.9 100 68.1 83.0 100

7
66.5 78.4 91.2 60.3 78.0 93.8

72.9 85.9 100 64.3 83.2 100

8
69.5 74.9 90.5 60.2 72.1 89.5

76.8 82.7 100 67.2 80.5 100

9
69.8 70.1 85.5 62.8 72.1 92.1

81.6 82.0 100 68.1 78.2 100

10
65.8 68.1 95.3 65.6 71.2 93.0

69.0 71.4 100 70.5 76.5 100

Aver. 72.5 79.8 — 68.9 80.8 —

Drop 27.5 20.2 — 31.1 19.2 —

With this scenario in mind, the user tests were performed
according to the following procedure. From the introductory
part (i.e., the first 30 minutes) of the 10 blockbuster movies
in Table 3, three skims have been generated by three different
methods with the same skim ratio r = 0.1, so that each skim
is about 3 minutes long.

The participants were told that the video skims were
automatically generated by algorithms and that the aim of
the experiments was a comparison of three automatic video
skim generation algorithms. After answering three questions
about gender, age, and film watching behaviour, each user
was requested to watch 10 randomly chosen skims, one
per movie, without being aware of which algorithm was
responsible for the creation of a particular skim.

The first adopted algorithm A generates a video skim
by selecting video segments randomly from the original
movie. The second algorithm B is the algorithm described
in this work, based on the use of salient features and Hidden
Markov Models, where LSUs were generated as in [31] and
the salient feature related to motion activity was used for
action movies no. 1, no. 2, no. 5, no. 9, and no. 10, while
the presence of faces was adopted for the other ones closer
to the genre “drama”, according to their IMBd classification
[35]. In Table 3, more details can be found about the movie
shots, the number of LSUs, the skim length, and the number
of visual concepts (i.e., the hidden states) used to generate
the skim according to the proposed method.
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Table 3: Set of feature films (TEST B) and details about the structure of movies and skims.

No. Video LSUs Shots (30 min) Shots (3 min) Visual concepts

1 Raiders of the lost ark 13 353 35 91

2 Terminator 13 399 37 117

3 Gattaca 30 246 14 85

4 Donnie Darko 12 256 25 31

5 Finding Nemo 14 462 31 80

6 A Beautiful mind 15 353 40 39

7 Talk to her 10 168 24 41

8 Goodbye Lenin 20 499 47 91

9 Kill Bill vol 2 7 224 33 15

10 War of the worlds 15 280 30 74

Table 4: Questionnaire about the utility and quality of watched
skims.

No. Question

1 Is the skim useful for understanding the genre of the
original movie? (1–5)

2 Is the skim able to give you a clear idea of the movie
atmosphere? (1–5)

3 Is the skim able to give you a clear idea of the
narration pace? (1–5)

4 Is the skim able to give you a clear idea about the
involved characters? (1–5)

5 Is the skim useful for understanding whether you
would/would not like to watch the entire movie? (1–5)

6 Please give the skim a global score. (1–5)

The third set of skims, generated with method C, have
been manually generated by a cinema lover and expert of
editing systems, aiming at providing an overview of the
storyline and a fair impression of the movie atmosphere.

We expect that skims generated using the random
technique would be of lower quality than skims generated
by our HMM approach. On the other side, manually made
skims certainly represent an upper-bound for the overall
quality of skims. Therefore, we assume that in terms of
quality of results, the random method will be worse than
the HMM approach, and manually made skims will have the
highest possible quality.

After viewing each skim, participants were requested to
fill out a questionnaire (as in Table 4) about the utility and
the quality of the watched skim, and to mark each of the
6 questions on a Likert scale from 1 (min) to 5 (max).
After answering, participants were also asked for detailed
comments and whether they had already seen the original
movie within the last 6 months, more than 6 months ago,
only partially or never before, in order to accordingly weight
their answers.

Results regarding the quality of the three compared skims
are reported in Figure 4. It is evident that for all questions,
the manually made skims stand out as better with respect to
HMM and random. As expected, the HMM skims score on
average better than the random method.

Table 5: Questionnaire about the informativeness of “Raiders of
the lost ark”.

No. Question

1 Why does the room in the cave collapse?

2 What the main male character escape with?

3 What is the topic of the talk in the library?

4 What is the location of the last scene?

The informativeness of each skim was also investigated
by asking the users 4 specific questions regarding the plot
understanding of the original movie that can be inferred
by watching the skimmed version. The proposed questions
concern four main narrative key-points (judged by a human)
which take place in the considered first 30 minutes of each
movie (see, e.g., Table 5 with the questions related to the
introductory part of the movie “Raiders of the lost ark”).

Marks from 0 to 2 were given to wrong/missing, partially
correct, and correct answers, respectively. Answers from
users that declared that they have seen the movie before have
been weighted accordingly.

Results regarding the informativeness of the three com-
pared skims are reported in Figure 5. It is evident that for all
questions regarding the level of understanding of the plot,
the manually made skims stand out as better with respect to
HMM and random. As expected, the HMM skims score on
average better than the random approach.

Regarding the proposed methodology (algorithm B),
we consider r = 0.1 as the lowest skimming ratio that
we can applied to a movie before producing a degenerate
skim, that is, no more representative of the movie structure
and content. For smaller values of r, in fact, the structure
of some scenes would be completely lost. Therefore, we
have produced our experiments testing the system in limit
conditions, and we expect performance to be even better
when bigger skimming ratios are applied.

Further analysis and discussion on obtained results are
ongoing to critically revise results obtained for movies no.
4 and no. 10 whose results for both experiments in test B
are not aligned with the rest of the films. In particular we
plan to carefully analyse shooting scripts since we guess that,
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Figure 4: Average marks on skim quality (A = random sampling)
(B = HMM and salient features) (C = manual).
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Figure 5: Average marks on plot understanding (A = random
sampling) (B = HMM and salient features) (C = manual).
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for both movies, misaligned results are probably due to the
intricate plots (e.g., the use of flashbacks, the mixing of real
scenes with ones taken from dreams, etc.) and the peculiar
editing styles employed by both directors.

8. Conclusions

In this paper a method for video skim generation has been
proposed. This technique is based on a previous high-level
video segmentation and on the use of HMMs. The final skim
is a sequence of shots which are obtained as observations
of the HMMs corresponding to story units, and by a set of
salient features which roughly estimates the informativeness
of shots, depending on film genres. The effectiveness of the
proposed solution has been compared and demonstrated
in terms of informativeness and enjoyability on a large
movie set coming from different genres. From the user study
we can conclude that skims generated using the proposed
method are not as good as manually skims, but have
considerably higher quality than skims generated using a
random sampling method.

Ongoing work aims at broadening the set of available
salient features for different video genres, for example mod-
ifying the already described salient feature related to human
faces according to the percentage of music/silence/speech
inside each shot. The same salient feature based on audio
classification could be useful to skim music programmes, for
example to isolate songs from the other material in the show.
Further applications of the proposed method to video mash-
up are also envisaged and currently under investigation.
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Scene change detection plays an important role in a number of video applications, including video indexing, semantic features
extraction, and, in general, pre- and post-processing operations. This paper deals with the design and performance evaluation of a
dynamic scene change detector optimized for H.264/AVC encoded video sequences. The detector is based on a dynamic threshold
that adaptively tracks different features of the video sequence, to increase the whole scheme accuracy in correctly locating true scene
changes. The solution has been tested on suitable video sequences resembling real-world videos thanks to a number of different
motion features, and has provided good performance without requiring an increase in decoder complexity. This is a valuable issue,
considering the possible application of the proposed algorithm in post-processing operations, such as error concealment for video
decoding in typical error prone video transmission environments, such as wireless networks.

1. Introduction

Scene change detection is an issue easy to solve for humans,
but it becomes really complicated when it has to be
performed automatically by a device, which usually requires
complex algorithms and computations, involving a huge
amount of operations. The process of scene change detection
becomes more and more complex when other constraints
and specific limitations, due to the peculiar environment of
application, may be present. A scene in a movie, and, in
general, in a video sequence, can be defined as a succession
of individual shots semantically related, where a shot is
intended as an uninterrupted segment of the video sequence,
with static frames or continuous camera motion.

In the field of video processing, scene change detection
can be applied either in preprocessing and postprocessing
operations, according to the purposes that the detection
phase has to achieve, and with different features and
performance. As an example, in H.264/AVC video cod-
ing applications, scene change detection can be used in
preprocessing as a decisional algorithm, in order to force
Intraframe encoding (I) instead of temporal prediction (P),

when a scene change occurs, and to confirm predicted or bi-
predicted (B) coding for the remaining frames. As discussed
in [1], a dynamic threshold model for real time scene change
detection among consecutive frames may serve as a criterion
for the selection of the compression method, as well as for the
temporal prediction; it may also help to optimize rate control
mechanisms at the encoder.

In lossy video transmission environments, the effects
of the errors on the video presentation quality depend on
the coding scheme and the possible error resilience strategy
adopted at the encoder, on the network congestion status,
and on the error concealment scheme eventually present
at the decoder. In order to improve error resilience of the
transmitted video signal, and stop error propagation during
the decoding phase, Intra-picture refresh is usually adopted
at the encoder, even if it is an expensive process, in terms of
bit rate, as the temporal correlation among frames may not
be exploited. In such conditions, a predictive picture refresh
based on scene context reference picture, selected through
a scene change detector, may ensure bit rate savings, while
optimizing the choice of the refresh frames [2]. Scene cut
detection may be also exploited to improve video coding,
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attention based adaptive bit allocation, as presented in [3].
Scene cut detection is applied to extract frames in the
vicinities of abrupt scene changes; visual saliency analysis
on those frames and a visual attention-based adaptive bit
allocation scheme are used to assign more bits to visually
salient blocks, and fewer bits to visually less important
blocks, thus improving the efficiency of the encoding process
and the final quality of the compressed video sequence.

As previously introduced, besides being adopted in
preprocessing operations, scene change detection may be
usefully exploited in video postprocessing algorithms, such
as in the context of error concealment of decoded video
sequences affected by errors and losses. It is reasonable to
expect that scene change detection at the decoder will have
to face different conditions, with respect to scene change
detection applied at the encoder. As an example, the input
video sequence for a decoder could be the result of a video
editing process, originating an encoded video stream with
a lot of independent scene changes, as frequently happens
in advertising videos. Moreover, the detector has to perform
decisions and computations based on the available data, that
may be missing or erroneous. H.264/AVC compressed video
information is very sensitive to channel errors appearing
during transmission. The adoption of Variable Length Cod-
ing (VLC) at the encoder side, together with more complex
techniques like Motion Compensation, can lead to dramatic
error propagation effects during decoding. Additionally,
lost or damaged data cannot be retransmitted in real-time
applications. As already discussed, error resilience techniques
for compression, enhancing the robustness of the bitstream
at the source coder, can be employed. They basically rely
on adding extra parameters or more synchronization points
at the encoder; however, this solution requires to change
the encoding scheme and in some situations this is not
possible, or not compatible with existing systems. Moreover,
even if the bitstream is resilient to errors, errors may still
occur. Hence, error concealment solutions at the decoder
are usually preferred in most practical applications. When
residual bit errors remain, error concealment approaches
can conceal the error blocks by exploiting spatial and/or
temporal correlation [4] of the correctly received data. Scene
change detection algorithms may improve the performance
of error concealment solutions, by allowing the selection of
the proper spatial or temporal strategy. At the same time,
the integration of a scene change detector in a real time
concealment solution at the decoder poses strict constraints
on complexity and computational time requirements. In
a real world video, it is reasonable to expect that errors
occurring at scene changes are less frequent than errors
occurring in other pictures of the video sequence, basically
because the number of scene change events is necessarily
smaller than the total amount of frames in the sequence.
However, besides being catastrophic for the decoding mech-
anism, errors at scene cuts can be really annoying to the
viewer: the temporal correlation among two frames in a
scene change is so insignificant that Intererror concealment
also generates very poor results, and macroblocks that do
not fit with the content of a frame can appear on the scene,
disturbing the viewer’s experience. As a consequence, errors

at scene cuts should be avoided or compensated somehow,
but conventional temporal error concealment strategies are
inadequate for this case. Therefore, a suited scene change
detector designed for real-time decoding of video signals can
contribute to mitigate the effects of data losses at scene cuts,
and to improve the final quality of the video sequence.

Several solutions may be implemented to provide scene
change detection, differentiated on the basis of the target
application, and the corresponding computational require-
ments. In the context of video storage and retrieval, it
is reasonable to assume the possibility of performing an
offline processing of the video sequence, that may allow for
increased complexity and accuracy; in real time environ-
ments, strict requirements on available time and computing
resources must be satisfied, thus determining the need for
low-complexity solutions, anyway able to provide acceptable
performance.

The remainder of this paper is structured as follows: a
review of some previous works on real time scene change
detection algorithms is provided in Section 2. The proposed
detector is presented in Section 3, and its performance
is discussed, by means of experimental evaluations, in
Section 4. Finally, conclusions are given in Section 5.

2. Previous Work

Several solutions for scene change detection have been
proposed in the literature, to be applied either at the video
encoder or at the decoder.

Sastre et al. presented a low-complexity shot detection
method for real time and low-bit rate video coding, in [5].
As clearly stated by the authors, the method is basically aimed
at compression efficiency more than frame indexing or other
purposes. The algorithm is based on Intra/Inter decision for
each macroblock, during the encoding process, and on the
use of two thresholds, a fixed one and an adaptive one. If
the algorithm detects the first frame of a scene change, based
on the fact that the number of Intra macroblocks used when
encoding the frame as a P-frame overcomes the thresholds,
the algorithm stops the encoding as a P-frame, and forces the
Intraframe encoding. Shot changes represent the best choice
to insert key frames in the video sequence: the next frames of
the new shot may be then encoded via motion compensation
and prediction, based on the first I-frame. Inserting the key
frames in suited positions of the bitstream allows to obtain
the best quality in the decoded stream, and to optimize the
output bit rate.

The proposed algorithm relies on two basic thresholds
expressed as a percentage of the total number of macroblocks
in a coded picture. The fixed threshold is set to a high
value, to ensure that any frame in which the number of
Intra macroblocks (I-MB) exceeds the threshold is coded
as an I-frame, independently of the rest of the algorithm’s
conditions. The second, adaptive threshold depends on the
average number of I-MBs of all the pictures encoded since
the last I-frame, and forces a frame to be coded as an I-
frame if the number of I-MBs in it exceeds the average
number of intra MBs of the previous frames, in a given
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quantity. Several ideas implemented within this algorithm
have been exploited also by the one proposed in this paper,
that is described in the next Section. First of all, we use
two different thresholds, a fixed one, expressed in terms
of absolute number of macroblocks, and an adaptive one,
used to sharpen the shot detection. A limit is also placed
on the adaptive threshold, below the fixed one, to prevent
a frame from being encoded as a P-frame when almost all
of its macroblocks are Intracoded. A smoothing algorithm
with memory is used to determine the average of Intra
macroblocks of the previous frames within the shot, in order
to avoid tracking the number of Intra macroblocks too fast,
and to provide a stable value for the desired average. Finally,
a span parameter is used to avoid shot detections too close
in time: the span establishes a period of time after a shot
detection, during which only the fixed threshold is active,
and the adaptive threshold cannot cause the insertion of a
key frame in the bitstream.

In [6], a pixel based-algorithm for abrupt scene change
detection is presented. The algorithm requires a two-
stage processing of the frames, before passing them to the
H.264/AVC encoder. In the first stage, subsequent frames
are tested against a dissimilarity metric, the Mean Absolute
Frame Difference (MAFD):

MAFDn = 1
MN

M−1∑

i=0

N−1∑

j=0

∣∣ fn
(
i, j
)− fn−1

(
i, j
)∣∣, (1)

which measures the degree of dissimilarity at every frame
transition, with M and N being the width and height of the
frames, fn(i, j) the pixel intensity at position (i, j) of the nth
frame, and fn−1(i, j) the pixel intensity at the same position
of frame n − 1. Considering that most of the frames in a
video sequence do not belong to scene changes, a quick frame
skimming can be performed by such a metric. As a matter of
fact, abrupt scene transitions produce a peak value in MAFD
within a period of time, in contrast with normal motion of
objects and camera in the scene, that usually causes a large
MAFD signal over a period of time. In the second stage,
the set of frames not previously discarded are normalized
via a histogram equalization process, through a progressive
refinement based on MAFD and other three metrics, applied
on the normalized pixel values. The algorithm does not
perform motion estimation but it only works on frame
pixel values, thus avoiding high-computational costs. For this
reason, it may be suitable for real-time video segmentation
applications, and rate control. Experimental tests discussed
by the authors show that the algorithm is efficient and robust
in presence of abrupt scene changes, whereas it shows some
limitations when gradual changes (such as dissolve and fade)
or luminance variations (flickers) affect the video sequence.
A combination of different metrics should be applied in
those cases, in order to improve and refine the algorithm’s
detection capabilities.

A prominent reference for the scene change detector
proposed in this paper is the scheme presented in [1], by
Dimou et al.. The fundamental result is the definition of
a Dynamic Threshold Model (DTM) that can efficiently
trace scene changes, based on the use of an adaptive and

dynamic threshold which reacts to the sequence features,
and does not need to be calculated before the detection,
and after the whole sequence is obtained. The method is
based on the extraction of the Sum of Absolute Differences
(SAD) between consecutive frames from the H.264 codec,
that is then used to select the compression method and
the temporal prediction to apply. The SAD defines a
random variable, whose local statistical properties, such
as mean value and standard deviation, are used to define
a continuously updating automated threshold. Statistical
properties are extracted over a sliding window, whose size
is defined in terms of the number of frames over which the
random variable is observed. The algorithm also applies a
function-based lowering of the detection threshold, in order
to avoid false detections immediately after a scene change.
As a matter of fact, each time a scene change is detected, the
SAD value of this frame is assigned to the threshold; for the
following K frames, the threshold value is set according to an
exponentially decaying law, with a suitably chosen parameter
to control the speed of decaying.

Scene changes generate high SAD values that make them
detectable. Given the classical SAD definition for the n-th
frame,

SADn =
M−1∑

i=0

N−1∑

j=0

∣∣ fn
(
i, j
)− fn−1

(
i, j
)∣∣, (2)

a random variable Xi is defined, which models the SAD value
in frame i. A sliding window of length K , with respect to the
nth frame, is defined as the subset of frames whose index
lies in [n − (K + 1),n − 1]. Over the sliding window, the
empirical mean value mn and the standard deviation σn of
Xi are computed as follows:

mn = 1
K
·

n−1∑

i=n−K−1

Xi, (3)

σn =

√√√√√ 1
K − 1

·
n−1∑

i=n−K−1

(Xi −mn)2 . (4)

Both (3) and (4), together with Xn−1, are used to define
threshold T(n) as follows:

T(n) = a · Xn−1 + b ·mn + c · σn, (5)

where n denotes the current frame, and a, b,,and c are con-
stant coefficients. The algorithm’s performance is strongly
related to the proper selection of the values assigned to
constants a, b, and c: not only may they determine better
or worse detection rates, but they must also be tailored to
the application context, which means they will have different
values if used at the encoding or decoding stage. Constant
a rules the way threshold T(n) follows the evolution of the
random variable Xi: it is suggested to keep the value of a
small, as many factors different from true scene changes
can cause the rapid variation of Xi, and could consequently
affect the correct detection. Constant b, on its turn, gives
different weight to the average SAD computed over the
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sliding window: if b takes high values, the threshold becomes
more rigid and does not approach the Xi sequence. This
avoids wrong change detection in presence of intense motion
scenes, but, on the other hand, can also cause some missed
detections, in presence of difficult scene changes featuring
low SAD values. As σn is the standard deviation of variableXi,
high values of constant c prevent detecting intense motion
events as scene changes. From this brief discussion, it is
evident that the selection of a, b, and c is a hot point, and
only a good tradeoff according to the target application can
ensure proper functioning of the whole algorithm. Once a
scene change has been detected in the pth frame, threshold
T(n) assumes the value of the SAD computed over the last
frame. In order to avoid false detections immediately after a
scene change, the threshold to use for the successive frames is
forced to decay exponentially, according to the following law:

Te(n) = Xn−1 · exp−s(n−p), (6)

where parameter s controls the speed of decaying. In
experimental tests reported by the authors, constants a, b,
and c were empirically chosen; the sliding window size was
set to 20 frames, and the decaying parameter equal to 0.02.
Remarkable improvements can be obtained by the algorithm,
when compared to a scene change detector based on an
optimal fixed threshold, chosen after having computed the
SAD over all the frames, and manually identified the true
scene changes.

3. The Proposed Scene Change
Detection Algorithm

The object of this paper is to present a robust scene
change detector, based on an improved version of the DTM
discussed in the previous Section, but aimed at being applied
in the different context of postprocessing applications, as in
the case of an error concealment framework for H.264/AVC
decoders. As a consequence, besides the strict requirements
on low-complexity and real-time capability, the algorithm
should be able to detect incorrelation between consecutive
frames, that is, scene changes, even when applied to a
corrupted bitstream, where the information needed to reveal
a scene cut may be missing or not complete, due to errors and
losses happened during video transmission. Besides that, the
algorithm cannot rely on information about future frames
to locate scene change events (as, on the contrary, it may
happen in applications addressing the encoder side), and,
considering the target application context of concealment at
the decoder, it is important to design a detector able to locate
changes affecting parts of the frame content, and not only the
whole scene.

In encoded video streams of the YUV color space, the
SAD computation may be performed on each single color
component. However, considering a YUV 4 : 2 : 0 stream,
it is obvious that the luminance component Y carries the
greatest amount of information, so that SAD computation
can be executed on the Y component only. Besides that, the
luminace component is the one the human visual system
is most sensitive to. In the proposed detector, a random

variable Xi is defined as the average number of pixels per
MB for which the SAD value is greater than 30. It is
important to note that, being the random variable defined
over frames affected by errors and losses, the average number
of pixels is computed with respect to all the correctly
received MBs shared (i.e. co-located) between consecutive
frames. The threshold value of 30 has been set empirically,
by observing that in case of a scene change, it is highly
probable that colocated pixels have an absolute difference
value greater than the threshold chosen. The dissimilarity
measure provided by Xi seems more reasonable than a pure
SAD metric in a context of possibly missing information;
however, misbehaviours may still be present and are to be
faced by proper adjustments.

As a first condition to consider, given the fact that the
dissimilarity metric adopted is defined on the basis of the
Y component only, it is clear that it will show a marked
sensitivity to rapid variations in the luminance content of the
scene, even if not due to a real scene cut. Looking at Figure 1,
flashing lights produce a rapid increase in the luminance level
of consecutive frames, even if no scene change has happened
at all. In these situations, the metric previously defined could
reveal a false scene cut, so that a proper correcting action is
to be applied.

In order to avoid false scene cut detection, during the
decoding phase, and before computing the dissimilarity
metric value, a second parameter is computed, named ΔY ,
defined as the difference between the average value of
the MB luminance of two consecutive frames. The MBs
included in the computation may be not the co-located ones
in the two frames, given the possible losses during video
signal transmission. The positive or negative ΔY value is
subtracted to the dissimilarity value obtained by the SAD-
based computation, to get the final metric. The curves
reported in Figure 2 show how this simple modification may
improve the reliability of the dissimilarity metric: peaks in
the average Y value per MB curve (〈Y〉) correspond to
flashing light events in the video sequence and are obviously
revealed by associated couples of peaks in the value assumed
by Xi (there are 2 peaks in Xi for each peak in 〈Y〉, as
a flashing light event affects two consecutive frames). The
modified metric curve maintains the correct location of peak
couples, but avoids a false scene cut detection, by properly
lowering the resulting dissimilarity measure, with respect to
the unmodified metric curve.

A second modification to the original scene cut detector
inspiring this work is motivated by the target application
context of error concealment solutions at the decoder. In
view of concealment operations possibly performed on the
same frames analyzed by the scene cut detector, it may be
useful to collect, through the application of the detector,
information related not only to global changes affecting the
whole frames, but also referred to parts of the frame, on
a local scale. This granular information may be possibly
exploited to identify parts of the frame where Intraconceal-
ment could be more suitable than Inter, because of local
changes, even if the frame under processing is temporally
related to the previous one, and so could claim for a global
Inter concealment. An example of this possible situation is
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Frame (n− 1)

(a)

Frame (n)

(b)

Figure 1: Luminance variation between consecutive frames due to flashing lights, with no scene change event.
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Figure 2: Variations of the average Y per MB, unmodified
dissimilarity metric, and modified dissimilarity metric by ΔY
parameter, for a test video sequence, due to flashing light events.

shown in Figure 3: comparing the two consecutive frames, it
is clear that a scene cut does not take place, however, part
of the background changes substantially. If several MBs get
lost in the background area evidenced on the figure, an Inter
concealment algorithm based on temporal correlation would
fail in properly restoring the scene, whereas an Intra, spatial-
based concealment, could be effective. Availability of such an
information about local changes in the frame could enable an
adaptive concealment strategy, based on differentiating the
recovery technique on a group-of-MBs level.

In order to collect local scale information about the frame
content, each frame has been virtually divided into macro
areas, the number of which depends on the frame format;
for CIF frames, 20 areas are located. By this way, each area
includes 4 × 4 MBs, with the exception of the edge areas
where the number of MBs may be 4× 5 or 5× 5, as shown in
Figure 4. By such a virtual chessboard pattern, it is possible
to track useful local information about the frame, even if not
on a pixel basis, which would require unacceptable storage
resources. At the decoder, a memory buffer is defined, whose
elements are indexed according with the label associated to

each macro area; each buffer element, in its turn, stores the
average dissimilarity value evaluated over the specific macro
area identified by the element index.

Besides being useful in the case of subsequent conceal-
ment operations, the virtual frame partition may help in
correctly revealing a true scene cut, with respect to variations
in the content which could affect most of the frame, without
anyway representing a true scene change. As a matter of
fact, if a true scene cut takes place, evident variations in the
dissimilarity value will affect all the macro areas, and not only
a limited subset of them. According to such a reasoning, a
further decision step is included in the detector: once having
computed the average and median dissimilarity values over
the virtual partition buffer, if they both result in greater than
an empirically set value of 100, the dissimilarity measure is
increased by 20%; otherwise, if both the values are lower than
80, the dissimilarity metric Xi is reduced by the same percent
value. Figure 5 highlights the effects of such a modification
on the behaviour of the dissimilarity metric Xi: possible
true scene cuts are emphasized by the modified metric, thus
permitting their correct detection, whereas possible false cuts
are minimized, to reduce the probability of an erroneous
detection.

Information collected by the virtual frame partition
process, as said before, may be exploited to analyze the local
dynamic evolution of a frame. As shown in Figure 6(b), the
average dissimilarity values for each macro area denote a
change in the central part of the frame, which, however, is not
due to a true scene cut, as many of the edge areas show a zero
value. In the specific case reported, the algorithm provides an
average value of 30.2, and a median value of 17: consequently,
by lowering the dissimilarity value by a 20% amount, the risk
of false cut detection is avoided.

The last modification added to the dynamic detector is
conceived to face the case of high-motion scenes, as, for
example, in the case of panning effects of the video camera.
These situations show a typical effect over the set of frames
included in the observation window (i.e., the sliding window
cited in previous section), which spreads over 5 frames in
the proposed scheme: given the threshold definition in (5),
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Frame (n− 1)

(a)

Frame (n)

(b)

Figure 3: Two sample consecutive frames with local changes in the background, but no scene change.

15

10

5

0

16

11

6

1

17

12

7

2

18

13

8

3

19

14

9

4

Figure 4: Virtual frame partition.
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Figure 5: Performance of unmodified and modified dissimilarity
metric exploiting local scale information provided by virtual frame
partition.

high values of the parameter mn and low values of σn are
jointly observed. In such situations, the probability of a false
scene cut detection may be very high; consequently, the
dissimilarity value is forced to decrease by a 20% amount,
when mn > 80 and σn < 10. These specific thresholds have

Table 1: Dynamic variation conditions for the threshold coeffi-
cients.

Condition Value

Default
a = −0.4

b = 1.7

c = 2

0 < σn ≤ 5 c = 10

5 < σn ≤ 10 c = 5

10 < σn < 30 c = 3

T(n) < 70 T(n) = 70

been derived by extensive empirical tests over different video
sequences. Figure 7 shows the behaviour of the modified
dissimilarity metric in presence of a high-motion video
sequence. It is important to notice that the motion degree
of a video sequence, besides being an intrinsic property of
the sequence itself, is also influenced by the frame rate set
at the encoder. If a YUV sequence encoded at 25 ÷ 30 fps
is decimated by a coefficient of 2 or 3, the final effect is to
increase the motion degree of the decimated video sequence;
this is an issue to take into account, as frame decimation is
a typical operation performed on video sequences in order
to reduce their bit rate and allow transmissions over limited
bandwidth channels (i.e., wireless systems).

Further tuning operations in the detection algorithm
involve the a, b, and c coefficients defining the detection
threshold (5). Imposing an adaptive and dynamic variation
of these coefficients adds flexibility to the detection thresh-
old, thus maintaining its effectiveness for a correct scene
cut detection. Variations applied on coefficients a, b, and c,
and extracted by empirical observations over many different
video sequences are summarized in Table 1. Besides that, in
order to avoid false detections, as soon as the dissimilarity
value obtained for a true scene cut goes out from the sliding
window, a correcting action, named lowering condition, is
applied, by comparing the value of Xi to the value given by
(mn + σn + Xi/2) and taking the lowest one, as the new value
for scene cut detection.

Figure 8 shows the behaviour of the dissimilarity measure
Xi, and of the threshold T(n) used for scene cut detection,
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Figure 6: Local frame dynamics evidenced by virtual frame partition.
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Figure 7: Improvement of the modified dissimilarity metric
behaviour in the case of high-motion video sequences.
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over a whole 12.5 fps video sequence with no losses.

over a test video sequence of 12.5 fps frame rate, with no
losses. The dynamics obtained by modifying the detection
algorithm, according to the solutions described above, allow
to adaptively change the detection threshold in order to
increase the correct detection rate and reduce the false or
missed detections.

Before moving to the experimental evaluation of the
proposed detector, as discussed in the next Section, Figure 9
summarizes the detector main components and the data
processing flow in a block diagram fashion.

4. Experimental Evaluation and Results

As a preliminary evaluation, the proposed algorithm has
been compared to other scene cut detection solutions, by
the application of the MSU Video Quality Measurement
Tool [7], which is able to implement four different similarity
metrics, defined as follows:

(1) Pixel-Level Comparison: the similarity measure of two
frames is the SAD computed over the intensity values
of corresponding pixels;

(2) Global Histogram: the histogram is obtained by
counting the number of pixels in the frame, with
specified luminance level. The difference between two
histograms is then determined by calculating the SAD
over the pixels having the same luminance level;

(3) Block-Based Histogram: each frame is divided into
16 × 16 pixels blocks. For each block, a luminance
distribution histogram is constructed, the similarity
measure for each block is obtained, and the average
value of these measures is accepted as the frame
similarity measure as the frame similarity measure;

(4) Motion-Based Similarity Measure: a Motion Estima-
tion algorithm with block size 16×16 pixels is applied
on adjacent frames. The average value of the Motion
Vector errors is accepted as the similarity value.

The MSU tool has been applied offline, and comparisons
with the proposed detector were performed on a 12.5 fps
CIF video sequence in YUV format, not affected by losses,
showing 38 true scene changes located by visual inspection.
The test video sequence has been generated by composition
of 29 subsequences collected from the Video Quality Expert
Group repository, in order to include as many different
effects as possible, such has low and high motion, panning,
zooming, light variations, scene changes, and so on.

Results presented in Table 2 confirm the effectiveness of
the proposed detector: besides being able to provide a local-
scale information about the sequence dynamics, which is not
provided by the MSU software tool, the proposed detector
has been designed to process sequences affected by losses, as
reported in the following discussion.

In order to evaluate the performance of the proposed
scene cut detection algorithm in presence of losses, tests
have been executed on H.264/AVC encoded video sequences,
encapsulated according to the Real Time Protocol (RTP)
packet format. Before applying the H.264/AVC reference
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Figure 9: The scene change detector main components and processing flow.
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Frame (n)
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Figure 10: False scene change detection caused by lost MBs in the 12.5 fps sequence, for a 4% packet loss rate.

decoder properly modified to include the detector, H.264
encoded bitstreams have been subjected to a packet erasure
process, in such a way as to simulate different packet loss
rates, of 1%, 2%, 4%, and 10%, which may be considered
representative of realistic environments, such as video trans-
mission over packet-based wireless networks. For each packet
loss rate value, 5 simulations over the same video bitstream
have been executed, and the average result was considered,
in order to account for different error patterns randomly

generated. Simulations have been performed over sequences
encoded at 25 fps, and over their decimated versions at
12.5 fps, in order to test the detector behaviour with respect
to frame rate. Other main encoder parameters have been set
as follows: the selected H.264 profile is Baseline, with a CIF,
YUV 4 : 2 : 0 format, QPISlice = 28 and QPPSlice = 28.

The detector performance is defined with respect to
two parameters, namely, the Recall (Re) and Precision (Pr)
rates, that, in their turn, depend on the number of fake
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Table 2: Performance comparison of the proposed detector and
four different detection algorithms implemented by the MSU
software tool, for a 12.5 fps CIF sequence with no losses.

Detection Algorithm no. Correct Detections no. False Detections

Proposed detector 38 0

MSU - 1 38 5

MSU - 2 37 13

MSU - 3 38 1

MSU - 4 38 3

Table 3: Recall and Precision average performance of the detector,
for the same video sequence at 25 and 12.5 fps, and different packet
loss rates.

Packet Loss Rate
25 fps 12.5 fps

Recall Precision Recall Precision

No loss 1 1 1 1

1% 1 1 0.994 0.994

2% 0.994 1 0.976 1

4% 0.988 1 0.964 0.988

10% 0.982 0.994 0.952 0.966

detections (FD), the number of missed detections (MD), and
the number of correct detections (CD) over a given sequence,
as follows:

Re = CD
CD + MD

,

Pr = CD
CD + FD

.

(7)

The test sequence adopted shows 38 true scene changes,
revealed through visual inspection. Table 3 reports the Recall
and Precision performance of the detector, for the same
sequence at 25 fps and 12.5 fps, and for different packet loss
rates; the values in the Table refer to average performance
evaluated over 5 decoding iterations for each packet loss rate.

Results show a very satisfactory behaviour of the pro-
posed detector, either at 25 and 12.5 fps, even if with a
very small degradation in the latter case, with a Recall and
a Precision figure always greater than 0.95. As reasonable
and expected, performances degrade as the packet loss rate
increases, according to the frame areas affected by data losses
that may cause a false detection, or a missed one. Figure 10
shows a peculiar case for the 12.5 fps sequence at a 4%
packet loss rate: missing MBs in the frame (represented as
green MBs), due to packet losses, cause a variation in the
dissimilarity metric which determines a false scene change
detection. If losses do not occur, the detector correctly does
not reveal any scene change, despite the evident variation of
the frame in its bottom areas.

5. Conclusion

This paper presented an optimized scene change detector for
H.264/AVC video sequences, based on a dynamic threshold
model properly designed to be applied at the decoder

side, even in presence of losses and errors in the received
bitstreams. On the contrary, most of the detection algorithms
presented in the previous literature are conceived for appli-
cation at the encoder side, and cannot deal with data losses
in the video bitstreams. The proposed detector, as discussed
in the paper, besides performing better than the most
popular detection solutions over error-free video sequences,
also shows remarkable results when dealing with missing
information. Given its effectiveness and joining its low-
complexity and limited resource requirements, the proposed
detector could be effectively included in error concealment
strategies applied at the decoder, in order to improve the
final video quality delivered to the user and compensate for
quality degradation due to error-prone transmissions.
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TV broadcast structuring is needed to precisely extract long useful programs. These can be either archived as part of our audio-
visual heritage or used to build added-value novel TV services like TVoD or Catch-up-TV. First, the problem of digital TV content
structuring is positioned. Related work and existing solutions are deeply and carefully analyzed. This paper presents then DealTV,
our fully automatic system. It is based on studying repeated sequences in the TV stream in order to segment it. Segments are then
classified using an inductive logic programming-based technique that makes use of the temporal relationships between segments.
Metadata are finally used to label and extract programs using simple overlapping-based criteria. Each processing step of DealTV
has been separately evaluated in order to carefully analyze its impact on the final results. The system has been proven on a real TV
stream to be very effective.

1. Introduction

Broadcasted digital TV contents have incredibly increased
over the last few decades. The resulting huge and con-
tinuously growing content has given rise to many novel
services around TV and video platforms like TV-on-Demand
(TVoD), interactive TV, Catch-up-TV, Network Personal
Video Records (NPVRs), and so forth. This content is also
part of our audio-visual heritage and must be properly
archived. Archiving digital TV content is generally achieved
by national public institutions like INA in France, Beeld en
Geluid in Netherlands, ORF in Austria or BBC archives in
UK. Therefore, the digital TV content has to be analyzed and
indexed in order to be used within services and to be easily
retrieved from archives.

Basically, analyzing and indexing a digital TV content
consists in finding key instants in the content. These
correspond to events of interest (e.g., goals in soccer footage
or key scenes in a movie) users may like to directly find
through either search engines (in the case of querying an
archive) or services built on top of the content. These key
instants could also be features and positions that allow
structuring the content. Here, the objective is twofold:
(1) to properly prepare the content before archiving it in

order to easily answer user queries later on; (2) to repurpose
the content in another more convenient format to final users.

In the case of TV structuring, the main key instants are
the start and end times of each program in TV broadcasts.
These times allow automatically recovering the structure
of the TV stream. They are at the root of novel added-
value services or any archiving service. They allow extracting
programs and making them available through a catalog,
without any constraint on time. They can therefore be viewed
in a nonlinear manner through the aforementioned services.
They also allow identifying, isolating and properly archiving
useful programs that might interest users later on.

This paper focuses on this latter use-case of analyzing
and indexing digital TV content coming from TV broadcasts.
This is generally referred to as TV broadcast structuring or
TV broadcast macro-segmentation. The main contribution
of the paper is a novel and fully automatic system for
TV broadcast structuring. This system aims at precisely
extracting useful TV programs.

The rest of the paper is organized as follows. Section 2
explains why TV broadcast structuring is required for
real-world applications, finely analyzes related works and
classifies existing approaches into three categories. Section 3
presents DealTV, our fully automatic system that analyzes
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the video signal, segments it, classifies the segments, and
extracts and annotates programs. Section 4 describes the
application we address: “TV program extraction for TVoD
services”. This application is evaluated and validated on real
TV broadcasts collected from a French channel over two
weeks. In these experiments, each processing step of our
system is separately evaluated. An evaluation of the full
system is also provided and compared to a manually created
ground-truth.

2. TV Broadcast Structuring and Related Works

In short, the objective of TV broadcast structuring is to
recover the original structure of the TV stream. In TV
streams, useful long TV programs (like movies, news, series,
etc.), short programs (like weather forecast, very short
games, etc.) and interprograms (commercials, trailers, spon-
sorships, etc.) are concatenated and broadcasted without
any precise and reliable flags that identify their boundaries.
Hence, TV broadcast structuring consists in automatically
and accurately determining the boundaries (i.e., the start
and end) of each broadcasted program and inter-program
as depicted in Figure 1. In addition to precise and auto-
matic boundary detection, TV broadcast structuring gathers
different parts of the same program and labels them when
metadata are available.

Structuring a TV broadcast can be seen, by many, as a
problem that TV channels could solve. Theoretically, this
is true. TV channels aggregate the audio-visual content
and broadcast it. Hence, they should be able to provide
appropriate and reliable metadata on what they broadcast,
namely the title, the type, the start and end times and
any additional data on each broadcasted program or inter-
program. In practice, most TV channels are technically
unable to provide such data. Their broadcasting chains are
too complex and do not have the appropriate tools to save
and, more importantly, forward these metadata. The few
other channels that may provide accurate metadata do not
necessarily accept to provide them. On the other hand,
archiving and building novel services might be done by third
parties without any collaboration with TV channels. This is
the case of national public institutions in charge of archiving
audio-visual heritage. It is also the case of NPVR services for
which provided services may even be considered by channels
as competing services.

Existing techniques for structuring a TV broadcast are
classified into 3 categories. They are described in the
following three sections.

2.1. Manual Approaches. As most video analysis and index-
ing problems, TV broadcast structuring can be manually
performed by skilled-workers. In this case, the TV broadcast
can either be structured online or offline. Online, workers
have to continuously watch the TV broadcast. Each time
an event of interest is encountered, it is tagged. Offline,
workers linearly browse the saved TV stream and annotate it.
Both cases require adequate software applications that allow
workers to efficiently structure the stream.

These approaches are currently the most widely used, in
particular for structuring and indexing audio-visual heritage
before archiving it. It is however prohibitively expensive and
unable to handle the currently huge amount of available
content. For instance, manually and offline structuring a
TV stream of 28 days has taken more than 30 working
days using a very powerful and customized software. We
have performed this manual annotation in order to create
the ground-truth which is required for the evaluation of
automatic TV structuring approaches (cf. Section 4). It
also suffers the imprecision and errors that workers can
make. Indeed, contrary to what one could assume, manual
approaches are not always the most reliable. Structuring
a TV broadcast is a laborious repetitive task that requires
permanent concentration.

2.2. Metadata-Based Approaches. There are mainly two types
of metadata that are provided by TV channels and that
are used to describe TV broadcasts: (1) metadata that are
associated and broadcasted with the TV stream, and (2)
metadata that can be retrieved from specialized websites
which gather electronic program guides. Both metadata
provide information on programs only. Interprograms are
not mentioned.

Metadata associated with the stream depend on stan-
dards and broadcasting modes (analog/digital). In the case
of analog TV that is in the process of becoming defunct,
metadata were available within teletext (or Closed Caption in
US). Teletext encloses a large amount of data such as news,
weather forecasts, and so forth, and also static information
on the program schedule. European standard teletext could
also include Program Delivery Control (PDC) [1]. PDC is
a system that properly controls equipped video recorders
by using hidden codes in the teletext service. An equivalent
service named VPS (Video Programming System) exists in
some EU countries (e.g., Czech Republic). These codes allow
the user to precisely control the record start and end times of
a specific program.

In digital TV, broadcasted metadata are called Event
Information Tables (EIT) and are of two types:

(1) EIT schedule: stores the TV program over a number
of days

(2) EIT present and follow: contains the details (start
and end times, title, and possibly a summary) of the
program currently being broadcasted, as well as the
following one.

If EIT “present and follow” is generally available, the EIT
“schedule” is rarely provided.

Apart from PDC, both for digital and analog TV,
broadcasted metadata are static, that is, they are not updated
or modified in order to take into account any delay or change
that may occur in the broadcast with respect to the initial
program schedule.

Unfortunately, PDC cannot be used for TV structuring
for many reasons. The main problem is that PDC is very
rarely provided, as it allows users to skip commercials.
Currently, these represent the main income for TV channels.
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Figure 1: TV broadcast structuring. Detection of program and interprogram boundaries.

Another limitation of PDC is that it is well defined and
standardized for analog TV, but in digital TV, standards are
not built in and most broadcasters are not transmitting the
appropriate data.

Metadata available on the web are typically program
schedules. These are called Electronic Program Guides
(EPG). Many companies (like emapmedia) also provide a
service in which they gather EPGs from a large number of
channels. These EPGs are then made available on a unique
server that can be directly queried through the web service.

In order to assess the reliability and the precision of these
metadata, a study has been conducted in which the EIT
and the EPG metadata have been compared to a manually
created ground-truth. This study, presented in [2], shows
that metadata are generally imprecise, do not cover all the
broadcasted programs and do not take into account late
modifications of the schedule. For instance, it shows that
over a 24 hour broadcast, more than 40% of the programs
start more than 5 minutes earlier or later than that expected
in the metadata. Another study [3] has been performed on
program guides from 5 channels over 3 years. It has also
shown that more than 75% of broadcasted programs and
interprograms are not mentioned in the program guides.
Based on these results, metadata cannot be directly used to
structure TV broadcasts.

On the other hand, apart from traditional techniques for
metadata aggregation and fusion [4, 5] which could be used
to enrich them and increase their accuracy, only very few
studies (among which [6]) have proposed novel ways to make
use of these metadata.

In [6], Poli proposes a statistical predictive approach
that allows correcting an EPG using a model learned from
a ground-truth created on a one year TV broadcast. This
approach is based on a simple observation: channels have
to follow roughly the same schedule in order to increase
their audience. The main drawback to this approach is the
required ground-truth data for training. This ground-truth
is very difficult and prohibitively expensive to be collected.
Moreover, it has to be separately collected for each channel
as the program schedule differs from one channel to the
other. Poli’s study was feasible because it was conducted at
INA, the French National Audiovisual Institute in charge of
indexing and archiving French channels (http://www.ina.fr).
On the other hand, the model does not take into account
program schedule of special events that may occur without

any regularity from one year to the next (e.g. political events,
sports competitions, etc.).

2.3. Content-Based Approaches. Content-based approaches
rely on the study of the basic audio and video signals in
order to recover the high-level structure of the stream. Basic
techniques one can think of are shot and scene (or story)
segmentation. Low level features like motion and color are
extracted from each frame and are analyzed in order to
segment the stream into shots. Shots are then gathered into
scenes with respect to their similarities and temporal order
[7–9]. Scenes are subjective and not very well defined but,
for instance for a movie, they generally try to meet the
main chapters of the movie like those prepared for the
DVD. In the context of TV structuring, precisely extracting
programs would require clustering all the scenes of the
same program and separating them from those of the other
programs. However, TV programs, and thus their scenes, are
very heterogeneous and do not generally share any common
features or structure. It is therefore very hard to make use
of scene detection and clustering to perform TV stream
structuring.

Another content-based approach would focus on detect-
ing boundaries between programs and interprograms in
the TV stream. This has been investigated by Wang et al.
[10] and a multimodal boundary classification system has
been proposed. The system uses visual, audio and textual
features within an SVM classifier in order to find transitions
between programs among all the possible transitions in the
stream. However, this solution cannot be used to structure
any TV stream. It heavily relies on some assumptions on
the structure of programs (e.g., presence of specific images
at the beginning and at the end of each program and inter-
program) and on a complex training procedure.

Finally, a novel content-based approach makes use of the
fact that some sequences are broadcasted several times in
the stream and are then repeated sequences. These are com-
mercials, trailers, credits of TV series, sponsorships... If the
occurrences of these repeated sequences can be automatically
detected and identified in the stream, then the stream can be
segmented. The resulting segments can be then classified and
analyzed toward performing the structuring. This content-
based approach is the most promising. Techniques following
this principle are classified into two categories and are
described in the two following subsections.
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2.3.1. Reference Database-Based Techniques. The basic idea
of reference database-based techniques is to manually label
repeated sequences and store them in a reference database.
Here, labeled and stored repeated sequences should include
most of the interprograms, opening and closing credits
of recurring programs (like TV series) and possibly any
other program shot. These sequences are identified later
on in the TV stream using a content-based matching
technique. TV structuring is therefore reduced to content-
based real-time sequence identification in an audio-visual
stream. The start (resp., end) time of recurring programs
that have a stable opening (resp., closing) credit is detected
when the credit is identified. Other parts of the stream
are segmented by detecting interprograms. Each gap of a
significant duration between two consecutive segments of
interprograms is considered as a program segment and is
labeled using metadata (like EIT) when these are available.
A program segment can also be labeled, if one of its shots
has been matched with a shot that has previously labeled and
stored in the reference database.

Methods following this principle can be built on top of
audio or video fingerprinting [11, 12] techniques. These can
be used to detect in the TV stream, referenced sequences
stored in the database. Perceptual hashing can also be
used[13–15].

Naturel et al. [16] propose a complete system for TV
structuring based on this principle. In addition to a hashing-
based identification of stored and labeled shots, a dynamic
time warping procedure has been proposed in order to
match extracted program segments with metadata provided
in the EPG. The set of interprograms is also updated using a
commercial detection method based on the same features as
in [17] (i.e., monochrome frames, silence, etc.).

These approaches mainly have two drawbacks, both
related to the reference database. First, this database has
to be created manually for each TV channel. It must also
contain a sufficient amount of interprograms, credits and
labeled shots in order to achieve a good and precise TV
structuring. Second, the database has to be periodically
updated as new interprograms, new series (and hence new
credits) are continuously introduced.

2.3.2. Techniques Based on Automatic Detection of Repeated
Sequences. Following the same principle as reference
database-based approaches, other techniques rely on
segmenting the stream by automatically detecting inter-
program segments, deducing program segments and then
labeling them using metadata. Unlike reference database-
based approaches, these techniques make use of the
repetition property of interprograms in order to directly and
automatically detect them using a non-supervised solution.

Inspired by video retrieval techniques, Gauch and
Shivadas [18, 19] propose a video shot-based solution.
Shots are described and indexed using perceptual hashing.
Repeated shots are then detected using a two step procedure.
The first step is based on collisions in the hash table.
The second one is based on the visual similarity between
shots. Adjacent repeated shots are merged and classified
(commercials or not). Covell et al. [20] propose an approach

following the same principle as Gauch et al., but technically
different. Repeated objects are detected using audio features
and a hashing-based method. Detections are then checked
using visual features. As for Herley [21], interprograms
are detected as repeating objects using a correlation study
of audio features. At time t, the current object (an audio
segment of predefined length) is compared to a past stored
buffer of fixed size in order to detect any possible correlation.

Even if fully automatic, these techniques are not suffi-
cient to perform TV structuring. They all require a post-
processing step in which automatically detected repeated
sequences need to be mined before being used in the
structuring process. Indeed, repeated sequences also include
sequences that are broadcasted several times but that are not
interprograms. Examples of such sequences are news reports,
flashback sequences in movies and series, and so forth.

On the other hand, these solutions are technically lim-
ited. Solutions proposed in [18–20] focus on the detection
of commercials. They suffer the drawbacks of content-based
matching techniques using hash-tables, which are mainly
related to the difficulty of choosing a suitable hash function
with respect to the target similarity. They are also brute force
in the sense that all descriptors of the whole audio-visual
stream have to be inserted in the hash table and also saved,
which could raise efficiency problems when dealing with a
large amount of audio-visual data or with a continuous TV
broadcast in a real-world system. The method by Herley
[21] requires some crucial parameters related to the size of
descriptors, the search window and the length of the search
buffer. These restrict the depth of the search and limit the
detection to a pre-defined fixed size range of repeating objects.

Additionally to all these approaches, it is worth pointing
out in this section that the TV structuring research field also
includes works on commercial detection and program genre
classification. Commercials have attracted a lot of attention
because of their importance in the business model of TV
broadcasting. They are still the main income of TV channels.
Existing works on commercial detection rely generally
on intrinsic features of commercials (e.g., motion, audio,
action) and on detecting separations between commercials
(monochrome frames and audio cuts) [17]. They also rely on
detecting the logo channel and on studying the shot duration
[22]. Many program genre detection techniques have also
been proposed [23–25]. They generally classify programs
into categories like news, commercials, cartoon, sport, TV
series, weather, and so forth. They assume that programs
have already been properly segmented and extracted.

3. DealTV: A fully Automatic System

In this section, we describe our novel fully automatic system
for TV Broadcast structuring. It is based on the same
principle as techniques based on the detection of repeated
sequences. It addresses, however, the limitations of existing
approaches and focuses on extracting long useful programs.
We recall that useful programs are long TV programs,
International Journal of Digital Multimedia Broadcasting 5
namely movies, news, TV series, TV shows, etc. These are the
most important content of TV streams.
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Our system uses two methods from our previous works
for repeated sequence detection [26] and for program
segment classification [27]. These methods are improved,
adapted and put together with other techniques in order
to efficiently and effectively structure continuous TV broad-
casts.

When launching the system for the first time, it needs to
accumulate a sufficient amount of stream. The analysis of the
stream starts when there are enough repeated sequences in
the accumulated stream. As will be shown in the experiments
(Section 4.1), 96 hours is sufficient. When the analysis is
started, it structures the previously accumulated stream and
delivers results. The system then starts accumulating the
stream gain. However, this time, the structuring process can
be launched anytime on demand or periodically. In this
case, if the duration of the newly accumulated stream is not
sufficient, it is merged with the previous period of the stream.
This processing scheme is depicted in Figure 2.

Each time the stream structuring is launched on a
portion of the stream (periodically or on demand), the
following processing steps are performed (as depicted in
Figure 3):

(1) stream segmentation using detected repeated sequen-
ces,

(2) resulting segments classification in order to detect
useful program segments,

(3) useful programs extraction and labeling.

First, repeated sequences detection uses a micro-
clustering technique that does not make any assumptions on
the length or frequency of the repeated sequences. Moreover,
this detection can be performed whatever the length of the
TV stream is. Our system also covers all of the steps from
the first step of repeated sequence detection to the final step
of program extraction. Detected repeated sequences are used
to segment the stream and the resulting segments are then
classified in order to isolate segments that belong to useful
programs from the rest of the segments (inter-program and
short program segments). This classification step is based
on inductive logical programming. Program segments are
finally labeled using a matching procedure with respect to
metadata.

For the sake of simplicity, in the following we consider
that we have accumulated a portion of the stream and we
describe each step of the structuring process given that
portion.

3.1. Stream Segmentation Using Detected Repeated Sequences.
Stream segmentation is based on detecting repeated
sequences in the stream, that is, sequences that are broad-
casted several times. These include (but are not limited
to) interprograms, whole programs and parts of programs
that are broadcasted several times. Our repeated sequence
detection relies on extracting and clustering visual features.

3.1.1. Stream Description. Our repeated sequence detection
technique uses a two level visual description scheme. A
first level at which an exhaustive description is performed.

A basic visual descriptor (BVD) is extracted from each
frame of the video stream. It is used to match almost
identical frames and only needs to be invariant to small
variations due to compression, for instance. The second
level focuses on carefully chosen keyframes of the video
stream. The descriptor associated with these keyframes is
called key visual descriptor (KVD). It is more sophisticated
and has to be more robust. KVDs are used during the
clustering step to cluster similar shots and to create the set of
repeated sequences. However, at this stage, the boundaries of
detected repeated sequences cannot be determined. A KVD
is associated with a frame of the repeated sequence but does
not provide any information on the sequence boundary. The
BVD is thus used to precisely determine these boundaries
by matching corresponding frames in all occurrences of the
repeated sequence.

Both BVDs and KVDs are DCT-based descriptors. To
compute a BVD, the frame is divided into 4 blocks and
each block is sub-sampled to a matrix of 8 × 8. A DCT
is then applied on each block and one DC coefficient and
the 15 first AC coefficients (according to the zig-zag order)
are computed. Each coefficient is then binarized and a 64-
bit descriptor is created. BVDs are compared using the
Hamming distance.

As for KVDs, they are computed from keyframes. These
are chosen after a shot segmentation of the video stream
following the method described in [26]. To make the KVD
robust to spatial variations, like subtitles incursion or logo
insertion/removal, the keyframe is divided into 3× 2 blocks.
Six independent descriptors are computed on the six blocks
and then concatenated into a single descriptor. To compute
block descriptors, each block is first subsampled to a 8 × 8
matrix. A DCT is computed on this matrix and the first five
coefficients (according to the zig-zag order) are selected to
build the descriptor. The KVD is hence a 30-dimensional
vector. The similarity between KVDs is measured using the
L2 distance.

3.1.2. Clustering Step. To gather similar keyframes that will
be used to detect repeated sequences, a clustering technique
is used. However, unlike most applications using clustering,
we are interested in finding a large number of very small
clusters within a huge amount of uniformly distributed
and isolated vectors. The number of KVDs per cluster is
determined by the number of times a sequence is repeated.
If a sequence is repeated three times, and it is described
by five KVDs (i.e., five keyframes have been selected from
the sequence), then we should ideally discover five clusters
with three KVDs inside each one. The number of KVDs
per cluster ranges thus from two to few hundreds. The
number of clusters corresponds to the number of KVDs
in the repeated sequences. As for the rate of outliers, it
corresponds to the rate of KVDs that do not belong to
any repeated sequence, which could be very high. On the
other hand, the clustering algorithm should also be able
to process KVDs on the fly as they are computed from
the video stream. Based on these criteria, we propose
to use a micro-clustering technique similar to BIRCH
[28].
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Figure 2: Processing scheme of the TV broadcast by DealTV. (a) Periodical structuring. (b) On demand structuring.
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Figure 3: Structuring steps of DealTV.

It is an iterative procedure that builds spherical clusters
whose radii are controlled and must be below a threshold Ft.
At the beginning, Ft is chosen to a very low value. During the
first iteration, KVDs are inserted: a KVD is associated with a
cluster of previously inserted KVDs only if the radius of the
resulting bounding hyper-sphere of the cluster is less than Ft1
(the value of Ft in the first iteration). If no existing cluster
can absorb the KVD, it is put in a new cluster as a singleton (a
cluster that contains only one KVD and of which the radius
is equal to 0). To characterize clusters and facilitate their use,
a clustering feature (CF) vector is associated to each cluster.
A CF vector is a triple composed of the number and the sum
of the KVDs belonging to the cluster, and the radius of its
bounding hyper-sphere. When merging two clusters, the CF
vector of the resulting cluster can be easily computed using
only the CF vectors of the two clusters. That way, KVDs are
read only once. In the following iterations, only CF vectors
are manipulated.

After each iteration, the singletons are isolated as outliers.
If the number of the remaining clusters falls below a fixed
number then the clustering process is finished. Otherwise,
the Ft is increased and a new iteration is performed.

As explained previously, the maximum number of clus-
ters is related to the number of repeated sequences and
the number of associated keyframes. It can, therefore, be
experimentally determined by a study over a sample of TV
broadcast.

On the other hand, in order to efficiently cope with the
general periodical working scheme of DealTV, the clustering
procedure should be incremental. This is important to
reduce the cost of this crucial and costly processing step. In
our system, this is taken into account at 2 levels. First, the CF
vectors and the way the clustering technique works allows
processing KVDs as they are computed. Second, when a
new portion of the stream is accumulated and processed (P9
in Figure 4), the equivalent oldest portion in the clustering
buffer is removed (P2 in Figure 4). The clustering process
works hence as a continuously updated sliding window. This
is allowed by the powerful way CF vectors are computed
and manipulated. This way, when the structuring analysis
is launched, the first (and the most costly) iteration of the
clustering is already performed. Figure 4 depicts how the
incremental clustering works.

3.1.3. Repeated Sequences Detection. Once the clusters are
generated, they are analyzed in order to create repeated
sequences. First, clusters that contain KVDs extracted from
the same shot or from neighboring shots are removed.
For example, this happens during a debate when shots are
alternatively centered around the antagonists.

To make use of the rest of clusters, an inter-cluster
similarity is defined. This similarity measures the chance
for two clusters to generate a repeated sequence. To explain
how it is computed, lets consider two clusters Ci and
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Figure 5: Two interlaced clusters with n KVDs each.

Cj , containing n KVDs each. The set {I1, . . . , In} (resp.,
{J1, . . . , Jn}) is the set of keyframes whose KVDs belong to Ci
(resp. Cj). The first condition for two clusters to generate a
repeated sequence concerns the temporal order of keyframes
{Ik}k and {Jk}k. They have to be alternating as depicted in
Figure 5. In this case, we say that Ci and Cj are interlaced.

The temporal distance between each couple of keyframes
from the two clusters is the second condition. Temporal
distances between each couple (Ik, Jk) must be nearly the
same if the {Ik}k and the {Jk}k are keyframes of a repeated
sequence. The chance for Ci and Cj to generate a repeated
sequence is thus related to the constancy of the temporal
distance (Tdist) between their keyframes. The inter-cluster
similarity must be one if all the temporal distances are
identical and decreases when they differ. The following
formula is used to compute the inter-cluster similarity
between clusters Ci and Cj :

Simi j =
⎧
⎨

⎩

0, if Ci and Cj are not interlaced,

e−σ , otherwise,
(1)

where σ is the standard deviation of Tdist1, . . . ,Tdistn (cf.
Figure 5).

The inter-cluster similarity is computed between each
couple of clusters. The results are stored in a matrix B, where
element bi j is the similarity between clusters Ci and Cj (i.e.,
bi j = Simi j). To process clusters, we define a basic relation
between clusters as follows: if bi j > δsim then clusters Ci and
Cj are related. This relation is aimed at gathering clusters that
have a high inter-cluster similarity and, hence, that are likely
to generate a repeated sequence.

The rest of the process is summarized in the following
steps.

1st occurrence 2nd occurrence 3rd occurrence

Ci Cj

· · · · · · · · ·
· · · · · ·

Figure 6: Generation of a three times repeated sequence from two
clusters.

(1) Select clusters that have at least one relation with
another cluster.

(2) Select the set of most populated clusters, that is,
clusters having the highest number of KVDs.

(3) Perform transitive closure within the selected set.
Again, the objective is to partition the set into subsets
into which each cluster is related to one or more other
clusters from the same subset.

(4) Generate a repeated sequence from each subset as
depicted in Figure 6 and remove the used clusters
from B.

(5) Continue with the process from step (1) until no
cluster is selected.

In step (2), the process starts with the most populated
clusters in order to first retrieve the most frequent repeated
sequences. Indeed, as depicted in Figure 5, for a chosen
subset of clusters, the number of occurrences of a repeated
sequence is equal to the number of KVDs per cluster (we
recall that all the clusters within the subset are interlaced and
have the same number of KVDs each).

In step (4), the generation of repeated sequences consists
in defining the boundaries of each occurrence of the repeated
sequence. First, the boundaries are defined by the most
left and the most right keyframes. These boundaries are
then extended using BVDs computed for all the frames
of the stream. The occurrences are extended to the left
(resp., the right) if BVDs of all the left (resp., right)
neighboring frames for all the occurrences are similar. To
make the extension procedure more robust, we propose to
simultaneously compare a set of neighboring frames, that is,
the extension procedure compares the m left (resp., right)
frames of all the occurrences every time. If the average
dissimilarity is less than a threshold, then the occurrences are
extended to the left (resp. right) by m frames.

The repeated sequence detection procedure is also able
to retrieve trailers as repeated sequences and can sometimes
match them with the corresponding program. This is not
described here. The interested reader can refer to [26] for a
complete and detailed description of the procedure.

3.1.4. Stream Segmentation. Finally, the stream is segmented
as depicted in Figure 7. First, each occurrence of a repeated
sequence is considered as a segment. Then, each gap between
two consecutive segments is also considered as a segment.
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3.2. Segment Classification Using ILP. Once the stream is
segmented, the problem is to automatically detect segments
that are part of long useful programs. It is a classification task
with two classes: (1) the class of long program segments and
(2) the class of the other segments that include segments of
interprograms and segments of short programs.

To perform this task, local features of each segment
(like the duration) can be used. However, the linear nature
of the stream and the way long programs, short programs
and interprograms are sequenced within the stream provide
powerful features that greatly help distinguishing these
segments. In the following, these features are referred to as
neighborhood and relational features.

In order to take into account both kind of features (local
and relational), our classification module uses Inductive
Logical Programming (ILP) following the method described
in [27]. ILP allows us to train offline a classifier that implicitly
models the relational features and to easily take into account
prior knowledge. Moreover, the resulting classification rules
are easily understandable.

The features and the ILP classification module are
described in the following two subsections.

3.2.1. Segment Features. Three kinds of features are used
to characterize a segment: local, contextual and relational
features.

(1) Local Features. These features describe a segment with
features that do not depend on others segments. We use
only the duration of the segment and the number of times
it repeats in the stream (0 if the segment does not repeat).

(2) Contextual Features. These features take into account the
context of the segment. We define the following features.

(i) If the segment is an occurrence of a repeated
sequence, we compute the mean of the number of
repetitions of the following segments adjacent to
each occurrence. This is illustrated in Figure 8. This
feature applies to occurrences {A1, A2} and is equal
to (|B|+|C|)/2, where |X| denotes the number of
occurrences of the segment X . In the same manner,
we compute the mean of the number of repetitions
of the previous segments that are adjacent to each
occurrence (segments D and E in Figure 8). We
propose this feature in order to help discriminating
opening/closing credits from the set of repeated
sequences. Indeed, when this feature is null, that
means that the segment always lies before/after a long
segment that does not repeat and that is most likely
a long program. This feature may also help to classify
segments that always lie between other very frequent
repeated segments.

(ii) As contextual features, we also consider the local and
contextual features of an adjacent segment: segments
in the neighborhood of the considered segment.

(3) Relational Features. These features are the class of the
neighboring segments. Therefore, they apply only when at
least one of the neighboring segments has already been
classified. They allow to take into account the class of
neighboring segments.

3.2.2. ILP Classification. ILP can directly manage complex
logical relationships between segments and returns explicit
rules in the form of first order logic. Prior knowledge can also
be easily taken into account. They just have to be encoded
as first order logical rules and added to the background
knowledge. However, as ILP does not handle numerical data,
all the local and relational features have to be transformed
to symbolic attributes. Categories for symbolic attributes are
defined using numerical intervals based on prior knowledge.

An ILP system builds a logical program from the back-
ground knowledge and a set of training examples represented
as a set of logical facts. This logical program is composed of
a set of first order logical rules that cover all the positive and
none of the negative training examples. ILP infers rules from
examples by using computational logic as the representation
mechanism for hypotheses and examples. An example of
logical rule that can be learned is “If a segment A does not
repeat and A is long then A is a long program segment” or “If a
segment A repeats often and A is followed by a segment B that
is not a long program segment then A is not a long program
segment”.

The neighboring relationships are hence represented in
the training set by a set of facts that gives the following
segment for each segment of the stream. They are also
represented by a recursive rule that transitively defines
this relation, which allows to define a “distance” between
segments.

In our implementation, we have used Aleph (ex-P-
Progol), a descendant ILP system which performs training
from general to specific hypotheses [29, 30].
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The logical rules computed by ILP define requirements
for a segment A to belongs to the class of “long programs”
or the class of “others” (IP or short programs). They can
be sorted into four categories following how they model
segment features.

(1) Simple not recursive rules (SNR-rules) rely only on the
local and contextual features of A.

(2) Simple recursive rules (SR-rules) rely in addition to
(1) on the fact that some neighboring segments
belong to the class of A.

(3) Relational not recursive rules (RNR-rules) rely in
addition to (1) on the fact that some neighboring
segments belong to a class distinct of the class of A.

(4) Relational recursive rules (RR-rules) rely in addition
to (3) on the fact that some neighboring segments
belong to the class of A.

In order to compute logical rules that define “long
programs” or “others”, we first encode a part of the TV stream
as a database of logical facts. This is the training set. The ILP
system infers then a set of logical rules. Some of these rules
are generic and very relevant. However, some other inferred
rules are very specific to special cases of the training set and
may confuse the classifier. Thus, in order to select the relevant
rules, we propose to use an additional validation phase. The
learned rules are applied on the validation set and depending
on their precision, a confidence level is associated with each
of them. The higher the precision, the higher the confidence
level. Details on the number of considered confidence levels
are given in Section 4.4.

The training phase provides hence a set of rules (SNR, SR,
RNR, RR) ordered by their levels of confidence (the highest
level of confidence = 0). The classification step takes into
account the confidence levels and the types of rules. Prior
knowledge rules are considered as the most reliable. They
are applied first and at the beginning of each iteration. The
classification phase consists in the following procedure:

(1) apply prior knowledge rules,

(2) select a subset Ei (initially i = 0) of the rules with the
level of confidence i,

(3) select and apply SNR-rules for the class “long pro-
grams” from Ei,

(4) select and apply recursively SR-rules for “long pro-
grams” from Ei,

(5) do (3) and (4) for the class “others”.

(6) select and apply RNR-rules for “long programs” from
Ei,

(7) select and apply recursively RR-rules for “long pro-
grams” from Ei,

(8) do (6) and (7) for “others”.

(9) select the next level of confidence: i = i + 1 and
continue with step (1).

3.3. Program Extraction and Labeling. The ILP classification
step detects and isolates segments that are parts of long
programs from the whole step of segments. When no
metadata is available, no further processing steps can be
achieved. Segments can only be presented to a user to be
manually annotated. However, at least the EPG is generally
available for most channels. In this case, despite their
imprecision, metadata are very helpful to fuse, extract and
label long programs. Metadata only provide approximate
start and end times of the broadcasted programs. These starts
and ends are used to build the metadata segments that are
analyzed and compared to the extracted segments in order to
perform program extraction and labeling.

An interesting approach for TV segment labeling is
presented in [16]. The authors have considered labeling
as a problem of sequence alignment between the detected
program segments and the metadata segments. A Dynamic
Time Warping (DTW) algorithm has been used to fuse the
segments. It uses the edit distance between the set of program
segments and the set of metadata segments. The edit distance
is a well-known method for aligning two sequences X and Y .
It evaluates minimum weight for transforming X into Y by a
set of weighted edit operations. The used operations are here
defined as substitution, insertion and deletion. In order to
drastically improve the results, the authors use a landmarked
DTW to force local alignment. This forced alignment is based
on previously manually labeled segments that are recognized.

In general, the labeling step is not a straightforward align-
ment issue. Indeed, TV programs may be cut into several
parts that are separated by interprograms (commercials in
particular) and this is not mentioned in the metadata. The
basic substitution, insertion and deletion operations are not
sufficient to deal with this. They are not able to fuse different
parts of the same program.

In our system, the labeling procedure is depicted in
Figure 9.

(1) Segments classified as long programs (P) are selected.

(2) Consecutive long program segments are gathered
into a single long program segment.

(3) Resulting long program segments are labeled using
metadata segments following a temporal overlapping
criteria.

(4) Consecutive long program segments labeled with the
same label are fused into a single TV program.

The labeling procedure is based on studying the temporal
overlapping between the detected program segments and
the metadata segments. For each detected long program
segment, metadata segments that have a non empty temporal
intersection with the long program segment are selected and
for each one, the temporal overlapping rate is computed.
The metadata segment with the highest overlap is selected
if its overlapping rate is significantly greater than the one of
the second most overlapping segment. If metadata segments
having the highest overlaps present overlapping rates that are
very close, the segment whose duration is the closest to the
segment to label is selected.
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Figure 9: Program extraction and labeling.

This labeling procedure is a local approach that does not
heavily rely on the metadata. It is also able extract the start
and the end of each program while keeping information on
the location of interprograms separating the different parts
of the programs. This is very important to remove/replace
commercials in services like TVoD.

4. Experiments

In this section, we evaluate and validate the DealTV system
for automatic TV structuring. For this purpose, we have
performed a set of experiments using real TV broadcasts.
First, we present the real TV broadcast-based dataset that
we used. Next, we evaluate each step that makes up DealTV
namely, the repeated sequence detection, the TV stream seg-
mentation, the ILP-based classification for program segment
detection and finally, the TV program extraction.

The main and more important experiment is the last one.
It allows us to validate DealTV for TV program extraction,
our ultimate goal. The other experiments are presented in
order to evaluate each processing step of DealTV and to
understand its impact on the overall system performance.

All the algorithms have been developed in C++. Experi-
ments have been performed on a PC under Windows XP. Its
CPU is a 2 GHz Intel Xeon, with 3 GB of main memory.

4.1. Dataset and Ground-Truth. The dataset we have used is
a real TV broadcast collected from a French channel over two
weeks. It is called TVData in the following sections. We have
selected one week for training. It is called TVTrain. The other
week has been used for testing. It is called TVTest.

The dataset being collected from a French TV channel
that is regulated by the European Union legislation, the
duration and the frequency of commercial breaks are limited.
We have measured about 15 hours and 22 minutes of
interprograms over the 7 days of TVTrain. Table 1 presents
the different categories of segment that compose TVTrain.
The last category “other interprograms” gathers all the other

Table 1: Composition of TVTrain.

Long programs 87.63%

Commercials 5.02%

Trailers 3.16%

Short programs 2.99%

Sponsorships 0.54%

Jingle 0.33%

Logos 0.12%

Other interprograms 0.21%

Table 2: Day intervals.

Night from 1 am to 8 am

Morning from 8 am to 12 am

Midday from 12 am to 2 pm

Afternoon from 2 pm to 6 pm

Early evening from 6 pm to 8 pm

Evening from 8 pm to 1 am

small categories of interprograms and includes short channel
games, single music clips, and so forth.

In order to present detailed results, we have chosen to
partition the day into six intervals. These are defined in
Table 2. They follow the structure of a TV guide.

In our evaluation, we were unfortunately unable to
compare our results to related works. To the best of our
knowledge, there is no evaluation campaign for TV structur-
ing and there is no available international corpus that can be
used for this purpose. The TREC Video Retrieval Evaluation
(TRECVid) only provides a corpus of already segmented TV
programs. It does not contain any continuously recorded TV
broadcast over several days.

In order to evaluate our solution, we have manually
segmented and labeled TV Data. This has provided a ground-
truth that has been used to compute evaluation metrics such
as precision and recall. This ground-truth has been also used
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Figure 10: Proportion of repeated segments by categories in
TVTrain with respect to the accumulated hours of TV stream.

to study the repetition rate of interprograms in TVTrain.
It has also provided useful information on the structure of
the stream. In particular, a set of 374 groups of repeated
segments has been discovered with a total number of 2782
occurrences (repeated segments) in TVTrain. The most
frequent segment is a sponsorship that has been broadcasted
34 times.

Within TVTrain, we have also focused on the three
most important inter-program categories (i.e., commercials,
sponsorships and trailers) and on short programs. We have
then computed the proportion of commercials, sponsor-
ships, trailers and short programs that repeat with respect to
the accumulated TV stream. This is shown in Figure 10.

This figure shows two main points. First, more than 90%
of commercials, sponsorships and trailers are broadcasted
at least twice within 4 days. Moreover, this rate does not
increase anymore. The remaining 10% of these interpro-
grams do not repeat. They can thus only be detected using
the neighborhood and the ILP classification. Nevertheless,
this result validates our main idea behind our solution
regarding the repetition property of interprograms.

The second point is that only about 30% of short
programs are repeated. This implies that detecting short
program segments heavily relies on the ILP-classification
step. This also lets us suppose that detecting short programs
is the key for an accurate TV program extraction.

As explained previously, our system performs a period-
ical analysis of the TV stream. For each period, the system
computes a clustering of the accumulated TV stream in order
to detect repeated sequences and to perform segmentation.
The results of this first analysis on the content of TVTrain,
allow us to choose the size of the required accumulated TV
stream. With a background of 7 days, we ensure that most of
interprograms are within the set of repeated segments. The
period is therefore fixed to 7 days.

It is important to note that TVTest has been recorded one
week after the end of TVTrain as depicted in Figure 11. This
is required because the clustering step uses an accumulated

TVTrain TVTmp TVTest

Figure 11: Positions of TVTest and TVTrain within the TV stream.

stream of 7 days for each processed day of TVTest. The week
TVTmp that is between TVTrain and TVTest has thus also
been recorded. This way, the stream used for training is
completely separated from the stream used to testing.

4.2. Repeated Sequence Detection. The analysis of the
TVTrain dataset shows that most of interprograms are broa-
casted several times. In this section, we present experiments
that evaluate the ability of our system to automatically detect
repeated sequences in the stream.

This evaluation has been conducted separately on
TVTrain and on TVTest in order to show also the stability
of the repeated sequence detection. Precision and recall have
been used as evaluation metrics.

4.2.1. Repeated Sequence Detection on TVTrain. Repeated
sequence detection has been applied on TVTrain. A set of 775
repeated sequences has been discovered with a total number
of 3718 occurrences. This is higher than the number of
manually gathered repeated segments (i.e., 2782). The most
frequent detected repeated sequence is also a sponsorship
that is repeated 30 times. It is not the same sponsorship that
has been manually annotated and that repeats 34 times.

This does not mean that our repeated sequence detection
technique does not perform well. Due to the position of
the keyframes, many repeated sequences have been divided
into several repeated subsequences. Therefore, in order to
evaluate the automatically detected repeated sequences, we
have computed the recall Rseqret on a per shot basis. The
number of shots that belong both to detected repeated
sequences and to manually gathered repeated segments have
been calculated. The recall Rseqret is then the proportion of
this number with respect to the total number of shots of
the manually gathered repeated segments. Table 3 shows the
obtained results. We have also focused on the three main
inter-program categories and on short programs. The results
show that repeated segments are very well detected. We can
notice the sponsorships are less detected than commercials.
This can be explained as follows. In order to be detected,
repeated segments must contain two keyframes that have to
be gathered into similar clusters. However, sponsorships are
often made up of only one shot with only one keyframe.

As for short programs, missed repeated sequences are due
to only one short TV game. In this TV game, only a few
portions of the segments are changing. There are too many
versions of this short TV game that share too many features,
which confuses our system.

We have also measured the precision on a per shot
basis of the detected repeated sequences with respect to all
the manually segmented interprograms and short programs.
We call this precision Pseqret. The computed precision is
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Table 3: Recall Rseqret of repeated segments per category in TVTrain
on a per shot basis.

Commercials 98.55%

Trailers 97.85%

Sponsorships 92.54%

Short programs 92.38%
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Figure 12: Variation of the number of detected repeated sequences.

64.54%. In other words, about 35% of the detected repeated
sequences are repeated segments that are parts of long
programs.

To evaluate the precision with respect to the repeated
sequences, we have selected the 50 most repeated sequences
and we have randomly chosen 50 other sequences. Then, we
manually evaluate the results. The observed precision is equal
to one. This means that all detected repeated sequences have
been effectively repeated sequences.

These experiments allow us to conclude that our repeated
sequence detection system is very reliable. However, an
efficient classification step is required (as expected) in order
to filter out the 35% of repeated sequences that are parts of
long programs.

4.2.2. Repeated Sequence Retrieval over TVTest. Repeated
sequence detection has been applied on each day of TVTest.
We have assumed that at the end of each day, an on-demand
analysis is launched. Each day is then processed with a sliding
accumulated TV stream of 7 days (the six previous days + the
analyzed day). We recall that for this reason, the TV stream
of the week before TVTest has also been recorded. Table 4
summarizes the set of repeated sequences that has been
detected with their total number of occurrences. Figure 12
shows how the number of detected repeated sequences varies
on the days of TVTest. Both the figure and the table show that
the system is stable. We can then suppose that we have a recall
and a precision similar to those computed on TVTrain.

We have also studied the processing time of the repeated
sequence detection step. Indeed, our system has to accu-
mulate the TV stream and to periodically or on-demand
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Figure 13: Processing time of repeated sequence detection on each
day of TVTest. For each day, a sliding accumulated TV stream of 7
days has been taken into account.

analyze the accumulated TV stream. The analysis have thus
to be processed before the next analysis is launched. Figure 13
shows the variation of the processing time for each day of
TVTest. We recall that each day is processed within a sliding
accumulated TV stream of 7 days. However, the clustering
is not performed from scratch each time. It is updated as
explained in Section 3.1. Figure 13 shows that the processing
time is quite the same and is always less than 1 hour and
40 minutes. This suggests that the analysis can be launched
every two hours which is sufficient in a real world service.

4.3. TV Stream Segmentation. In order to evaluate the seg-
mentation that is performed based on the detected repeated
sequences, we have focused on TV programs’ boundaries.
Indeed, this segmentation provides potential TV program
boundaries. Its quality depends on the ability to provide
boundaries that match those of TV programs given in the
ground-truth.

To evaluate the alignment between the computed seg-
mentation and the ground-truth program boundaries, we
define specific precision and recall metrics that are tolerant
to small imprecisions. The boundaries do not requires an
accuracy at the frame level. In practice, a program that
is extracted with the sponsorship sequence or without
its opening/closing credit is still considered as correctly
extracted. Hence, the tolerated imprecision corresponds to
the average duration of a sponsorship or a credit; it is equal
to 30 seconds.

For each ground-truth boundary, its nearest detected
boundary is then found and the temporal distance is
computed. The evaluation is achieved using the 3 following
metrics.

(i) The precision Pbound is the number of detected
boundaries whose distances to their nearest ground-
truth boundaries are less than 30 seconds divided by
the total number of detected boundaries.
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Table 4: Detected repeated sequences on each day of TVTest. For each day, a sliding accumulated TV stream of 7 days has been taken into
account.

Days Repeated Sequences Number of occurrences Most frequent sequence

1 849 4026 Commercial (34 times)

2 831 3887 Commercial (32 times)

3 823 3847 Sponsorship (35 times)

4 804 3851 Sponsorship(33 times)

5 815 3936 Sponsorship (35 times)

6 814 3940 Trailer (38 times)

7 813 3894 Trailer (41 times)

Table 5: Evaluation of the TV stream segmentation on TVTest.

Day interval Precision Pbound Recall Rbound Imprecision Ibound

Night 0.37 0.94 1.6 s

Morning 0.35 0.95 2.9 s

Midday 0.47 1 0.8 s

Afternoon 0.46 1 1.5 s

Early evening 0.37 0.98 2.3 s

Evening 0.29 0.99 2.3 s

(ii) The recall Rbound is the number of ground-truth
program boundaries whose distances to their nearest
detected boundaries are less than 30 seconds divided
by the total number of ground-truth program
boundaries.

(iii) The imprecision Ibound is the mean of the absolute
temporal distance between the ground truth program
boundaries and their nearest detected boundaries.

These metrics have been evaluated on each day of TVTest.
The obtained results are presented in Table 5. They are
averaged and separately presented per day interval.

The obtained results show that the system has performed
a good TV stream segmentation. In particular, for the
midday and the afternoon intervals, all the ground-truth
boundaries are correctly retrieved. Moreover, the average
distance between a ground-truth boundary and its detected
boundary match is always less than 3 seconds. This is
very important for the TV program extraction. However,
our system has failed to detect on average about 5% of
boundaries from the night and the morning intervals. This is
due to the fact that less interprograms and more specifically
commercials are broadcasted during these intervals. In par-
ticular during the night, many long programs are sequenced
without any separating inter-program. These results suggest
also that TV program extraction is likely to be more accurate
from midday to the evening.

4.4. ILP-Based Classification. In this experiment, the per-
formance of segment classification using the ILP-based
technique is studied. We recall that the problem here is to
automatically detect segments that are part of long useful
programs. It is a classification task with two classes: the class
of long program segments and the class of the other segments
that include segments of interprograms and short programs.

As we are interested at the end of the process on extracting
long useful programs, in this study we focus on detecting
long program segments.

To train our ILP classifier, we divided TVTrain into
two. The first part contains 5 days and has been used for
learning the logical rules. The second part of the 2 remaining
days have been used for validation. As explained earlier, the
validation aims at evaluating the effectiveness of the inferred
rules. We have defined 4 levels of confidence and we have
used only the three highest levels during the classification
phase. Rules with the lowest level of confidence have been
discarded. We have also defined numeric intervals for the
symbolic attributes required by ILP. For example, we have
partitioned the duration domain into the following intervals:
]0, 2.5 s[, [2.5 s, 7.5 s[, [7.5 s, 12.5 s[, [12.5 s, 17.5 s[, [17.5 s,
22.5 s[, [22.5 s, 27.5 s[, [27.5 s, 32.5 s[, [32.5 s, 37.5 s[, [37.5 s,
42.5 s[, [42.5 s, 75 s[, [75 s, 1 m 45 s[, [1 m 45 s, 2 m 45 s[,
[2 m 45 s, 7 m 30 s[, [7 m 30 s, ∞[. We have chosen these
intervals because they are centered around multiples of 5 that
characterize the interprograms.

This training phase has created a set of 333 rules: 70 rules
associated with the highest level of confidence, 96 rules with
the second level of confidence, 16 rules with the third level of
confidence and 151 rules with the lowest level of confidence.
We have added one prior knowledge rule that states that “if a
segment A lasts more than 5 minutes, then A is a long program
segment”.

Precision and recall measures have been used to evaluate
the results. They have been computed on a duration basis.
The precision Pclass is here the total duration of segments
classified as long program segments that are effectively
parts of long programs in the ground-truth, divided by the
the total duration of segments classified as long program
segments. The recall Rclass is in the same way the total
duration of segments classified as long program segments
that are effectively parts of long programs, divided by the
total duration of long programs in the ground-truth.

The results contain also the total number of computed
segments for each processed day, the total number of
segments classified as long program segments and the total
number of long program segments in the ground-truth.

Table 6 summarizes the obtained results. Both the preci-
sion and the recall are expressed in percentages; they are both
very high.

In order to put into perspective the obtained results,
we have calculated the score that a naive solution could
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Table 6: Evaluation of the ILP-based technique in detecting long program segments on TVTest.

Days 1 2 3 4 5 6 7

Precision Pclass 98.99 98.86 97.57 98.80 99.20 97.62 99.14

Recall Rclass 97.69 96.58 95.43 94.60 95.57 97.57 98.22

No. of computed segments 674 681 727 712 739 602 500

No. of detected long program segments 136 121 143 134 154 131 99

No. of ground-truth program segments 40 30 42 39 36 42 35

obtained. The naive solution consists of applying a simple
classification rule that classifies all the segments as long
program segments. We have measured an average precision
Pclass of 88.09% with a recall Rclass obviously equals to 100%.
This naive solution classifies as long programs on average,
each day, about 2 hours and 53 minutes of interprograms
or short programs. However, our system reaches a precision
of 98.59%. It is wrongly classified as long program segments
only about 17 minutes each day.

In order to understand how these 17 minutes impact on
the accuracy of extracting long programs, it is important to
precisely study where they are located. This is presented in
the next and last experiment.

We can also notice from Table 6 that the number of
detected program segments is very high with respect to
the number of actual program segments in the ground-
truth. This is due to an over segmentation that is easily
dealt with using a merge procedure. This procedure properly
fuses consecutive program segments that belong to the same
program during the labeling step.

4.5. TV Program Extraction. Finally, we present the exper-
iment that evaluates the final step of our system, that is
program extraction. We have conducted this experiment
through a TVoD application. TVoD is a novel service that
fulfills the needs of the users to make use of the huge
and continuously growing audio-visual content without any
constraint on time. It makes watching previously broad-
casted TV programs possible at anytime and anywhere. In
order to make TV programs available, they must firstly be
automatically extracted and stored in a catalog. We evaluate
here this automatic TV program extraction.

Despite the very good performance of previous process-
ing steps, the labeling of detected long program segments
and the extraction of long programs have to cope with
many issues that have been revealed by the evaluation
experiments of the previous steps. Not all inter-program
segments and short program segments are isolated by the
previous processing steps. Some of them could have been
misclassified and then considered as long program segments.
Moreover, long programs could have been over segmented.

TV program extraction also depends on the metadata
information provided by TV channels. These metadata are
required to be able to give names to the automatically
extracted long program segments. To handle the most
complete and accurate metadata, we have chosen to merge
the EIT with the EPG. Based on the results in [2], EIT
are more reliable than EPG. Therefore, we have completed

the EIT with the EPG when the EIT informations were not
available.

This experiment evaluates the quality of the final
extracted programs. It evaluates the effectiveness of our
labeling and program extraction techniques and also its
ability to deal with the limitations of the previous steps and
the imprecision of metadata.

In order to evaluate the quality of extracted long
programs, we have first counted the number of programs
in the ground-truth, the number of programs mentioned
in the metadata and the number of extracted programs by
DealTV. We have then counted the number of programs
from metadata that are effectively in the ground-truth and
the number of extracted programs that are also effectively in
the ground-truth. It is worth mentioning that the number
of extracted programs is always less or equal to the number
of programs in the metadata. This is due to the fact that
metadata is used to label automatically extracted programs
and that for the evaluation, we keep only labeled programs.
The obtained results on TVTest are summarized in Table 7.
They are presented per day interval.

The accuracy of extracted programs has also been
evaluated. The start (resp. end) of each extracted program
has been compared to the actual start (resp. end) given by the
ground-truth. The temporal difference is summed up and
averaged for all the extracted programs. It is referred to as
the imprecision. This imprecision has also been computed
for metadata programs. The obtained results on TVTest are
presented in Table 8.

From Tables 7 and 8, we can notice that DealTV greatly
outperforms the metadata and provides very good results. In
particular, the obtained results for the intervals of the midday
and the evening are very accurate.

In order to further analyze these results with respect to
a TVoD service, we have selected five categories that are the
most relevant for the users. These categories are: movies, in
live show, series, sport and news. We have then classified
extracted TV programs into these five categories and we have
separately evaluated the imprecision for each category. The
obtained results are presented in Table 9.

Table 9 shows that movies are very accurately extracted.
This is very interesting as movies are the most relevant
content for real world services, TVoD in particular. Another
very important content is TV news. Results show that their
starts are very accurately detected. However, their ends are
sometimes missed. This is mainly due to the weather that
is broadcasted right after the end of the news and that is
wrongly classified as a long program segment. The results
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Table 7: TVTest. The number of long programs in the Ground-Truth—programs mentioned in the metadata—extracted programs by
DealTV.

Day intervals No. of ground-truth Metadata DealTV

GT programs No. of programs No. of programs ∈ GT # programs No. of programs ∈ GT

Night 45 46 37 33 30

Morning 29 24 24 24 24

Midday 15 20 15 16 15

Afternoon 17 14 12 12 11

Early evening 14 13 12 13 12

Evening 27 26 24 24 24

Table 8: Accuracy of extracted programs by DealTV, comparison with metadata.

DealTV Metadata

Day intervals Start mean End mean Start mean End mean

imprecision imprecision imprecision imprecision

Night 8 min 10 s 9 min 27 s 9 min 57 s 10 min 19 s

Morning 5 min 16 s 3 min 32 s 8 min 25 s 9 min 46 s

Midday 16 s 1 min 37 s 2 min 49 s 7 min 52 s

Afternoon 1 min 32 s 3 min 15 s 3 min 23 s 9 min 58 s

Early evening 4 min 41 7 min 2 s 8 min 3 s 11 min 9 s

Evening 13 s 1 min 21 s 2 min 45 s 6 min 52 s

Table 9: Accuracy per category of extracted programs by DealTV
from TVTest.

Category Extracted Start imprecision End imprecision

Movies 7 1 s 5 s

In live show 1 10 s 1 s

Series 14 27 s 1 min 50 s

Sport 12 42 s 1 min 48 s

News 14 2 s 2 min 56 s

shown in Table 9 do not match the results in Table 8. The
high imprecision values in Table 8 are caused by others
categories.

In the previous experiment presented in Section 4.4, we
have measured that about 17 minutes of TV stream are incor-
rectly classified each day. A careful analysis of this duration
has shown that it is mainly made up of few short programs.
These short programs are classified as long programs and
they are hence handled as parts of programs. This reduces the
overall imprecision of our automatically extracted programs.
Based on the results presented in Table 8, it is likely that these
mis-classified segments are located outside the midday and
the evening intervals.

To sum up, the obtained results show that overall our
system is able to perform an accurate and fully automatic
TV structuring that greatly outperforms a metadata-based
structuring.

5. Conclusion

In this paper, we have studied one aspect of the problem of
audio-visual content analysis and indexing. We have focused

on TV structuring that is needed to automatically and
precisely extract long useful programs. These can be either
archived as part of our heritage or used to build added-value
novel TV services like TVoD and Catch up TV.

We have first positioned the problem and then carefully
and deeply presented related works and existing solutions.

We then presented DealTV, our fully automatic system.
It is based on studying repeated sequences in the TV stream
in order to segment it. Segments are then classified using
an ILP-based technique that makes use of the temporal
relationships between segments. Finally, metadata are used to
label and extract programs using simple overlapping-based
criteria.

Each processing step of DealTV has been separately
evaluated in order to carefully analyze its impact on the final
results. The system has been proven on real TV streams to be
very effective.

Future work will focus on further improving the perfor-
mance of the system. In particular, short program segments
must be better filtered out during the ILP-classification step.
It is the main source of imprecision of extracted programs.
We will also study the ability of the system to structure
thematic TV streams that are collected from specialized
channels, like sport channels.
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We present a generic algorithm to address various temporal segmentation topics of audiovisual contents such as speaker
diarization, shot, or program segmentation. Based on a GLR approach, involving the ΔBIC criterion, this algorithm requires
the value of only a few parameters to produce segmentation results at a desired scale and on most typical low-level features used
in the field of content-based indexing. Results obtained on various corpora are of the same quality level than the ones obtained by
other dedicated and state-of-the-art methods.

1. Introduction

Nowadays, due to an explosive growth of digital video
content (both online and offline and available by means of
public or private databases and TV broadcasts), there is an
increasing of accessibility for these data. Actually, the wealth
of information raises the problem of an adapted access to
video content which includes heterogeneous information
that can be interpreted at different granularity levels, thus
leading to many profiles of requests.

Under these conditions, automatic indexing of the struc-
ture, which provides direct access to the various components
of the multimedia document, becomes a fundamental issue.

For this purpose, a temporal segmentation of audiovisual
is required as a preprocessing operation. Results of this seg-
mentation may be directly used for delinearization purposes
such as providing a direct access to the content itself. They
can also feed other analysis algorithms aiming at producing
synoptical views of the content or exploiting temporal
redundancy properties inside homogeneous segments to
speed up the processing time.

Basically, temporal segmentation tools work on a low-
level feature (or a small set of low-level features) extracted
from the content along the time. Commonly, these low-
level features express meaningful properties that can be
observed or processed directly from the signal, such as
spectrum/cepstrum features for an audio signal or color
histograms for an image. They are expressed numerically and

represented through vectors whose dimensions depend on
the number of those features.

Two kinds of segmentation strategies can then be applied.
Some algorithms try to gather set of successive values which
are supposed to belong to a same homogeneous segment.
Some others are focusing on transitions detection between
segments.

Such algorithms have been developed independently
one with the others for different temporal segmentation
problems.

Among the most addressed ones, we find the “audio
turn” segmentation. An “audio turn” denotes a homo-
geneous audio segment related to basic semantic audio
classes namely, speech, music, speech superimposed with
music, ambient sounds, and silence. This is generally a
preprocessing tool. This is also the case for shot segmentation
algorithms. The goal here is to identify successive frames
in an edited video content which are belonging to a same
cinematic take. More recently, some algorithms have been
also proposed for TV programs segmentation. They can be
used for Electronic Program Guide (EPG) synchronization
or simply to provide some entries in recordings.

All those algorithms are dedicated to specific tasks of
segmentation. They are based on more or less explicit models
and properties of the concepts associated to the segments
or to transitions and so cannot be applied to any other
segmentation tasks.
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In this paper, we develop the idea that, on light processing
architectures, a single operator able to produce audio turns,
or shots, TV programs segmentation could be of interest
if the results are of nearly the same quality than the ones
obtained with dedicated tools.

So, after an overview of related works concerning video
and audio segmentation methods in Section 2, we present,
in Section 3, a generic unsupervised segmentation we firstly
developed to process audio contents. Then we show how
this segmentation method can be adapted for different
granularity levels such as shot detection (Section 4), pro-
grams boundaries detection in days of television recordings
(Section 5), and speaker segmentation (Section 6).

2. State of the Art of Video and
Audio Segmentations

2.1. Video Segmentation. Video segmentation has been
studied extensively. Traditionally, a four-layer hierarchical
structure is adopted for video structure analysis which
consists of a frame layer, a shot layer, a sequence layer, and
a program layer. At the bottom of the structure, continuous
image frames taken by a single camera are grouped into
shots. A series of related shots are then grouped into a
sequence. Shot change detection is performed as the first step
for video segmentation by most previous approaches.

2.1.1. Video Shot Boundaries Detection. Historically, the first
studied video segmentation task is the shot boundaries
detection which aims at breaking the massive volume of
video into smaller chunks. Shots are concatenated by editing
effects such as hard cuts, fades, dissolves, and wipes. A
reliable shot detection algorithm should identify such short
breaks.

Because it is not an easy task, quite a lot of approaches
were proposed in the literature [1–3]. See for example the
report of TRECVid for a review and a comparison of state-
of-the-art systems and [4] for an overview of the methods
and evaluation of shot-segmentation algorithms.

Among the classical algorithms, one can cite the color
histogram differences used to detect hard cuts, the standard
deviation of pixel intensities for fade cuts, the edge-based
contrast for dissolve cuts, and the edge-change ratio for
hard, fade, and dissolve cuts. Parameters are often chosen in
order to describe color or luminous intensity of the video.
However the challenging problem is to distinguish shot
boundaries from the following: fast object or camera motion,
fast illumination changes, reflections, sudden change to
explosion, and flash photography. Each potential artifact
leads to develop an adhoc processing tool and explains the
myriad of method.

2.1.2. Video Sequence Boundaries Detection. Some works
have attempted to find an upper level structuring, mainly by
grouping together adjacent shots semantically linked up in
scene form [5] using more or less explicit rules used in the
audiovisual production domain [6]. This task is tricky for
movies because it obeys to subjective criterions. Furthermore

it is difficult to process heterogeneous corpora, but scenes
can be detected from special programs having a quite stable
structure such as broadcast news or sports [7, 8]. But the
implemented methods use a lot of many a priori knowledge.

Reference [9] presented an approach with no models
or decision rules to define “story units” according to the
following method When two shots are very similar and
nearby temporally, they are grouped together with all the
intermediary shots in order to form a segment. To calculate
the similarity between two shots, intensity histograms of
keyframes are used. Similar shots are grouped together
in graph nodes form, and nodes are linked up when the
two corresponding groups are temporally adjacent. Then
segments are produced by partition of the graph, deleting the
more minor links.

2.1.3. Program Boundaries Detection. Very few researches
have been done for program boundaries detection on TV
broadcast. Let us mention here those published by Liang
et al. [10], Poli and Carrive [11] and Naturel et al. [12].
Here, a “program” must be understand as a regular television
program such as news, weather broadcast, talk show, sports,
or sitcoms.

Poli proposes to predict forthcoming TV programs by
modelling the past ones in order to boil down the television
stream structuring problem to a simple alignment one with
the EPG thanks to Hidden Markov Models trained on data
about television schedules collected over a full year. The
stream is first segmented to find boundaries of programs
which are labeled later.

In the same time, Naturel proposes a fast structuring
of large TV streams using also program guides to label
the detected programs. The method for segmenting a TV
stream which is built on the detection of nonprogram
segments (such as commercial breaks) uses two kinds of
independent information. The first one is a monochromatic
frame and silence detector appearing between commercials
on French TV. The second kind of information comes from
a duplicate detection process. Nonprograms are detected
in this way because they are usually broadcasted several
times and so already present in a labeled reference video
dataset.

Liang proposes a less ambitious work, closer to our
proposition, as it only detects programs boundaries without
labeling them. He supposes that TV videos have two intrinsic
characteristics. On one hand, for a TV channel, programs
appear and end at a relatively fixed time every day. On
the other hand, for programs of the same type, they have
stable or similar starting and ending clips even when they
appear in different days. As such, the approach consists of
two steps: model construction and program segmentation.
The program boundary models for the selected TV channel
are constructed by detecting the repeating shots on different
days. Then, based on the obtained models, videos recorded
from the same TV channel can be segmented into programs.
This approach is not valid for more complex streams and
can not take into account any possible change of TV
schedule.
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2.2. Audio Segmentation. Auditory scene segmentation is an
important step in the process of high-level semantic infer-
ence from audio streams, and in particular, a prerequisite for
auditory scene categorization.

As opposed to single modal audio (e.g., pure speech in
the context of speech recognition task), composite audio
of multimedia databases usually contains multiple audio
modalities such as speech, music and various audio effects,
which can be mixed.

This is why, in the audio indexing context, first works
were focusing on music/speech discrimination obtained
directly with a set of low-level characteristics [13] or using
multi-Gaussian models learned with huge corpora [14].

Other segmentation methods identify key sounds, such
as whistle sound, crowd noise, or commentator voice in a
soccer broadcast [15]. Here again, segmentation is possible
only with the use of a priori knowledge.

In [16], authors first extract audio elements such as
speech, music, various audio effects, and any combination of
these in order to detect key audio elements and to segment
the auditory scene to obtain a semantic description.

Some works, within a musical program, try to identify
the musical type [17] or musical instruments used [18]. In
[19] a microsegmentation of musical sequences is performed
by detecting onsets of notes and percussive events.

This vast number of audio segmentation and classifica-
tion methods is due on the one hand to heterogeneousness
of the content and on the other hand to the aimed semantic
level.

Reference [5] presents a method to detect the different
audio scenes without a priori knowledge. An audio scene
change occurs when a majority of the sources present in the
data change. The dominant sources are assumed to possess
stationary properties that can be characterized using a few
features extracted from the signal [20]. In order to detect
scene change, a local correlation function is then used.

2.3. Knowledge-Free and Generic Methods. We have seen
that nearly all methods of audio or video segmentation
perform with a priori knowledge. These approaches are
based on a spatial-temporal modelling of the content and
use decision rules. Currently, it is the only way to reach
the semantic quality required by search engines. But only
recording collections highly structured, such as broadcast
videos of news and sports programmes, and homogeneous
in terms of production can benefit from such methods.
Furthermore, model or decision rules-based methods are
limited because, for each new collection, they need either a
new learning or a new expertise and often new tools have to
be defined.

However some generic methods exist, permitting to
process both audio and video documents. Foote and Cooper
[21] show that a similarity matrix applied to well-chosen
features allows a visual representation of the structural
information of a video or audio signal. The similarity matrix
can be analyzed to find structure boundaries. Generally,
the boundary between two coherent segments produces
a checkerboard pattern. The two segments will exhibit

high within-segment similarity, producing adjacent square
regions of high similarity along the main diagonal of the
matrix. The two segments will also produce rectangular
regions of low between-segment similarity off the main
diagonal. The boundary is the crux of this checkerboard
pattern.

A supplementary approach was developed by Haidar et
al. [22]. This approach is also generic because it is indepen-
dent of the size and of the type of the document. Several
similarity matrices, each one representing one feature, are
accumulated, and the resultant matrix shows the temporal
areas homogeneous in terms of the set of the different used
features. But automatically inferring a document structure
from such a matrix is not easy.

3. The Proposed Segmentation Method

Contrary to the methods seen in the above section, we
present a priori knowledge-free segmentation approach
relaying mainly on the hypothesis that it is possible to
segment at some different granularity levels any audiovisual
document and that is equivalent to segment into homoge-
neous segments at the adequate scale.

The segmentation we propose was firstly designed for
audio segmentation in the context of speaker diarization
[23]. Because the traditionally used metric approaches (sym-
metric Kullback-Leibler, Hotteling’s T2-Statistic) did not give
us sufficient results in presence of multiple simultaneous
audio sources, we turned towards approaches based on
model selection like the Generalized Likelihood Ratio (GLR)
[24] and the Bayesian Information Criterion (BIC) [25].
Though the results are better, we observed that usual GLR
and BIC methods present some weaknesses: too many
parameters are required to tune the algorithm, and a bad
precision is obtained in detecting boundaries when segments
are small.

So, we propose some improvements to the general
algorithm described hereafter.

3.1. Overview of the Basic Segmentation Algorithm. The basic
method for detecting a change between homogenous zones is
the GLR applied on a temporal signal in which each sample
is a vector of several low-level features.

For genericity reasons, we will describe this method using
an unknown signal that may be an acoustic signal, a video
signal or an audiovisual signal.

Let X = x1, . . . , xNx be the sequence of observation
vectors of dimension d to be modeled, M the estimated
parametrical model, and L(X ,M) the likelihood function.
The GLR introduced by Gish et al. [24] considers the two
following hypotheses.

H0: This hypothesis assumes that the sequence X corre-
sponds to only one homogeneous segment (in the
case of audio signal, it corresponds to only one audio
source). Thus, the sequence is modeled by only one
multi-Gaussian distribution

(
x1, . . . , xNx

) ∼ N
(
μX , σX

)
. (1)
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H1: This hypothesis assumes that the sequence X corre-
sponds to two different homogeneous segments X1 =
x1, . . . , xi and X1 = xi+1, . . . , xNx (in the case of audio
signal, it corresponds to two different audio sources
or more particularly to two different speakers). Thus,
the sequence is modelled by two multi-Gaussian
distributions

(x1, . . . , xi) ∼ N
(
μX1 , σX1

)
,

(xi+1, . . . , xN ) ∼ N
(
μX2 , σX2

)
.

(2)

The generalized likelihood ratio between the hypothesis H0

and the hypothesis H1 is given by

GLR = P(H0)
P(H1)

. (3)

In terms of likelihood, this expression becomes

GLR = L(X ,M)
L(X1,M1)L(X2,M2)

. (4)

If this ratio is lower than a certain threshold Thr, we can
say that H1 is more probable, so a point of change in the
signal is detected.

By passing through the log

R(i) = − log GLR (5)

and by considering that the models are Gaussian, we obtain

R(i) = NX

2
log|ΣX | − NX1

2
log
∣
∣ΣX1

∣
∣− NX2

2
log
∣
∣ΣX2

∣
∣, (6)

where ΣX , ΣX1 , and ΣX2 are the covariance matrices of X , X1,
and X2 andNX ,NX1 , andNX2 , are, respectively the number of
the acoustic vectors of X , X1, and X2.

Thus, the estimated value of the point of change by
maximum likelihood is given by

î = arg max
i
R(i). (7)

If î is higher than the threshold T = − log Thr, a point of
speaker change is detected. The major disadvantage resides
in the presence of the threshold T that depends on the
data. That is why, Rissanen [26] introduced the Bayesian
Information Criterion (BIC).

3.1.1. Bayesian Information Criterion. For a given model M,
the BIC is expressed by

BIC(M) = logL(X ,M)− λ

2
n logNX , (8)

where n denotes the number of the observation vectors of the
model. The first term reflects the adjustment of the model to
the data, and the second term corresponds to the complexity
of the data. λ is a penalty coefficient theoretically equal to 1.
[26].

The hypotheses test of (3) can be viewed as the com-
parison between two models: a model of data with two

Gaussian distributions (H1) and a model of data with only
one Gaussian distribution (H0). The subtraction of BIC
expressions related to those two models is

ΔBIC(i) = R(i)− λP, (9)

where the log-likelihood ratio R(i) is already defined in (6)
and the complexity term P is given by

P = 1
2

(
d +

1
2
d(d + 1)

)
logNX , (10)

d being the dimension of the feature vectors.
The BIC can be also viewed as the thresholding of the

log-likelihood distance with an automatic threshold equal to
λP.

Thus if ΔBIC(i) is positive, the hypothesis H1 is privi-
leged (two different speakers). There is a change if

{
max
i
ΔBIC(i) ≥ 0

}
. (11)

The estimated value of the point of change can also be
expressed by

î = arg max
i
ΔBIC(i). (12)

A well-known BIC segmentation method was proposed
by Sivakumaran et al. to detect multipoints changes in audio
recordings [27]. In our work we applied this method, and
we figure out some limitations. Although the amount of
parameters to be tuned is important, the penalty coefficient
is not as stable as expected, and there is a possible cumulative
error due to the sequential segmentation process: if a point
is erroneously detected, the next point might be affected
by this error and might not be detected correctly. All those
limitations encouraged us to propose a new segmentation
based on GLR and BIC.

3.2. Proposed Improvements. The proposed method for sig-
nal segmentation follows four main steps as explained below
and in Figure 1.

Row a is a time line on which the expected segmentation
points are shown.

(1) This time line is split into fixed size temporal
windows (shown on row b) of duration d. On
each window, a GLR point detection is performed
independently. Doing so, one potential segmentation
point P0

i on each window W0
i is so obtained. Row c

shows these intermediate results. At this step, actual
segmentation points closed to a temporal window
boundary have a poor probability to be detected.
Furthermore, some of the candidate segmentation
points may have only a local significance in their
temporal window but not at a larger scale.

(2) To overcome these problems, we now consider
overlapping temporal windows whose boundaries
correspond to one candidate segmentation point over
two, obtained during the previous step of the process.
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Figure 1: The proposed segmentation.

At the first iteration of the process, the first window
W1

1 goes from the beginning to point P0
2 ; the second

window W1
2 goes from point P0

1 to P0
3 ; . . .; the ith

window W1
i goes from point P0

i−1 to P0
i+1. On each

window, a new GLR point detection is performed.
We obtain after this step a new set of potential
segmentation points P1

i . More generally, we note Pki
the GLR point detected over the window Wk

i whose
temporal boundaries are defined by points Pk−1

i−1 and
Pk−1
i+1 at the kth iteration.

(3) We then go for a readjustment step where the closest
segmentation points are merged (two points are
closed if the distance between them is less than 3
samples). Step (2) and step (3) are iterated until stable
results are obtained, that is we look for k so that
Pk+1
i = Pki .

(4) At the last step, all the candidate segmentation points,
obtained during the last iteration, are tested against
the BIC Criterion.

One may have noticed that if there is N fixed size
temporal window defined at the beginning of this process, we
will obtain M segmentation points at the end with M ≤ N .
This means that the size of the window must be a priori
fixed at a lower value than the minimal length of segments
expected as a result.

Moreover, we found that a bidirectional segmentation of
the signal (i.e., both forward and backward) may be useful in
some cases where the transitions between two homogeneous
regions are not very discriminative (interactive acoustic
regions, fade or dissolve transition effects between shots,

etc.). Indeed, due to the shifted variable size window intro-
duced in the segmentation method, processing from “left to
right” may detect different points of change than processing
from “right to left”, and therefore, there is a chance that a
missed boundary in the first direction can be detected in the
other direction and vice versa.

The purpose of all those steps is to generate an as stable
as possible segmentation that gives homogeneous zones in
terms of features distributions.

4. Application to Shot Boundaries Detection

We formulate now the hypothesis that shots are homoge-
neous video segments and that we may find features that can
at the same time be modelled by Gaussian distributions. If
we can assume that it exists a large range of such features,
the first hypothesis (shot are homogeneous segments) is
far from be always observed. Some lighting effects (such as
flashes) or fast moving objects are strong limitations to this
hypothesis. To take this specificity into account, once we have
applied the previously described segmentation algorithm,
we go for a rather simple postprocessing step aiming
at removing false detections generated by those kinds of
effects.

In this present work, a feature vector is extracted as fol-
lows. Each image provided every 40 ms (25 images/second)
is divided into 4 equal parts.

The mean values of R, G, and B colour space descriptors
are computed in each part. Therefore, the feature vector of
dimension d (d = 3× 4) is composed of those values.

Then, the segmentation algorithm is applied as explained
in Section 2. The window size W is fixed equal to 50 feature
vectors because we took the assumption that the minimum
duration in which a point of change can be detected is greater
than 2 seconds. The penalty coefficient λ was tuned to 3.

In order to eliminate some false alarm detections due
fast motion and lighting effects, a final step of histograms
comparison is applied on the detected boundaries using the
Manhattan (or City-Block) distance.

Suppose the video is composed of frames I1, I2, I3, . . . , In
and the segmentation step returns the following frames
I1, Ik1 , Ik2 , . . . , In as boundaries. For each boundary frame Ikj ,
we consider the window of frames [Ikj−a , Ikj+a] (a is fixed
experimentally to 6), and we compute all the Manhattan
distances between the histograms of the frames Ip−1 and Ip+1

where p ∈ [kj−a+1, kj+a−1]. Then, if all the distances are
lower than a threshold, the frame Ikj is withdrew from the
boundaries set.

4.1. Experiments

4.1.1. The Corpus. We experiment our method on the corpus
of the French ARGOS campaign [28]. The content set of
the ARGOS campaign was made of various TV recordings,
gathering TV news programs as well as commercials, weather
forecast, documentaries, and fiction.

We used the two files of development (about 1 hour) to
tune parameters. Then test was performed on 10 other hours.
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Figure 2: Identification of matched segment intersections.

Table 1: Shot boundaries detection: evaluation of the proposed
system with the two types of metrics.

Recall Precision F measure

ARGOS metrics 0.935 0.931 0.933

TRECVid metrics 0.893 0.918 0.905

4.1.2. The Metrics. Two types of metrics both from
ARGOS and TRECVid campaign (http://www.nlpir.gov/
projects/tv2007/tv2007.html) were used. The TRECVid met-
ric highlights the ability to localize transitions in opposition
with the ARGOS metric which highlights the ability of
the segmentation tool to gather units belonging to a same
segment.

(a) The TRECVid Metric. This is the traditional F measure
computed from precision and recall as follows:

precision = number of correctly detected boundaries
total number of detected boundaries

recall = number of correctly detected boundaries
total number of boundaries to be detected

F measure = 2× precision× recall
precision + recall

(13)

(b) The ARGOS Metric. The reference and system outputs
are transformed into a list of continuous segments. Each
segment of the ground truth is matched with the longest
overlapping segment obtained as a result. A segment of the
results can be matched only once. The temporal intersection
between matched segments is then identified (cf. Figure 2).

Dynamic programming is used to find an optimal match-
ing. Once the optimal matching is found, the F measure is
defined as

F measure = 2× |matched intersection|
|Ground truth| + |Results| , (14)

where | · | represents the overall duration of the segments.

4.1.3. Results. Table 2 shows the results (with ARGOS
metric) of the proposed system compared to the average
system and the best system of the campaign. We can see
that our system and the best system of ARGOS give quite
similar results. The method of the best system is specific

Table 2: Shot boundaries detection: the proposed system versus
the average one and the best one at the ARGOS campaign (ARGOS
metric).

Proposed Sys. Average Sys. Best Sys.

ARGOS metrics 0.933 0.87 0.94

to the task: it detects cuts by image comparisons after
motion compensation. Then gradual transitions are detected
by comparing norms of the first and second temporal
derivations of the image

5. Application to Program
Boundaries Detection

We consider here that hypotheses made for shot detection
can be extended to program segmentation. It means that
a selected set of features during a program behave in an
homogeneous manner so that their values distribution can
be modelled by a Gaussian law and that features of two
consecutive programs follow two rather different Gaussian
laws. The last hypothesis is that a segment is of a minimal
duration (in order to fix the size of the window used at the
beginning of the algorithm and to determine when fusion of
boundaries must be operated—see Figure 1(d)).

In our work, the goal is to check if typical video and audio
features could validate the above hypotheses.

5.1. Program Boundaries Detection Using Visual Features.
Each TV program has a certain number of visual charac-
teristics that make this program different from the others.
For example, the luminance, the dominant colors, and the
activity rate in a soap episode are different from those
observed on a TV game or a TV News program.

As input for the system, a vector of features is originally
provided as follows. Every k seconds where k denotes the
approximate value of the most frequent shot duration in
seconds (experimentally k = 8) for the tested content set,
a frame is extracted and then, the three corresponding 2m-
dimension color histograms (R, G and B) are computed and
their 3 × 2m (m = 8 if the images are 8-bit images) values
are concatenated in a vector. Furthermore, the Singular Value
Decomposition (SVD) is applied in order to reduce the
vectors dimension. Experimentally, an inertia ratio higher
than 95% is reached with a vector dimension reduced to 12.

Finally, the segmentation method explained above is
applied on the sequence of these 12-dimension feature
vectors. Results in table 3 show a precision of about 78% on
5 days of television (120 hours).

The major errors appear when there are commercial
breaks: it may be typically explained because in this type
of programs, in addition to their short duration, the
homogeneity hypothesis is not still verified.

The variation and the distribution of the first “video”
feature (after SVD) on 3 consecutive programs are given on
Figures 3 and 4. Figures 5 and 6 show the same phenomena
for the third “video” feature obtained after SVD.
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Figure 3: Variation of Feature F1 for 3 consecutive programs.

We can verify that both variation and repartition are
different for the three programs.

5.2. Program Boundaries Detection Using Acoustic Features.
In this subsection, we evaluate the ability of our segmenta-
tion method to detect program boundaries using only audio
features.

The input feature vectors are provided as follows. The
first p Mel Frequency Cepstrum Coefficients (p = 16) are
extracted every 10 ms using a sliding window of 20 ms. Those
coefficients are then normalized and quantified between
0 and D − 1 (D = 48). Every k seconds (k = 8),
histogram vectors are computed for each MFCC coefficient
and concatenated to build a super-vector of dimension p×D.
Then, the SVD is applied in order to reduce the dimension
of those vectors. Practically, an inertia ratio of about 90% is
obtained for a resulting vector dimension of 40. Finally the
segmentation is applied.

Table 3 shows that scores are lower with the acoustic
features (75%) than with the visual features.

5.3. Program Boundaries Detection Using Audiovisual Fea-
tures. In order to exploit the complementary information
brought by the two different modalities, the previous audio
and video features are simultaneously used. Because we took
the same temporal sampling to produce feature vectors (k =
8) with the same dimensions value (3×2m = p×D) reduced
by the same processing (SVD, histograms) for the above two
methods, it is very easy to combine them using two kinds of
fusion: fusion at the decision level and fusion at the feature
level.

At the decision level, the fusion was done by computing

ΔBICAV = ΔBICA + ΔBICV, (15)

where ΔBICAV corresponds ideally to a change between two
TV programs.

Table 3: Results of the program boundaries detection (120 hours of
test).

Visual System Audio System AV System

F measure 78.04% 75.16% 80.72%

At the feature level, the early fusion aims to concatenate
the visual vector of features (dimension = 3 × 2m) and the
acoustic vector of features (dimension= p×D). SVD is then
applied: a resulting vector of dimension 60 is obtained for
an inertia ratio of about 90%. Finally, the segmentation is
processed to detect the frames of change. Experimentally, the
early fusion at the features level gives (about 80.7%) better
results than the fusion at the decision level (about 78.5%).

5.4. Experiments. Tests were carried out on 120 hours of
TV videos recorded continuously from a general French TV
channel during 5 days (including various kinds of programs
such as news, weather forecast, talk shows, movies, sports,
and sitcoms) with a rate of 25 frames/second. The size of
the programs is very variable: from few minutes for weather
forecast to 3 hours for a film.

For the segmentation step, we had to define the length
of the fixed size window W , the penalty coefficient which
depends on W , and the dimension of the feature vectors
(12 for video features, 40 for audio features and 60 for
audio/video features). We chose a window size of 4 minutes
(corresponding to 30 vectors) as the hypothesis on the
minimal duration of a program. The penalty coefficient λwas
tuned to 5 for the Video system, to 1.2 for the Audio system,
and to 1 for the AV system.

To evaluate those systems, the ARGOS F measure metric,
described above, was used. It highlights the ability of the
segmentation tool to gather units belonging to a same
segment.

Results in Table 3 show that the visual system is better
(about 78%) than the audio one (about 75%). With audio
features, the majority of errors appear especially when there
are commercial breaks. This might be explained typically
because this type of program does not follow the homogene-
ity hypothesis. We can see that the two modalities audio and
visual bring complementary information because the results
are better than those obtained with only one modality.

Many improvements can be done while taking into
account some knowledge already identified in the state of the
art. For example, on French TV, commercials are separated
by a sequence of monochrome images (white, blue, or black).
As this kind of effect can be easily detected, improvements of
about 9% (F measure = 87.34%) can easily be reached while
gathering advertisements in a single program.

Comparison of the above results with those obtained
by the state-of-the-art systems is a difficult task because
corpora, units, and metrics are different for each experience
and cannot be shared. To our knowledge, there is no
international campaign addressing this topic. In this case, the
evaluation we provide here should be considered as a basic
reference which can be used later to evaluate improvements
of this method or to compare with other future approaches.
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Figure 4: Distribution of Feature F1 for 3 consecutive programs.

As our system is almost knowledge-free, it can process
any kinds of TV content without any prior training phase. In
this way, it can be seen as a useful preprocessing step in the
context of video indexing for example.

As part of the project ANR EPAC (http://www.epac.univ-
lemans.fr/), the program boundaries detection was applied
on 1700 hours of TV and Radio contents: the processing took
less than 16 hours (lower than (recording duration ×10−2)
with a nonoptimized version written in Matlab on a classical
PC architecture.

6. Application to Speaker Diarization

In the context of speech processing on meeting data, with
high interaction between speakers, one of the most difficult
and unsolved problems is “speaker diarization”. Speaker
diarization is the process that detects speaker turns and
groups those uttered by the same speaker. It is based on a first
step of segmentation that consists in partitioning the regions
of speech into segments: each segment must be as long as
possible and must contain the speech of only one speaker.
The second step is speaker clustering which consists in giving
the same label to all the segments corresponding to the same
speaker.

6.1. Experiments. In order to evaluate our method applied on
speaker segmentation, we compare it to a well-known state-
of-the-art method based only on BIC as described in [27, 29,
30].

The test set is the one used in ESTER 2009 evaluation
competition (http://www.afcp-parole.org/ester/index.html).
This set contains 20 shows for a total duration of about 7
hours recorded from 4 French radio stations.
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Figure 5: Variation of Feature F3 for 3 consecutive programs.

In these experiments, a centisecond approach is used
that is, the soundtrack is firstly decomposed into 10 ms
frames: the feature vectors used are the first 12 Mel Frequency
Cepstrum Coefficients (MFCCs). The bidirectional segmen-
tation is then directly applied on these vectors by fixing
the size of the window equal to 2 seconds, and the penalty
coefficient λ is tuned to 1.

As part of the speaker diarization task, the segmentation
step is followed by a clustering step which consists in
grouping all segments corresponding to the same speaker.
The clustering step we use, presented in [31], allows
adjusting the boundaries previously detected by the segmen-
tation. Therefore, an additional improvement of 2.77% is
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Figure 6: Distribution of Feature F3 for 3 consecutive programs.

Table 4: Evaluation of the output segments provided by the state-
of-the-art segmentation method, our segmentation method, and
our diarization system.

Recall (%) Precision (%) F measure (%)

State-of-the-art method 74.25 71.62 72.91

Our segmentation method 85.36 85.37 85.37

Our diarization method 87.95 88.26 88.10

obtained when we take into consideration this clustering
process.

7. Conclusions

We have presented in this paper a temporal segmentation
algorithm aiming at detecting stable boundaries between
homogeneous segments. The parameters of this algorithm
allow adapting it in order to address different types of
segmentations problems. The size of temporal windows used
at the first step of the algorithm allows controlling the size of
the generated segments and the algorithm complexity. The
penalty coefficient used in the DBIC criterion allows to adapt
the decision sensitivity to the given problem parameters.

Applied on typical audiovisual data, the performances
of this algorithm can only be compared with state-of the-
art methods if we apply the same kind of postprocessing
tools which are already involved in these methods (lighting
effects or fast motion detection, dedicated commercial breaks
detection, etc.). This algorithm can be applied on a light
processing architecture (such as a set top box for example)
in order to produce segmentation results on a large variety of
content and for a large variety of applications.
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We propose an interactive video browsing tool for supporting content management and selection in postproduction. The approach
is based on a process model for multimedia content abstraction. A software framework based on this process model and desktop
and Web-based client applications are presented. For evaluation, we apply two TRECVID style fact finding approaches (retrieval
and question answering tasks) and a user survey to the evaluation of the video browsing tool. We analyze the correlation between
the results of the different methods, whether different aspects can be evaluated independently with the survey, and if a learning
effect can be measured with the different methods, and we also compare the full-featured desktop and the limited Web-based user
interface. The results show that the retrieval task correlates better with the user experience according to the survey. The survey
rather measures the general user experience while different aspects of the usability cannot be analyzed independently.

1. Introduction

With the increasing amount of multimedia data being
produced, there is growing demand for more efficient ways
of supporting exploration and navigation of multimedia
data. Viewing complete multimedia items in order to locate
relevant segments is prohibitive even for relatively small
content sets due the required user time for viewing and
the amount of data that needs to be transferred. Classical
search and retrieval approaches require sufficient metadata
to index the content and the feasibility to formulate a query
in terms of the available metadata. Manual annotation of
the content yields semantically meaningful metadata that
can be effectively searched by human users, but at high
annotation costs. Automatic metadata extraction approaches
are in many cases not able to fully capture the semantics of
the content, which makes the metadata difficult to query.

Multimedia content abstraction methods are comple-
mentary to search and retrieval approaches, as they allow
for exploration of an unknown content set, without the
requirement to specify a query in advance. This is relevant in
cases where only few metadata are available for the content
set, and where the user does not know what to expect in the
content set, so that she is not able to formulate a query. In

order to enable the user to deal with large content sets, it has
to be presented in a form which facilitates its comprehension
and allows to quickly judge the relevance of segments of
the content set. Media content abstraction methods will (i)
support the user in quickly gaining an overview of a known
or unknown content set, (ii) organize content by similarity
in terms of any feature or group of features, and (iii) select
representative content for subsets of the content set that can
be used for visualization.

The term video abstract is defined in [1] as “a sequence
of still or moving images presenting the content of a video in
such a way that the respective target group is rapidly provided
with concise information about the content while the
essential message of the original is preserved”. The authors
of [2] use the term video abstraction to denote all approaches
for the extraction and presentation of representative frames
and for the generation of video skims. In this paper we use
the term content abstraction to refer to all approaches that
aim at providing condensed representations of segments of a
single media item or a collection of items, that are relevant or
salient, independent of the purpose, context, form, creation
method and presentation style of the abstract. Despite their
differences in all those aspects, the existing approaches for
creating multimedia content abstractions share a number of
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similar steps which allow to define a common process model.
Based on the definition of a process model for multimedia
content abstraction, we aim at defining a software framework
supporting video browsing.

The application scenario is that of content management
in the post-production phase of film and TV production.
In post-production environments, users typically deal with
large amounts of audiovisual material, such as newly shot
scenes, archive material and computer generated sequences.
A large portion of the material is unedited and often
very redundant, for example, containing several takes of
the same scene shot by a number of different cameras.
Typically only few metadata annotations are available (e.g.,
which production, which camera, which date). The goal
is to support the user in navigating and organizing these
audiovisual collections, so that unusable material can be
discarded, yielding a reduced set of material from one scene
or location available for selection in the post-production
steps.

Media production workflows are becoming increasingly
flexible and distributed, involving many contributors located
at different sites. This poses new challenges for managing
audiovisual assets, as efficient access to content needs to
be possible remotely and because people who could be
consulted when looking for content are not in reach. Based
on a previous desktop application for browsing audiovisual
content [3] we propose a Web application that provides the
same functionality, but allows to access content repositories
remotely.

The contributions of this work are the following. We
present a process model for multimedia content abstraction
and implement a framework for video browsing based on
this model. The framework can be easily extended to support
browsing by any low-, mid-, or high-level feature. We present
a desktop and a Web-based user interface for the framework.
We evaluate both user interfaces using different evaluation
approaches and compare the results between the two user
interfaces and the different evaluation methods.

The rest of this paper is organized as follows. Section 2
discusses aspects of multimedia content abstraction and
presents a general process model. In Section 3 we present
an implementation of this process for interactive video
browsing as well as a desktop and Web-based user interface
in Section 5. The evaluation of the desktop and Web-based
video browsing tool and its results are discussed in Section 6,
and Section 7 concludes the paper.

2. Multimedia Content Abstraction

2.1. Aspects of the Problem. Multimedia content abstraction
encompasses different ways of summarizing, condensing
and skimming multimedia content. There are a number
of aspects that discriminate these approaches proposed
in literature. In the following we discuss some of them,
focusing on those that influence the design of our software
framework for video browsing. We do not attempt to provide
a complete survey of related work here, for a comprehensive

overview and comparison of video abstraction methods see
for example [2].

Content abstraction can be done manually, automatically
or semi-automatically (e.g., using user input to define
examples of relevant content segments [4]). A basic aspect
when creating the abstract is its purpose, which can be
to objectively summarize the content conveying all of the
original message or to deliberately bias the viewer (e.g., when
creating a movie trailer, cf. [5]). In our case the purpose is
to maximize the amount of information contained in the
abstract.

Somewhat related to the purpose is the context of the
abstract, which may be undefined and independent of the
initial input of the user (e.g., when a user starts browsing),
it can be defined by user input, or it can be predefined,
for example, when abstracts are used for representing search
results and the user’s query is known [6]. Domain knowledge
also contributes to the definition of the context, as it helps
defining the relevance of content segments. Most video
abstraction approaches for sports broadcasts exploit this
knowledge (e.g., goal scenes in soccer games are relevant).
The context in film and TV postproduction is given by the
current production a user is working on. However, while this
context is possibly defined in scripts and storyboards, it is
not formalized in a way that is directly usable by content
management tools.

A number of aspects are related to the media type of the
content to be extracted. The dimension of the content may
be a single media item (e.g., one video) or a collection of
items (an example for the visualization of a content set is
presented in [7]). In the latter case all items may be of the
same or of different types (e.g., a mixed collection of still
images and videos). The media type also determines whether
the content set has a defined order. For example, a video or
audio stream has an intrinsic temporal order, which is often
kept in the abstract. In our case the dimension is given by the
set of content related to a certain production, which is often
30 times or more of the duration of the final content.

One of the most important aspects is the content
structure. In [8] the authors discriminate scripted (such
as movies) from unscripted content (such as sports video,
surveillance video, home videos). Of course, the boundaries
between the two are very fuzzy. Another dimension of
structure is edited versus unedited content. While some
content is not intended to be edited (e.g., surveillance video),
there exist rushes for both scripted and unscripted content.
For edited scripted content the abstraction algorithm can
attempt to detect and use the structure of the content (such
as dialogs [5]), while for unscripted (and especially also
unedited) content other approaches are required (e.g., [9]).
Content structure does not only exist on the level of the
single media item, but also on the level of the collection in
the case of multiitem abstracts. In some cases the collection
has a “macrostructure”, such as a set of rushes produced
according to a script. The content encountered in our use
case is typically unedited, but depending on the production
it can be structured or unstructured.

There is a big variety of approaches for the presenta-
tion of abstracts. It can be interactive or non-interactive,
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sequential or hierarchical, and different media types and
visualizations can be used. Typical ways of presentation are
static visualizations of representative frames (using different
visualizations such as story boards or comic book style
[10]), hierarchical static or navigatable visualizations of
representative frames (e.g., [11]) and video skims [12]. One
aspect related to presentation is whether the abstraction
system is distributed. Web-based browsing of video content
has already been considered in early work on video retrieval
(e.g., [13]). However, most of this work deals with browsing
abstract of single video items as collections of video content
were rarely accessible on the Web. In [14] authors propose
search and browsing interfaces for the Open Video archive.
Due to the fact that flexibility and interactivity of Web
applications has been quite limited, most of these approaches
are limited to static or animated key frames. Only recently
it has become possible to provide the functionality available
in many desktop applications for video browsing also on the
Web.

Unified frameworks for multimedia content abstraction
have been proposed, mostly to integrate content abstraction
and retrieval (e.g., [8, 15]), but they are often limited to some
types of media (e.g., only video), to only scripted or only
unscripted content, or they only support certain presentation
forms (such as skims [16]).

2.2. Process Model. In [3] we have proposed a multimedia
content abstraction process that supports the creation of
content abstractions independent of many of the aspects
discussed in Section 2.1, that is, media type, context, pre-
sentation (interactive and noninteractive) and visualization,
extending the generic five step process for video skim-
ming and four step process in clustering-based approaches
described in [2]. In the following, we briefly review the
definition of the process and relate it to our video browsing
use case.

Design. The first stage deals with the conceptualization of
the content abstraction and makes basic decisions about its
purpose and form. If the work is done manually, this involves
a creative intervention by the user. If it is done automatically,
many of these decisions may have been already taken by
the developer of the application, and they are hard-wired or
depend on the application’s state and context. In the case of
interactive video browsing for post-production, many design
decisions of the abstract are taken when developing the
application. The user just has control over some presentation
aspects.

Clustering. In this stage, similarities within the content
set are found and content segments that are related in
terms of some feature are grouped. If selection has been
performed before, the selected subset of content segments
is used as an input, otherwise clustering is performed on
the whole content set. Clustering is a key step in content
abstraction, as it is crucial for the reduction of redundancy.
The clustering step in the interactive video browsing tool

is specific to the feature the user has selected for clus-
tering, and each clustering step uses one feature. Content
clustering and selection steps are repeated iteratively in this
case.

Selection. This step selects relevant segments or groups of
segments according to a defined set of criteria. If these criteria
have been specified by the user or are known from the appli-
cation context, the selection step can be performed before
clustering (e.g., sports highlights extraction). In other cases,
the selection step is performed after clustering, selecting
relevant clusters instead of segments. In many automatic
content abstraction processes the selection criteria are a
result of clustering, for example, outliers such as unusual
events in the content are found relevant to be included in
the abstract (e.g., when summarizing surveillance video).
The selection of content for interactive video browsing has
two aspects: The decisions which kind of content to keep
and which to discard are made by the user’s interactions.
The selection of representative content to visualize subsets of
the content depend on automatic content analysis (e.g., key
frame extraction) and feature specific algorithms.

Presentation. In order to visualize and/or auralize the
selected groups of content segments, either new media
items are created (e.g., mosaics of a shot [17], plots of a
data space, time lines) or representative segments are used
(e.g., representative frames for a set of video segments, a
short clip). The media items representing groups of content
segments are organized according to the layout of the
presentation, forming a new multimedia document. The
presentation in our interactive video browsing tool is a light
table representation of selected key frames. The key frames
can be kept in their original order or ordered by a feature
value.

Consumption. If the result of the content abstraction is non-
interactive (e.g., video skim, movie trailer), the consumption
step only consists of viewing the document (and possibly
navigation using the player controls). In the interactive case,
such as in video browsing, the user selects a subset of the con-
tent segments and maybe also changes further parameters,
thus altering the input for selection and clustering. The result
of re-running the creation process is an updated presentation
that better suits the user’s needs and interests.

The basic workflow in the browsing tool, shown in
Figure 1, is as follows: the user starts from the complete
content set. By selecting one of the available features the
content will be clustered according to this feature. Depending
on the current size of the content set, a fraction of the
segments (mostly a few percent or even less) is selected to
represent a cluster. The user can then decide to select a subset
of clusters that seems to be relevant and discard the others,
or repeat clustering on the current content set using another
feature. In the first case, the reduced content set is the input
to the clustering step in the next iteration. The user can select
relevant items at any time and drag them into the result list.
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Figure 1: The basic workflow of the video browsing tool.

3. Implementing the Abstraction Process for
Interactive Video Browsing

From the user’s point of view, the basic difference between
content browsing and search and retrieval is the limited
need to know how to formulate a query and about what
to expect from the content set. Thus, the content browsing
tool must support the user in building a query step by step,
by trying to add new restrictions and reducing the content
set when applying the chain of restrictions built up so far
(cf. the ostensive model of developing information needs
[18]).

3.1. Process. The three core steps of the abstraction process,
that is, selection, clustering and presentation, can be
mapped to components in the software framework in a
straight forward fashion. This is more difficult for the first
(design) and last (consumption) step, as they are much
more dependent on the specific application. In addition to
the conceptual phases of the process described above there is
the technical need for a preprocessing phase in the software
implementation of the abstraction process. This step ingests
material into the system, performs the required content
analysis and annotation and prepares the data structures
(e.g., indices) that are required by the following selection
and clustering operations. The preprocessing phase is directly
influenced by the design step of the process, as the decisions
taken there determine the features and annotations needed
and thus the content analysis operations that have to be
performed. In the case of interactive video browsing, the
selection and clustering steps are executed iteratively. In the
presentation step the selection of representative media items
or the creation of a visualization of a segment depends on
the feature and is also tied to the clustering and selection
approaches. The rest of the presentation step, as well as the
consumption step, are implemented in the user interface
components.

3.2. Components. This section describes the manifestation of
the functionalities of the framework in software components.
The framework defines interfaces for all these components.
The feature specific components are implemented as plug-
ins, allowing to easily add new features or change the
implementation for a certain feature. Figure 2 shows the
components of the framework.

The metadata repository is a transversal component
for storing metadata and links to data throughout all
steps of the process. The indexing service ingests content
descriptions and builds additional efficient index structures.
The summarizer, together with its plugins, implements the
selection and clustering steps of the process for the different
features.

The content analysis tools performing the actual feature
extraction and producing the MPEG-7 descriptions that are
imported by the indexing service as well as the features
which are extracted are described in Section 4. The user
interface components implementing the presentation step of
the process are described in detail in Section 5.

3.2.1. Metadata Repository. The metadata repository is a
basic infrastructure component for managing the media
items under control of the video browsing application.
Essence and derived essence created by automatic content
analysis (such as for example representative frames) are
stored in the file system. The complete metadata descriptions
are stored as MPEG-7 documents in the file system as well.
In addition, more efficiently searchable index structures are
kept for those metadata items that are needed for clustering
and selection. They are kept in a relational database. We
currently use SQLite (http://www.sqlite.org), but if necessary,
a more powerful database system could be integrated instead.

3.2.2. Indexing Service. The indexing service is responsible
for ingest of content into the abstraction system. It does
not perform content analysis itself, as legacy metadata or
manual annotations might be available. The input to the
indexing service are MPEG-7 descriptions conforming to
the Detailed Audiovisual Profile [19]. The service watches
a directory for new MPEG-7 descriptions or is triggered
by a web service call. The indexing service processes the
metadata descriptions and fills the index data structures. The
core implementation of the service just performs feature-
independent tasks such as registering new content, while
plug-ins are invoked for all other tasks.

Feature specific indexing is performed by a set of
indexing plug-ins. The plug-ins extract the features related
information from the MPEG-7 documents and create the
necessary database and/or index structure entries. A plug-
in will also create additional tables in the database or index
structures if they are not yet there (i.e., if the plug-in for
the feature has not been used before). This increases the
flexibility of the framework, as new indexing plug-ins can
be easily registered with the indexing service and will be
used for all further incoming documents. In order to speed
up clustering in the summarizer, the indexer plug-ins for
some features also create and update additional information
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Figure 2: The components of the framework for video browsing.

such as a table of mutual similarities of descriptors in the
documents indexed so far.

3.2.3. Summarizer. The summarizer is the component han-
dling clustering, filtering and selection of representative
media items. It accesses the data structures created and
filled by the indexing service and has a generic interface
towards the presentation layer in order to allow the use
of different visualization and interaction paradigms. The
functionality of the core implementation of the summarizer
is mainly that of a broker, as—like in the indexing service—
all feature-specific tasks are delegated to a set of plug-ins.
The summarizer has a state that is defined by the current
data set and its cluster structure. It also keeps a history of
the clustering and selection operations carried out so far,
as well as their parameters. This allows implementing undo
and redo functionality in interactive applications, as well as
storing the users’ browsing trails in order to improve the
clustering and selection algorithms.

Each plug-in provides the following functionality for one
feature: the clustering algorithm and optionally algorithms
for selecting a subset of the current data and for select-
ing/creating representative media items for a data set. The
framework defines interfaces for all three types of algorithms.
For the two latter ones, simple feature-independent default
implementations are provided by the framework, but a plug-
in can override them. It is possible to provide multiple plug-
ins for one feature, for example, to experiment with different
clustering algorithms.

3.2.4. Presentation Components. There are two implementa-
tions of the presentation components: a desktop application
and a Web application. In the desktop application, the
user interface (described in Section 5) is directly linked
to the summarizer. Figure 3 illustrates the architecture of
the Web application. The summarizer libraries offer their
functionality to the Web-based version as Web services using
gSoap (http://gsoap2.sourceforge.net). The Web-based video
browsing tool is a Java Web application built with the
Google Web Toolkit (http://code.google.com/webtoolkit/)
and deployed in the servlet container Apache Tomcat
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JAX-WSgSOAP
SOAP

Tomcat
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Summarizer
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Key frames
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Media repository

H
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Figure 3: Architecture of the Web-based video browsing tool.

(http://tomcat.apache.org). To ensure high scalability we
use default capabilities of the servlet container where each
request is handled in a separate thread which can run
on a own core of a processor. The Web service client is
implemented with the Java API for XML Web Services (JAX-
WS) (https://jax-ws.dev.java.net). Over the Web services
cluster information and datasets are retrieved. The key
frame images and videos are loaded directly from the media
repository. The videos are streamed on demand with the
Red5 (http://red5.org) Flash server to the client.

4. Feature Extraction

Feature extraction is performed by a content analysis
framework using a dataflow graph approach [20]. The
feature extraction is performed before ingest by the indexing
service and produces one metadata description per video
conforming to the MPEG-7 Detailed Audiovisual Profile
[19].

First shot boundary detection and representative frame
extraction are performed. The results of this step are used
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as prerequisites for the extraction of other features discussed
below and for visualization. As shot boundaries are natural
limits of the occurrence of most visual features (such
as camera movements, object occurrences), they are an
important prerequisite for further visual feature extraction
algorithms. For each shot, a number of representative
frames is selected. The selection of representative frame
positions is based on the visual activity in the mate-
rial, that is, the more object and/or camera motion, the
shorter the time interval between two representative frame
positions.

Based on the shot structure the features described below
are extracted. This are the features that are available for
clustering in the browsing tool. Each of the subsections also
describes the clustering algorithms that are used for the
feature.

The content analysis tools support distributing content
analysis tasks across different cores or machines in order to
increase the throughput of the system. For the features listed
below, the total processing takes about six times longer than
realtime.

4.1. Camera Motion. The use of camera motion as a
browsing feature is twofold: it is often used to guide the user’s
attention and express relevance of certain parts of the scene,
for example, zooming on an object or person is an indicator
of relevance, and in field sports, pans indicate the direction
of the game. Secondly, it is an important selection criterion
during editing, as visual grammar imposes constraints on the
camera motion of sequences to be combined. The extraction
algorithm (described in detail in [21]) is based on feature
tracking, which is a compromise between spatially detailed
motion description and runtime performance. The feature
trajectories are then clustered by similarity in terms of a
motion model and the cluster representing the global motion
is selected. Camera motion is described on a sub-shot level.
A new camera motion segment is created, when there is
a significant change of the camera motion pattern (e.g., a
pan stops, a zoom starts in addition to a tilt). For each of
these segments, the types of motion present and a roughly
quantized amount of motion are described.

We have implemented two clustering algorithms for
camera motion. The first creates a fixed number of clusters,
one for each type of camera motion (pan left, pan right,
tilt up, tilt down, zoom in, zoom out, static). A camera
motion segment is assigned to a cluster, if that type of camera
motion is present in the segment, for example, if a segment
contains a pan left and a zoom in, it is assigned to both
clusters. The second clustering method tries to better model
the actual data. Using the amounts of each type of motion,
each camera motion segment is described by a vector in a
three-dimensional feature space. The feature vectors are then
clustered using the Mean Shift algorithm [22]. The algorithm
determines the number of clusters and assigns each camera
motion segment to one of them. Depending on the data, the
clusters contain single camera motions or combinations and
a textual label for the cluster is created (e.g., “moderate pan
and strong zoom”).

4.2. Visual Activity. Visual activity is a measure of the
dynamics in a scene. Together with camera motion infor-
mation, it is a measure for the local motion in a scene and
can thus be used to discriminate quiet scenes from those
with object motion. In this application we just measure the
amplitude of visual change. The list of amplitude values
is then median filtered to be robust against short term
distortions and split into homogeneous segments. Each of
these sub-shot segments is described by its average activity
value. Clustering is performed using the k-means algorithm.

4.3. Audio Volume. Audio volume can for example be used
to discriminate shots without any sound, calm shots of
inanimate objects, interviews with a constant volume level
and loud outdoor shots in city streets. As no content-
based audio segmentation is available in the system, we use
segments of a fixed length of 30 seconds. A list of audio
volume samples is extracted for each of these segments by
calculating the average volume of a 0.5 seconds time window.
The list is then median filtered to be robust against short term
distortions and split into homogeneous segments. Each of
these sub-segments is described by its average volume value.
Clustering is performed using the k-means algorithm.

4.4. Face Occurrence. The occurrence of faces is a salient
feature in video content, as it allows inferring the presence
of humans in the scene. The size of a face is also a hint
for the role of the person, that is, a large face indicates
that this person is in the center of attention. Our extractor
is based on the face detection algorithm from OpenCV
(http://opencvlibrary.sourceforge.net). In order to make the
description more reliable and to eliminate false positives,
which mostly occur for a single or a few frames, we only
accept face occurrences that are stable over a longer time
(we use a time window of about a second to check this).
As a result we get a continuous segmentation into sub-shot
segments with and without faces. There is no need for a
specific clustering algorithm, as there are only two groups of
segments (face and nonface).

4.5. Global Color Similarity. Global color similarity allows to
group shots that depict visually similar content, for example,
several takes of the same scene or different shots taken at
the same location (if the foreground objects are not too
dominant). To describe the color properties of a shot, the
MPEG-7 ColorLayout descriptor [23] is extracted from each
representative frame. The ColorLayout descriptor has the
advantage of also taking the spatial color distribution of
the image into account. In order to reduce the number
of color descriptors to be processed, similar descriptors
extracted from representative frames of the same shot
are eliminated. Then the pair-wise similarities between all
remaining descriptors of the content set are calculated and
stored in a matrix. The similarity matrix is used as input
for hierarchical clustering using the single linkage algorithm
[24]. The cutoff value for the resulting tree is determined
from the desired number of clusters.
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4.6. Repeated Takes. In film and video production usually
large amounts of raw material are shot and only a small
fraction of this material is used in the final edited content.
The reason for shooting that amount of material is that the
same scene is often taken from different camera positions
and several alternative takes for each of them are recorded,
partly because of mistakes of the actors or technical failures,
partly to experiment with different artistic options. The
action performed in each of these takes is similar, but
not identical, for example, has omissions and insertions,
or object and actor positions and trajectories are slightly
different. Identifying the takes belonging to the same scene
and grouping them can thus significantly increase the
efficiency of the work.

We use the approach proposed in [25] to identify
repeated takes of the same scene. This algorithm uses
a variant of the Longest Common Subsequence (LCSS)
measure on a sequence of visual activity samples and color
and texture features of regularly samples key frames to
identify takes of the same scene. The detection results are
described in the MPEG-7 document.

4.7. Multiple Views. Recently the production of multi-view
video content is of growing importance, mainly driven
by stereoscopic cinema. 3D television is also an emerging
application area. For multi-view content the relation of clips
between views is stored in the metadata description. In
addition, key frames need to be extracted synchronously
from all views. If necessary, the clips from different views can
be automatically temporally aligned, using the method for
repeated take detection [25] with a different parameteriza-
tion.

The component that implements most of the support
for multiview content is the indexing service. In addition
plug-ins for handling multiview specific metadata have been
added to the indexing service and the summarizer. The
indexing service adds information about the relation of the
streams to the database. Stream-specific metadata can be
supported by the same indexing service plug-ins that handle
single view content, while a new plug-in has been developed
handling cross-stream metadata.

5. User Interfaces

The user interfaces of the desktop (Figure 4) and Web-
based (Figure 5) version of the video browsing tool have
been designed to be as similar as possible. As illustrated in
these figures, the central component of the browsing tool’s
user interface is a light table (5). The light table shows the
current content set and cluster structure using a number of
representative frames for each of the clusters. The clusters are
visualized by colored areas around the images. By clicking
on an image in the light table view, a video player (a Flash
video player in the case of the Web-based version) is opened
and plays the segment of the video that is represented by that
image. The workflow in the browsing tool is as follows: the
user starts with selecting a dataset (1). By selecting one of the
available features (2) the content will be clustered according

to this feature (e.g., camera motion, visual activity, faces, or
global color similarity). Depending on the current size of the
content set, a fraction of the segments (mostly a few percent
or even less) is selected to represent a cluster. The user can
then decide to select a subset of clusters that seems to be
relevant and discard the others (3), or repeat clustering on
the current content set using another feature (2). In the first
case, the reduced content set is the input to the clustering
step in the next iteration. The cluster selection and the size
adjustment of key frames are visualized differently in the
desktop and Web-based versions. The clustered segments can
be ordered by original temporal order or by the feature value.

On the left side of the application window the history
(6) and the result list (7) are displayed. The history window
automatically records all clustering and selection actions
done by the user. By clicking on one of the entries in
the history, the user can set the state of the summarizer
(i.e., the content set) back to this point. The user can
then choose to discard the subsequent steps and use other
cluster/selection operations, or—in the desktop version—
to branch the browsing path and explore the content using
alternative cluster features. The result list (7) can be used to
memorize video segments and to extract segments of videos
for further video editing, for example, as edit decision list
(EDL). The user can drag relevant key frames into the result
list at any time, thus adding the corresponding segment of
the content to it. The size of the images in the light table view
can be changed dynamically (4) so that the user can choose
between the level of detail and the number of visible images
without scrolling.

In the desktop application, the temporal context of a key
frame is shown by a time line of temporally adjacent key
frames that is shown when the user moves the mouse over
a frame. Figure 6 shows such as example in a view that is
clustered by repeated takes of a scene.

In case of multiview content, the browsing tool allows
clustering content by the view it originates from or by a scene
shot from multiple views. The same features are also available
for contextual similarity search on any of the results shown in
the tool. Figure 7 shows an example of clustering multi-view
content by the camera from which it has been shot, using
synchronously extracted key frames from the views.

6. Evaluation

The evaluation of video browsing tools is still an open issue,
with different evaluation approaches proposed in literature.
In [26], we have reviewed approaches in the literature
and compared different evaluation methods. Here we apply
different of these methods to the desktop and Web-based
version of the video browsing tool and compare their results
for our video browsing tool.

6.1. Research Questions. Given the fact that there is no estab-
lished method for the evaluation of multimedia browsing we
have chosen to apply both TRECVID [27] style approaches as
well as a survey taking the user experience into account and
intend to compare their results. The retrieval tasks contain
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Figure 4: Screenshot of the video browsing tool desktop application.

Figure 5: Screenshot of the Web-based video browsing tool.
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Figure 6: Screenshot of the video browsing tool: repeated takes. The images in the bottom row show the temporal context of the key frame
under the mouse cursor.

Figure 7: Screenshot of the video browsing tool: multi-view content.



10 International Journal of Digital Multimedia Broadcasting

a well defined need for video clips (motivated by scenarios in
film and TV post-production), the question answering tasks
are more goal oriented, leaving the description of the needed
video clips more fuzzy. We designed corresponding pairs of
retrieval and question answering tasks that target the same
content sets. The survey asks about the experiences of the
users when completing the two types of tasks. The retrieval
and question answering tasks as well as the questionnaires are
available at http://semedia.joanneum.at/.

In particular, we want to answer the following questions.

(i) Do different user groups achieve different results?

(ii) Is there a correlation between the results of the
retrieval and question answering tasks and the assess-
ment of the users in the post-task questions of the
survey? We want to know whether the results from
the different approaches yield similar or complemen-
tary results.

(iii) Can the post-task questions of the survey be
answered independently? Surveys aim at giving a
more holistic picture of the user experience. We
are thus interested whether the questions asking
about different aspects of the tool can be treated
independently.

(iv) Is there a learning effect? Is it evident in the task
results that users achieve better results when using the
tool for some time, and does that correspond to the
user’s experience as expressed in the survey?

(v) Do users achieve a higher precision score when
viewing the video before selecting a segment?

(vi) Is there a difference in the results achieved when
using the desktop and Web-based version of the
browsing tool?

The experiments to answer the first five questions are
conducted with the desktop version of the browsing tool and
the last question was evaluated with the Web version of the
browsing tool.

6.2. Materials and Procedure. The survey is independent of
the data set used. For the retrieval and question answering
tasks two data sets are used. The TRECVID BBC Rushes
2006 data set is the one used in the TRECVID 2006 rushes
exploitation task and consists of about 25 hours of rushes of
travel documentaries (in French). The SEMEDIA data set is
a part of the data collected by BBC (http://www.bbc.co.uk)
and CCMA (http://www.ccma.cat) in the context of the
SEMEDIA project (http://www.semedia.org) and consists of
about 10 hours of edited news stories and complete news,
sports and talk show programs (in English and Catalan).

There are slight differences in the evaluation procedure
of the desktop application and the Web-based application.
Therefore, we refer subsequently to desktop evaluation and
Web evaluation to describe the differences.

6.2.1. Retrieval Tasks. Each of the retrieval tasks consists of a
one line description of the synopsis of a video segment. The

task is to use the browsing tool to locate all segments that
match the given textual description. The results are collected
in the result list of the browsing tool and saved at the end
of the task. The result lists are then matched against a list
of ground truth segments created before. The ground truth
has been created based on the agreement of annotations from
two annotators.

The retrieval tasks for the TRECVID BBC Rushes 2006
data set are the same as in the evaluation for the TRECVID
2006 rushes exploitation task described in [28], results can
thus be compared.

6.2.2. Question Answering Tasks. The question answering
tasks are only done in the evaluation of the desktop
application. Each question answering task is a multiple
choice question with six statements of which one or more are
true. The question is a description of a scene, where each of
the options is a statement about the scene. The questions are
chosen so that they share the set of relevant video segments
with a corresponding retrieval task.

For example, retrieval task 5 is Find segments showing a
football player scoring a goal. The corresponding question is

Question 5: A football player scoring a goal . . .

(a) wears a green shirt,

(b) does so from a penalty,

(c) is shown in close up,

(d) is shown cheering at the sideline,

(e) wears a white shirt,

(f) is shown from the camera behind the goal.

6.2.3. Survey. The survey consists of three questionnaires:
The pre-test questionnaire is completed once for each
individual user who takes part in the evaluation after they
are trained in the use of the browsing tool. The post-
task questionnaire is completed after each task that each
user finishes during the experiment. The questions of the
post-task questionnaire are listed in Table 1. The post-
test questionnaire is completed once for each participant
after completing the last task. The questionnaire is largely
based on the one used for the TRECVID 2004 interactive
search task [29]. Some questions that were too specific to
retrieval systems have been discarded and two questions
specific to video browsing have been added to the post-test
questionnaire.

6.2.4. Procedure. The evaluation session starts with an
introduction of the browsing tool and an explanation of the
evaluation procedure. Then the users have 10 minutes time
for getting accustomed to using the browsing tool. Before
starting to work on the tasks the users complete the pre-test
part of the survey.

One evaluation session consists of a sequence of 4
retrieval tasks or a sequence of 4 question-answering tasks.
The participants are evenly divided into 4 groups with
varying assignment of task types and data sets in order to
avoid an effect of the order on the results. In the evaluation
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Table 1: Questions of the post-task questionnaire. Possible answers for each of the questions are: not at all, a little, fairly, quite a bit, very
much.

TVB1 I was familiar with the topic of the query.

TVB3 I found that it was easy to find clips that are relevant.

TVB4 For this topic I had enough time to find enough clips.

TVB5 For this particular topic the tool interface allowed me to do browsing efficiently.

TVB6 For this particular topic I was satisfied with the results of the browsing.

of the Web-based version only retrieval tasks have been used.
The working time for one task is 10 minutes including the
time to complete the post-task questionnaire for each task.
The users are allowed to ask staff for technical support about
the use of the tool during the evaluation.

After the 4 tasks the users complete the posttest part of
the survey. The total time for the session is thus about 60
minutes. Users can choose to do one or two sessions. In the
latter case they work on a different type of task and a different
data set in each of the sessions and complete only one pre-
test survey in the first and one post-test survey in the second
session.

6.3. Subjects. Desktop Evaluation: The tests have been per-
formed with 19 users. In the pre-test part of the survey we
have collected information about the subjects. According to
the frequency the users use digital video retrieval systems, we
introduced two groups: The first group consists of 11 subjects
who never or rarely use digital video retrieval systems. The
second group of 8 subjects represents more experienced
users, who use digital video retrieval systems at least once a
day.

Two thirds of the users search the Web or information
systems more than once per day. More than half of the users
were unfamiliar with the tool to be evaluated, only 10% were
fairly or more familiar with it. Two thirds had no or little
knowledge of the data sets used, only 17% were fairly or more
familiar with all of the data.

Web evaluation: The evaluation of the Web-based video
browsing tool has been performed with ten participants
of our institute who are not involved in video browsing
and have not participated in the evaluation of the desktop
application. Only one subject is a little familiar with the
TRECVID 2006 dataset, all others stated that they are not
familiar with any of the datasets used in the evaluation. Eight
of the subjects of this evaluation do not use any digital video
retrieval system. Also eight subjects are not familiar with the
video browsing tool (Web and desktop). Therefore it was not
possible to create two user groups based on the experience of
the users as in the desktop evaluation. Two people stated that
they are a little familiar with the video browsing tool. Four
search the Web very frequently, the others less frequently.

6.4. Results

6.4.1. Different User Groups. As we have two different user
groups (experienced and inexperienced users) we want to
determine whether the results for the groups are different.
We try to reject the null hypothesis that the F1 measures,

defined as F1 = (2 ∗ precision ∗ recall)/(precision + recall),
achieved by the two groups for the retrieval and question
answering tasks have the same mean. For the retrieval tasks
we have 24 samples from the inexperienced users (mean F1
0.26) and 12 from the experienced users (mean F1 0.23).
For the question answering tasks we have 25 samples from
the inexperienced group (mean F1 0.37) and 16 samples
from the experienced user group (mean F1 0.45). We apply
a two-tailed independent two-sample t-test which yields a P-
value of .75 for the retrieval tasks and .48 for the question
answering tasks, both at a significance level of 95%. The
lower value for the question answering task seems to be
mainly due to the lower number of samples. We can thus
not reject the null hypothesis, that is, there are no significant
differences between the two user groups.

6.4.2. Correlation between Methods. In order to compare the
different evaluation approaches we analyze the correlation
between the results. The assumption is that the F1 scores of a
retrieval task and the corresponding question answering task
are correlated, as well as the F1 measures with the answers to
the questions TVB3-6 in the post-task questionnaire of the
respective task (cf. Table 1).

The correlation coefficients between the F1 measures of
the retrieval and question answering tasks are r = −0.45
and ρ = −0.33 (P-value .41). There is a slightly negative
correlation between the results but no significant one. A
t-test also shows at a significance level of 0.0001 that the
two distributions have different means. We can conclude
that retrieval and question answering tasks are not directly
comparable, even if the users need a very similar result set to
answer each of them.

A possible reason for the differences in results could
be the imbalance in precision and recall. In the retrieval
tasks, recall is typically lower than precision. Although users
do not collect a result set in the question answering task,
it can theoretically be seen as consisting of a retrieval
task (collecting all necessary material) and an analysis of
the collected material to answer the question. Low recall
rates would of course decrease the ability to answer the
question correctly. Another reason for the difference could
be that users approach retrieval tasks (“collecting data”) and
question answering tasks (“fact finding”) in a very different
way.

Table 2 shows the correlation between the task results
(again F1 measures) and the answers to the post-task
questions of the respective task. The retrieval results are only
correlated with question TVB6 at a significance level of 0.10,
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that is, the user’s satisfaction with the browsing result is
positively correlated with the actual retrieval performance.

There is also only one strong correlation for the question
answering task. The F1 measure is correlated with question
TVB4 at a significance level of 0.10. But this is a negative
correlation, that is, the users scored worse on the question
answering tasks for which they felt to have more time.
A possible explanation is that users feel stressed in cases
where they encounter many video segments that match the
query but think they have more time than when they only
encounter few relevant ones.

6.4.3. Independence of Post-Task Questions. After each
retrieval or question answering task the users answer the
questions listed in Table 1. The correlation among the
questions is shown in Table 3. There is a strong correlation
among the questions TVB3, TVB4, TVB5 and TVB6, that can
be accepted at a significance level of 0.10, in two cases even
at a level of 0.01. These results show that it is difficult for
the user to judge certain aspects separately (e.g., whether the
tool was helpful in this case). Instead a general impression of
the browsing experience is rated, including the satisfaction
with the tool and with the results and the impression to have
sufficient time.

The familiarity with the topic is not or only very weakly
correlated with the other aspects. There is only a correlation
with the perceived easiness of the task (ρ = 0.67 at significance
level 0.10), that is, the task seems easier for users who
are familiar with the topic. However, they do not feel that
they have more time or achieve more satisfying results than
others.

6.4.4. Learning Effect. We analyze this by looking for trends
in the results achieved for the 4 tasks done in one session.
As we have four different sequences of tasks, two different
data sets and the tasks are done in different order by different
users, the difficulty of individual tasks does not influence the
trend. Figure 8 shows the scores of the post-task questions
for the first through fourth task done by the participants. As
expected, some of the measures (such as the familiarity with
the search topic) do not show a clear pattern, but some seem
to have a trend. If we fit a linear trend function to the data we
get a clear trend for two of the questions: TVB4 (sufficient
time, slope 0.22) and TVB6 (satisfaction with results, slope
0.19). The longer users work with the tool the higher is their
satisfaction with the results and they perceive the working
time as more sufficient.

The question is whether this trend can also be measured
in the task results. When fitting a trend function to the
results of the question answering tasks, we get slopes of
−0.06 for precision and −0.04 for recall, that is, no clear
trend can be seen, especially not a positive trend as in the
survey answers. For the retrieval tasks the trend function for
precision has a slope of 0.12 and that for recall of 0.01. The
user’s perception is supported by the precision values of the
retrieval task, although the increase is not as strong as in the
survey answers. The fact that the satisfaction is more related
to precision than to recall can be explained as follows. The

users know only about the video segments they have found,
that is, not about the correct ones not found that would be
measured by recall. Thus the perceived quality of the results
depends on how well the segments in the result set match the
query, which correlates with precision.

6.4.5. Higher Precision Score When Viewing the Video. Users
have the option to view a video segment in the player before
or after selecting it or to just drag the corresponding key
frame to the result list without viewing the video. We can
expect that viewing the video serves as a validation and thus
the precision should be higher in cases where the video player
has been used. Thus we try to reject the null hypothesis
that the distribution of precision achieved without using the
video player has a higher mean than that with using the
video player. We have 46 samples, for 20 (44%) the video
player has been used, the means are μwithplayer = 0.58 and
μwithoutplayer = 0.49. We apply a independent two-sample t-
test which yields a P-value of .25 for the one-tailed test, that
is, we cannot reject the null hypothesis. It seems that users
use the video player in cases where they are unsure while
they add segments for which they are sure without using
the player. Thus the precision for the segments added after
viewing them is not significantly better.

6.4.6. Web Tool Evaluation. To determine whether the results
of the retrieval tasks of the Web-based application and
the desktop application are different, we have evaluated
the series of measurements with two-tailed two-sample t-
tests assuming different variances. We try to reject the null
hypothesis in each test that the means of precision and recall
of the Web and the desktop version are identical.

The first test (see also Table 4) consists of 38 samples of
the Web evaluation and 34 samples of the desktop evaluation
(users from our institute’s staff). We get a P-value for the
precision of .036 and a P-value for the recall of .222, both
at a significance level of 0.05. Thus we can reject the null
hypothesis for the precision, which means the results of the
Web-based application are worse in contrast to the desktop
application for this user group. On the other hand we cannot
reject the null hypothesis for the recall values, which means
there is no overall significant difference in this test setup.

The second test (see also Table 5) consists of 20 samples
of the Web evaluation and 20 samples of the desktop
evaluation (users from the SEMEDIA project). We get a P-
value for the precision of .526 and a P-value for the recall
of .387, both at a significance level of 0.05. This means we
cannot reject the null hypothesis for both tests, that is, there
are no significant differences of the Web-based application
and the desktop application with this user group.

Figure 9 shows the scores of the post-task questions for
the first through fourth task done by the participants at the
Web evaluation. Only the satisfaction (TVB6) shows a slope
of −0.1. This is in contrast to the desktop version where the
users were more satisfied over the tasks (slope 0.19). All other
questions (TVB1–TVB5) of this test do not show a clear
pattern.
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Table 2: Correlation between F1 measures of retrieval (R) and question answering (Q) task results and the post-task questionnaire (r denotes
Pearson’s product-moment correlation coefficient, ρ denotes Spearman’s rank correlation coefficient and P the associated P-value).

TVB1 TVB3 TVB4 TVB5 TVB6

R (F1)
r −0.06 0.27 0.33 0.42 0.62

ρ −0.05 0.21 0.36 0.40 0.71

P .91 .61 .38 .33 .05

Q (F1)
r 0.23 −0.46 −0.80 −0.40 −0.46

ρ 0.33 −0.41 −0.68 −0.16 −0.15

P .42 .31 .06 .70 .73
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Figure 8: Results of the post-task question after each task done by the user using the desktop version.

Figure 10 illustrates the cumulated and normalized num-
ber of found items in the result list of all users during the
working time. Remarkable are the tasks 1 and 6 which have
both an approximating concave curve. At one third of the
working time the users had about the half of the items in
the result list and at the half of the working time about 70%
of the items were in the result list. Furthermore, the users
achieved the best results on these tasks (task 1: precision, 0.56
recall 0.30; task 6: precision, 0.65 recall 0.20).

6.4.7. Post-Test Questionnaire and User Feedback. In the post-
test questionnaire we have collected information about the
video browsing tool and general free text feedback of the
users.

Desktop Evaluation. The half of the users stated that the
response time was “fairly fast” and one third of the users are
the opinion that it is “quite fast”. The responses to “Learning
how to use the system was easy” are as follows: not at all 4%,
a little 17%, fairly 42%, quite a bit 21% and very much 13%.
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Figure 9: Results of the post-task question after each task done by the user using the Web-based version.

50% of the users answered that the system interface allowed
to do the tasks efficiently is a little help, 42% answered that it
is a fairly good help.

Web Evaluation. 40% of the Web users stated that the
systems response time is “little fast”, one third of the users
choose “not fast at all” and the last third are the opinion that
the system responds “fairly”. The half of the users answered
that it is quite easy to learn how to use the system. In
contrast to the desktop version, 50% of the Web users are the
opinion that the system interface “quite a bit” allows to do
the retrieveal task, the other answers are: fairly 20%, a little
20% and not at all 10%.

According to the free text feedback of the users, the most
annoying things of both versions are performance issues
and that the cluster features sometimes produce not correct
results (each 11 out of 46 answers), but 7 out of 43 answers
about what users liked best of the system mention the
clustering features. In 4 out of 43 answers the users wished

additional features for clustering. Furthermore, 11 out of 43
answered that the interface is easy to use. Also 4 answers
were about to display more metadata and information about
videos, clusters and key frames.

7. Conclusion

Multimedia content abstraction approaches such as browsing
applications and video summaries are of growing impor-
tance for dealing with multimedia collections. They are
complementary to search and retrieval approaches and focus
on problems where the formulation of a query is difficult due
to the available metadata and/or the user’s knowledge of the
content set.

We have proposed a software implementation of a
process model for multimedia content abstraction for a video
browsing tool targeted at application in post-production.
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Table 3: Correlation among questions of the post-task question-
naire (r denotes Pearson’s product-moment correlation coefficient,
ρ denotes Spearman’s rank correlation coefficient and P the
associated P-value). The questions TVB1 through TVB6 are listed
in Table 1.

TVB3 TVB4 TVB5 TVB6

TVB1
r 0.33 0.27 0.43 0.36

ρ 0.67 0.50 0.54 0.33

P .07 .20 .17 0.43

TVB3
r 0.90 0.86 0.86

ρ 0.86 0.86 0.64

P .01 .01 .08

TVB4
r 0.67 0.81

ρ 0.64 0.74

P .09 .03

TVB5
r 0.84

ρ 0.67

P .07

Table 4: Results of the comparison of precision (p) and recall (r) of
the Web-based application and the desktop application using a two-
tailed two-sample t-test assuming different variances, significance
level 0.05.

Web Evaluation Desktop Evaluation
(institute members)

p r p r

Samples 38 38 34 34

Mean 0.342 0.156 0.525 0.206

Variance 0.11 0.026 0.148 0.032

P-value .036 .222

Table 5: Results of the comparison of precision (p) and recall (r) of
the Web-based application and the desktop application using a two-
tailed two-sample t-test assuming different variances, significance
level 0.05.

Web Evaluation Desktop Evaluation
(SEMEDIA partners)

p r p r

Samples 20 20 20 20

Mean 0.349 0.2 0.423 0.275

Variance 0.114 0.031 0.146 0.115

P-value .526 .387

The browsing tool is an interactive application that allows
to perform iterative clustering and selection in order to
filter the content down to a manageable set of relevant
items. Clustering can be performed using the features camera
motion, visual activity, audio volume, face occurrences,
global color similarity, repeated takes and relations in multi-
view content. A number of representative frames are used
to visualize a cluster. A desktop and a Web-based imple-
mentation of the client application have been presented.
Concerning scalability, the tool is designed for content sets
in the production workflow, which are expected to be around
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Figure 10: Cumulated and normalized number of items put into
the result list of all users during the working time for the retrieval
task.

100 hours per production. The response times for clustering
on the complete content is not more than a few seconds for
most of the features. Furthermore the increase in runtime
with growing data sets is sublinear, that is, for a data set of
eightfold size the time for clustering increases only by a factor
between 1.3 and 3.9.

We have applied two TRECVID style fact-finding
approaches and a user survey to the evaluation of a video
browsing tool. We have analyzed the correlation between the
results of the different methods, whether different aspects
can be evaluated independently with the survey, if a learning
effect can be measured with the different methods, and have
compared the desktop and Web-based client applications.

In general, the results show (not unexpectedly) that espe-
cially the recall scores are rather low in such an application.
This is definitely an issue that needs to be addressed in future
work in video browsing.

We are also interested in comparing the different
evaluation approaches for video browsing tools. We can
conclude that the retrieval task correlates better with the
user experience according to the survey than the question
answering tasks. As retrieving relevant content is also closer
to the real-world application of the tool than finding facts
about the content, it seems to be the more appropriate
evaluation method in this case, although it is a costly
method due to the efforts for data set and ground truth
preparation. Thus only retrieval tasks and a survey have been
used for comparing the desktop and then Web-based client
applications.

It turns out that the survey rather measures the general
user experience while different aspects of the usability cannot
be analyzed independently. This means that surveys are
rather suitable for comparing the general usability of tools
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for certain applications than for getting information about
strengths and weaknesses of a certain tool.
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We present an integrated framework on personalized sports video customization, which addresses three research issues: semantic
video annotation, personalized video retrieval and summarization, and system adaptation. Sports video annotation serves as the
foundation of the video customization system. To acquire detailed description of video content, external web text is adopted to
align with the related sports video according to their semantic correspondence. Based on the derived semantic annotation, a user-
participant multiconstraint 0/1 Knapsack model is designed to model the personalized video customization, which can unify both
video retrieval and summarization with different fusion parameters. As a measure to make the system adaptive to the particular
user, a social network based system adaptation algorithm is proposed to learn latent user preference implicitly. Both quantitative
and qualitative experiments conducted on twelve broadcast basketball and football videos validate the effectiveness of the proposed
method.

1. Introduction

The proliferation of advanced program production technol-
ogy and multiple TV broadcast channels have contributed to
an amazing growth of sports video content and its increasing
popularity among the public. However, such increasing avail-
ability has not yet been accompanied by an improvement
in its accessibility, which means that audiences can do
nothing but passively watch the whole match edited by studio
professionals once they choose it. Since interesting segments
usually account for a small portion of the whole match; such
passive watching mode not only impairs audiences’ viewing
experience but also wastes their time and money. To solve this
problem, the ability to provide personalized video content in
accordance to the features of individual viewers is of great
importance.

Intuitively, viewers difference first comes through in their
diverse preference towards semantic content where particular
players and events are appearing in the video. For example, a
Beckham’s fan may mainly focus his attention on this football
star than any other players, while an NBA’s audience may
prefer to watch the slam dunk than any other events. To meet

these requirements, the source video has to be analyzed in a
more refined scale and higher semantic level. More precisely,
the video analysis should not merely tag some salient events
with simple concepts, for example, shots in basketball or
fouls in football, but annotate various events with detailed
semantic description, including the involved player(s), event
type(s), and result consequence.

Besides video content personalization, viewers individu-
ality also reflects in their diverse customization modes and
environments. Here, video customization mode regulates the
concrete selection criteria of video segments. For viewers
focusing on the particular player or events, segments that
are semantically consistent to viewers’ interest are better,
while for the viewer interested in a game’s global situation,
segments that can best capture the main body of the match
are more preferable. As for the customization environment,
it denotes multiple constraints during the practical usage, for
example, memory capacity, electrical quantity and transmis-
sion bandwidth, and so forth. All these physical conditions
differ from person to person, and directly affect the final
customization result.
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Video personalization not only lies in customizing
pointed content, but also embodies in system adaptation
to the particular viewer. It is an important function for
an intelligent system that can be made easier to use as
the user continues to use it. User preference learning is an
effective measure to tackle such problem. By analyzing the
explicit or implicit feedbacks given by the user, an intelligent
system can automatically infer the latent user preference and
adaptively adjust its structure or/and parameters for future
more convenient usage.

In this paper, we aim to propose a sports video person-
alization framework, through which users can enjoy refined
video segments containing their favorite semantics from the
lengthy sports match at anytime in anyplace. Both subjective
content preference and objective environment constrains will
be well balanced so that the optimal visual experience can
be brought to the particular viewer. Particularly, we adopt
basketball and football games as our initial sports genres
because they are not only widely adopted study bed but
also globally popular sports, which possess great values in
both research and application. Moreover, since the proposed
framework is generic, we believe that our approach can be
easly extended to other sports domains.

The rest of the paper is organized as follows. Related
work on sports video analysis, retrieval, summarization,
and user preference learning are reviewed in Section 2. The
problem formulation and proposed framework are described
in Section 3. The technical details of sports video annotation,
personalized video customization, and system adaptation are
presented in Sections 4, 5, and 6, respectively. Experimental
results are reported in Section 7. We conclude the paper with
future work in Section 8.

2. Related Work

Extensive research efforts have been devoted to sports video
analysis and application due to their wide viewership and
enormous commercial potential. In this section, we give a
brief review of related work on sports video annotation,
retrieval, summarization, and user preference learning.

2.1. Sports Video Analysis and Annotation. Sports video
analysis and annotation aim at the detection and recognition
of semantic content. Most of the previous work is based on
the audio [1–3], visual [4, 5], and textual [6, 7] features
directly extracted from video content itself. The basic idea
of such methods is to utilize heuristic rules [8] or machine
learning algorithms [9, 10] to infer semantic events from
various low-level [11] or mid-level [12] features. Since sports
video is an integration of various information modalities,
algorithms based on multimodal fusion are more likely
to achieve robust and accurate event detection result than
single-modality methods. For example, audiovisual features
were successfully used to detect events in basketball [13],
soccer [14], cricket [15], and tennis [16]; audiovisual-textual
features were also collaborated in analyzing baseball [17],
cricket [18], and golf [19] matches.

Nevertheless, due to the semantic gap between low-
level features and high-level semantics, the content-based
methods, no matter using single- or multimodality, can only
annotate certain salient events with simple concepts, which
cannot meet viewers’ personalized appetites for specific
players and events. In order to obtain more abundant high-
level semantics, external textual information is introduced
to facilitate video annotation and has achieved encouraging
results. Babaguchi et al. [20] proposed a multimodal strategy
using closed caption for event detection and video indexing.
Xu and Chua [21] raised an integrative approach to align
text events with match phase information to detect multiple
events in soccer video. Xu et al. [22] used web broadcasting
text from sports websites to detect event semantics and
achieved inspiring results.

2.2. Sports Video Retrieval and Summarization. As for the
direct applications of sports video analysis, retrieval and
summarization represent two typical customization modes.
Video retrieval can be regarded as a point query, where
users focus on the particular person or event, while video
summarization can be considered as a plane query, where
users are more concerned about the entire situation of the
match.

For methods using only low-level features, slow-motion
replay portions and various highlight segments are com-
petent candidates for video summarization. In [8], Ekin et
al. summarized soccer video by classifying shot types and
detecting slow-motion replay. In [23, 24], the whole sports
video was divided into a sequence of play/break segments
and highlights were assigned to the play segments for com-
plete sports video summarization. For methods using textual
features, video customization can effectively incorporate user
preference and operate on the semantic level. Fleischman and
Roy [25] proposed an unsupervised sports video retrieval
approach by pairing repeated temporal visual patterns with
associated closed caption text. Babaguchi et al. [26] proposed
a personalized video retrieval and summarization framework
based on the rich semantic description obtained from closed
caption recognition.

Considering various environment limitations in the
practical usage, such as network traffic and device memory,
resource-constraint video customization also received wide
attention from both academy [27, 28] and industry [29].

2.3. System Adaptation. Adaptation is an important mecha-
nism of enabling an information system to provide person-
alized service to the particular user. Through learning user
preference, a personalization system can adaptively adjust its
structure and/or parameters to provide more pointed service.

In previous work, relevance feedback is a representative
approach of explicit user preference learning. The main
idea is using human-computer interaction to directly guide
system adaptation so that it can provide focused service to
the particular user. Zhang et al. [30] designed a relevance
feedback strategy to retrieve suitable sports video clips
to meet user request. By computing both the semantic
and visual consistency of selected video segments, users’
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personalized preference can be properly quantified and
satisfied. Amir et al. [31] proposed a mutual relevance
feedback method for multimodal query formulation in video
retrieval. Based on the relevant shots marked by the user,
the system can automatically identify useful search terms to
refine the retrieval result.

Due to the time-consuming interactions in explicit
feedback, implicit feedback is utilized to make the system
adaptive to the user with less interruption. User profile
analysis is a typical method of implicit user preference
learning. Syeda-Mahmood and Ponceleon [32] adopted a
hidden Markov model to predict users’ internal states from
their history browsing behaviors, and then generated a spec-
ified video preview for the particular viewer. Zimmerman
et al. [33] used two kinds of implicit recommenders, the
Bayesian classifier and the C4.5 decision tree, to learn users’
preference from their viewing histories and fused multiple
recommendations with a neural network to generate user
favorite TV shows.

3. Problem Formulation and Framework

Video annotation serves as the foundation of personalized
video customization. It takes the responsibility of connecting
low-level audiovisual segments with high-level semantics.
Compared with content-based annotation, approaches uti-
lizing external textual information can provide more detailed
semantic description of video content. Currently, two types
of external textual sources, closed caption and web-casting
text, are used for semantic video analysis. For the closed
caption, although it holds the inherent advantage of video-
text synchronization, it faces the challenge of accurate
information extraction from irregular and variable spoken
language, while for the web-casting text, the reverse applies,
which means it has well-defined syntax structure but lacks
of direct video-text correspondence. Most related work [22,
30] adopted the timestamp as a key link to connect these
two media. However, these methods are usually confined to
the lower timestamp recognition accuracy due to the noisy
broadcast video. Moreover, the availability and concrete
styles of timestamp are always decided by the program
producer, which further limit the expansibility of such
timestamp-based approaches.

With the detailed semantic annotation, two research
challenges need to be addressed for personalized video cus-
tomization: first, the incorporation of high-level semantics
in video content selection, second, the balance between user
preference and environment constraints. If we consider the
customization problem from the optimization point of view,
the first challenge defines an objective function to evaluate
the semantic importance of video segments, while the second
challenge models a constraint optimization problem on the
basis of the above objective function by adding environment
constrains. Most previous work focused on only one aspect
of the above two problems, either semantic content selection
[25, 26] or resource-constrained application [28, 29]; all of
which lacked an integrated consideration of the above two
challenges.

To practice the concept of “human-centered multimedia”
[34], it is the responsibility of the information system rather
than the user to adapt itself to provide more convenient
service. On the side of the user, an ideal personalization
system should learn his/her preference as accurately and
unconsciously as possible. However, these two requirements
are usually incompatible in the practical implementation.
Specifically, explicit feedback [30, 31] gives accurate user
preference but requires additional interaction, while implicit
inference [32, 33] needs less operations but may result in
incomplete learning.

In this paper, we will address the challenges existing in the
previous approaches for semantic annotation, personalized
customization, and system adaptation. Solutions toward the
above problems in these three fields constitute an integrated
system to provide personalized sports video customization.
Compared with previous work in the related fields, the main
contributions of our approach are summarized as follows.

(1) We propose an integrated framework to provide
personalized sports video customization. With a
comprehensive strategy on semantic annotation,
personalized customization, and preference learning,
users can conveniently customize their interested
video segments concerning specific players or events.

(2) We propose a novel sports video annotation
approach, where video content and web-casting
text are aligned by their semantic correspondence
along the temporal sequences. Since semantics is an
intrinsic existence in multimedia, it is more generic
and robust for cross-media analysis.

(3) We propose a user-participant multiconstraint 0/1
Knapsack model for personalized video customiza-
tion, where user content preference and environment
limitations can be well balanced and satisfied.

(4) We propose a social network based system adapta-
tion algorithm to propagate local user interaction
information along the video semantics network, from
which complete user preference can be implicitly
inferred and learned.

Figure 1 illustrates the framework of our proposed
approach. First, a hierarchical semantic-matching method is
employed to generate detailed video annotation in an off-
line manner. Then, a user-participant content customization
algorithm is proposed to provide real-time video con-
tent customization under resource-constraint environment.
Meanwhile, to facilitate the above customization process, a
concept network is built to capture the latent user preference
for effective system adaptation.

4. Sports Video Annotation

Sports video annotation is responsible for the generation of
detailed semantic description of video content. Recent work
[22, 35] mainly focused on the timestamp-based video-text
alignment, where timestamp’s availability and recognition
are two main bottlenecks restricting the application of
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Figure 1: System framework of personalized sports video customization.

such method. To conquer these drawbacks, we propose a
semantics-matching approach [36] to align the sports video
and web-casting text based on their semantic correspon-
dence. Since semantics is ubiquitous in various media and
not susceptible to the postediting and transmitting, the
proposed method is believed to be more generic to the cross-
media analysis.

4.1. Attack-Based Coarse Alignment. To perform semantic
matching between video and text, the first thing is to find
a common abstract unit that can be reliably extracted from
both media. Once such a unit is identified, the semantic
bridge connecting the paired media can be effectively built.
According to the sports video features, attack-based analysis
method [37] provides a suited choice. Since the notion
of attack exists in most opponent sports and has very
clear semantics, a change in the attack side is a natural
segmentation criterion for both game video and text.

4.1.1. Video Tagging. Video tagging module aims to generate
a semantic tag sequence where each tag corresponds to an
attack segment in the match. Here, attack is defined as a
complete attempt of a team (player) in an opponent sport to

score a point. It refers to a macroscopic process rather than
a specific event; hence it includes not only obvious offensive
events like shot or goal in an attack attempt, but also contains
other nonoffensive events like foul or return pass during that
process.

According to the above definition, consistent moving
segment from one side of the court to the other usually
corresponds to a complete attack unit. However, due to
the fierce competition in the sports match, segmentation
result is likely to be affected by a mass of blurring motion.
To overcome this difficulty, we first smooth the horizontal
camera motion [38] by the field zone information [21] so
that blurring motion clips without obvious position change
can be filtered out. Then, attack-based video segmentation is
obtained with a sequence of boundaries at the start point of
each remaining motion segment. A realistic example of the
above process is illustrated in Figure 2, where blue solid line
represents field zone information (1.5 denotes left field, −1.5
right field and 0 mid field) and green dash-dot line represents
horizontal camera motion (1 denotes leftward moving, −1
rightward moving).

After attack-based video segmentation, a group of mid-
level binary features including shot type transition (only long
and nonlong shots are considered in our method) (ST) [39],
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Figure 2: Attack-based sports video segmentation. (a) Initial field
zone and horizontal camera motion information. (b) Smoothed
horizontal camera motion and three attack segments (#1: 5210–
5613; #2: 5613–7120; #3: 7120–7748).
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Figure 3: Naive Bayesian network for shot and foul events
detection.

slow-motion replay (SR) [35], and referee whistling (RW)
[13] are extracted from each attack segment and a heuristic
Bayesian network (see Figure 3) is trained to detect shot and
foul events as follows:

S∗ = argmax
S

P(S | ST, SR, RW),

F∗ = argmax
F

P(F | ST, SR, RW),
(1)

where S and F are binary variables corresponding to the
existing states of shot and foul events in an attack segment
and S∗ and F∗ are their inferred states. Finally, the detected
attack direction and semantic events are further encoded
by the combination of their binary status (see Table 1), and
hence the whole video tagging process can be represented in
a concise form as follows:

X∗ = X(D, S∗,F∗) = argmax
X(D,S,F)

P(S,F | ST, SR, RW), (2)

where X∗ represents the final video tag encoded from
the combination of attack direction (D) and the inferred
semantic events (S∗ and F∗).

4.1.2. Text Tagging. The utilization of textual information
significantly facilitates video content analysis. Compared
with caption text overlaid on the image [6] or encoded
in the video [20], web-casting text [22] has following
obvious advantages. (1) It is available in many famous
sports websites such as ESPN (http://sports.espn.go.com/)
and BBC (http://news.bbc.co.uk/sport2/hi/football/teams/)
and can be timely accessed during or after the game. (2)
It is organized in a well-defined structure that can be
easily parsed. (3) It contains rich match description that
are difficult to be obtained solely from content analysis
(see Figure 4). Therefore, we utilize web-casting text in our
method to facilitate semantic video annotation.

Similar to the content-based video tagging process, web-
casting text analysis also aims to generate a semantic tag
sequence where each tag corresponds to an complete attack
attempt in the game text. Since web-casting text is tagged
by sports professionals and provided by famous websites,
its use of words and syntax structure are standard and
fixed. Therefore, semantic events can be reliably detected by
keyword-based searching. Table 2 lists the selected events and
their related keywords used in our method; all of which are
typically interesting events in the match and can be flexibly
expanded according to users’ preference.

With text event detection, attack-based text segmentation
can be formulated as clustering adjacent text events into indi-
vidual groups so that each group corresponds to a complete
attack attempt in the match. By convention of composing
the web-casting text, adjacent records with consistent attack
directions always belong to the same attack process. Hence,
we can cluster event records by analyzing the current attack
side (CAS) in each text event. In opponent sports, the CAS
is an important binary feature indicating which team is in
the offense state when current text event is happening. Both
one side’s offense event and the other side’s defense event
correspond to the same CAS value. It can be reliably extracted
from a text record by analyzing the player membership and
event attack attribute (listed in Table 2). For example, given
a text event saying “Michael Redd makes layup”, we can
know that it represents an offense event from the keyword
“layup” and the CAS is the Bucks, the team that Michael
Redd belongs to. Once all CAS features are extracted from
text events, segment boundaries can be easily identified by
sequentially comparing the adjacent two CAS features. To
better understand the above process, the detailed algorithm
flow and an example for CAS detection are given in Figure 5.

When using the above text segmentation method, one
implementation detail needs to be addressed. As can be seen
from Table 2, except rebound event, all other events having
double attack attributes are related to the foul event. Since
these events can happen in both offense and defense sides
of an attack, their attack attributes are always difficult to be
identified from a single text record. To solve this problem,
we utilize their previous event’s CAS feature and current
event’s related team to codetermine current event’s attack
attribute. Specifically, if current event is performed by a
player belonging to the offense team in the previous event,
its attack attribute is the offense, otherwise the defense.
Such a rule is based on the assumption that the attack
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Table 1: Code book used for video tagging.

Semantics Attack direction Semantic events

Tag Rightward Leftward Shot event Foul event

“a” true false false false

“b” true false true false

“c” true false false true

“d” true false true true

“A” false true false false

“B” false true true false

“C” false true false true

“D” false true true true

Time
11 : 37
Score
0 : 0

Player
Michael Redd

Event
Miss layup

Event 1
Clearance

Player 2
Clark Carlisle

Time
88 : 00

Event 2
Clearance
Player 2

Clark Carlisle

(a) (b)

Figure 4: Web-casting text for (a) basketball and (b) football matches.

side is less likely to change in two adjacent events when
the latter is a foul event (If not so, there must be an
event in between causing the attack side change, which
is contradictory with the assumption that two events are
adjacent.). Our experiments also prove the rationality of such
assumption.

With detected attack side in the match, the related attack
direction can be easily inferred by comparing the attack
segment ratios between two teams in the text and two
directions in the video. Then, similar encoding process can
be conducted to generate text semantic tag sequence.

Although video and text tagging share similar processing
steps and output, we must stress that these two sequences are
intrinsically different. For the former, each tag is a random
variable and the finally derived video sequence is composed
of the most likely semantic tags given an observation of
mid-level features extracted from video attack segments. In
contrast, the text sequence is a constant sequence with each
tag being identified in a determinate way. Such a difference
provides convenience to the tag similarity measurement in
the following subsection.

4.1.3. Attack-Based Sequence Matching. The output of video
analysis is a tag sequence with accurate attack boundaries (in

terms of video shot) but inaccurate semantic tags (due to the
semantic gap), while the output of text parsing is another tag
sequence with accurate semantic tag (from keywords match-
ing) but without video boundary information. Therefore, an
intuitive way to annotate sports video on the level of attack
is to align the accurate text tag sequence with its related
video counterpart. Considering the semantic tag sequence,
we propose a semantic-based Needleman-Wunsch algorithm
[36] to match the probability video sequence with the
constant text sequences. Compared with other algorithms,
the proposed algorithm searches for the optimal alignment
based on the global semantic correspondence, hence is more
robust to local errors in the inaccurate video tag sequence.

The standard Needleman-Wunsch algorithm [40] is
intrinsically a dynamic programming algorithm that ini-
tially aims to find the best protein or nucleotide sequence
matching in bioinformatics. It is implemented in a multistage
decision process, where the forward computation calculates
the optimal local matching scores under various matching
modes and the backward tracking identifies the global
optimal sequence alignment. Consider a matching problem
between two sequences, v and t, which has m and n elements,
respectively. In the forward computation, a score matrix M
with m rows and n columns is first allocated, where each
row corresponds to an element in v and each column to
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Team
personal component

Event keywords
and attack attribute

Detect involved
player and event type

Identify related team
and event attack attribute

Compute
CAS feature

CAS = last CAS ?

New attack
segment begins

Web-casting text

No

Yes

(a)

Example: Given a basketball match between Bucks and Suns, the
analysis process for a text event “Michael Redd makes
Layup” is as follows.

Step 1: Detect the player and event type (keywords matching)
(i) involved player: Michael Redd
(ii) event type: layup

Step 2: Identify the team and event attack attribute (database)
(i) Michael Redd belongs to the Bucks
(ii) layup is attack event possesses the offense property

Step 3: Compute CAS feature (team & event attack attribute)
(i) CAS: current attack side is the Bucks

Step 4: Compare the inferred CAS with last CAS feature
(i) if CAS is changed: a new attack segment begins
(ii) if CAS is unchanged: the old attack segment continues

Step 4: Retrieve next text event and go back to step 1

(b)

Figure 5: Attack-based text segmentation (a) algorithm flow and (b) an example.

Table 2: Event keywords and attack attributes.

Domains Events Related keywords Attack attributes

Basketball

shot makes layup, hook, jumper, free throw offense

miss miss offense

block blocks defense

stolen steal, lose ball, bad pass defense

foul foul offense/defense

rebound offensive rebound, defensive rebound offense/defense

Football

shot shot, goal, head, scored offense

free kick free kick offense

corner corner offense

foul foul offense/defense

card red card, yellow card offense/defense

offside offside offside

an element in t. The (i, j)th entry of the matrix M records
a local optimal alignment score between subsequence v1 ∼ vi
and t1 ∼ t j . The forward computation is implemented in an
iterative manner, where the value of Mi, j is decided by one of
its three adjacent predecessors as follows:

Mi, j = max
{
Mi, j−1 + Pg, Mi−1, j + Pg, si, j + Mi−1, j−1

}
, (3)

where si, j is the similarity score between the ith video tag (vi)
and the jth text tag (t j), Pg denotes the gap penalty given to
an empty matching. In (3), the first two items correspond

to the rightward (gap-element) and downward (element-
gap) matching, where element in one sequence cannot find
its counterpart in the other sequence; thus a gap matching
generated. The third item in (3) denotes a diagonal (element-
element) matching where the similarity between element vi
and t j is computed. By comparing the final alignment scores
generated from three directions, the highest score is assigned
to Mi, j and the related direction is stored in the corresponding
position of an equal-sized (m× n) backtracking matrix B. As
the whole score matrix is allocated, the related backtracking
matrix is also filled. Starting from the bottom right of
the backtracking matrix, the global optimal alignment path
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Inexact matching: matching between different tags

Empty matching: matching between gap and tag

Exact matching: matching between identical tags

Sequence v:

Sequence t:

A c C d c

A c C a C c
:

. . .

(c)

Figure 6: (a) Forward filling of score matrix and backtracking matrix, (b) backward tracing along best local alignment directories, and (c)
sequence alignment result.

can be finally obtained through tracing back along the
stored local matching directory. A graphical demonstration
of above algorithm flow is illustrated in Figure 6, where
numbers and direction in the thick dark black box in
Figure 6(a) constitute the score and backtracking matrixes,
respectively, and red arrows in Figure 6(b) indicate the
final backtracking directory corresponding to the optimal
sequences alignment. Three different matching types are
obtained in Figure 6(c), where the mark “|” denotes the exact
matching between identical elements and mark “:” denotes
the inexact matching between different elements. As for the
empty matching, no mark is presented.

From above discussion, the forward computation of
score matrix serves as the core part of the Needleman-
Wunsch algorithm. It affects the final alignment result by
deciding the local alignment directions. In the field of
bioinformatics, the sequence elements usually correspond to
certain chemical substances, and thus the matching scores
are given based on their chemical structures and properties.
However, in the particular application of sports video and
game text alignment, since each sequence element is a
character tag representing the combination of high-level
features and events, the alignment scores should be marked
according to their semantic similarities.

Because the video tag is intrinsically a discrete random
variable with its value (vi) corresponding to the largest prob-
ability in the distribution generated by Bayesian network,

the semantic similarity between video tag vi and text tag t j
can be indirectly measured by the conditional probability
difference when the video tag variable taking the values of
vi and t j , given an observation of the mid-level features. In
our approach, we formulate the similarity measure between
video and text tags as follows:

si, j =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

−∞ inconsistent directions,

P
(
X=t j | ST, SR, RW

)
P(X=vi | ST, SR, RW)

=
P
(
X=t j | ST, SR, RW

)
maxP(X | ST, SR, RW)

consistent directions

(4)

where X is the video tag variable and ST, SR, RW represent
audiovisual features described in Section 4.1.1. Since the
attack direction can be reliably identified from both video
and text, tags corresponding to inconsistent attack directions
are not allowed to be aligned in the approach. For the direc-
tion consistent condition, the more proximal the inference
probabilities between tags vi and t j are, the more likely t j can
be used to replace vi to annotate the related video segment,
in other words, the more likely video segment tagged as vi
can be aligned with text group tagged as t j . Moreover, since
vi corresponds to the maximum condition probability in
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the video tagging process, the tags similarity si, j can never
be larger than 1, which can only be reached in the exact
matching.

As for the gap penalty, it is defined as a function of the
semantic events contained in the attack segment:

Pg = [−0.5− 0.25× (S∗ + F∗)]× θ, (5)

where S∗ and F∗ represent the most probable existing state
of shot and foul events generated by (1) and θ is the affine
gap cost defined as 1 for the first gap and 0.95 for others in
our following experiments. According to above equation, the
more events contained in an attack, the less likely it cannot
find a corresponding text tag, hence the severer punishment
will be given to its empty alignment, and vise versa. Table 3
describes the proposed semantics-based Needleman-Wunsch
algorithm for the tag sequence alignment between broadcast
sports video and web-casting text.

If we consider a timestamp as a tag, previous timestamp-
based methods can be regarded as a special case of our
approach. However, two important differences exist. First,
tags in our method represent high-level semantics rather
than low-level visual features, which is an intrinsic and
generic link across multimedia. Second, global structure
rather than individual equivalence is utilized to align video
and text sequences, which greatly improve the method’s
robustness against local errors. Therefore, the proposed
semantics-matching approach is considered to be more
effective for the generic cross-media analysis.

4.2. Shot-Based Refined Alignment. The output of the attack-
based alignment is a coarse but accurate annotation result,
where the basic unit corresponds to an attack segment rather
than a specific event. To obtain a more elaborate event
detection result, which locating the semantic event in a
specific video shot, we repeat previous sequence matching
algorithm on the scale of each attack to generate shot-level
video annotation. With the variance of matching granularity,
the basic sequence units change from the attack segment into
a shot in the video and an event record in the text. Since
long shots are always adopted to depict the global situation
when the match is in play, they are the only shot type used in
refined alignment.

Although the shot-based refined alignment lacks direct
semantic correspondence between sports video and web text,
it indeed generates more elaborate annotation on the level
of shot. Moreover, our experiments also show that such
semantic weakness during the refinement process based on
the coarse alignment result is not significant and hence
totally acceptable.

Final video annotation result is stored in the standard
MPEG-7 XML format for efficient retrieval and manage-
ment. As shown in Figure 7, the XML file is organized as a
hierarchical structure in accordance with its related sports
match, where the whole match includes several quarters and
each quarter contains a group of events. For each event in
the match, the XML file records the detailed information
including its involved player(s), event type and moment,
current score and the corresponding video segment.

5. Personalized Video Customization

Personalized video customization aims to tailor proper
video content to the particular user. Different from generic
highlight presentation work [23, 24] where interesting video
clips are fully decided by video content analysis, the proposed
customization scheme is featured in the cooperation of video
semantics and user preference in video content selection
process. Moreover, considering the conflict between the mass
video content and limited user environment, a balanced cus-
tomization strategy is also addressed to maximize audience’s
viewing enjoyment under various context constraints.

5.1. Event Importance Computation. To evaluate the quality
of selected video segments, event importance computation
is indispensable. Both event influence on the match and
its relevance to user request are taken into account. For
influence computation, event rank and occurrence time
are two main factors [41]. For relevance measurement, the
semantic consistency on involved players and event types are
considered.

(1) Event Rank. The rank of event is directly determined by
its influence to the game state. Considering the difference
between basketball and football match, two representative
rank criteria are adopted to evaluate the event importance
in these two sports types. Since shot event is common in
basketball matches, the change of game leader and score gap
are used as the indicator for event importance evaluation.
While for the football match, influential events are confined
in limited types and thus only shot and card events are
ranked. With the rank list given in Table 4, the rank-based
event importance Ira(Ei) (0 ≤ Ira ≤ 1) is defined as follows:

Ira(Ei) = 1− Ri − 1
3

· α, (6)

where Ri (0 ≤ Ri ≤ 4) represents the rank level of event
Ei and α (0 ≤ α ≤ 1) denotes the adjustable parameter to
control the effects of rank difference on event importance
computation.

(2) Event Occurrence Time. In the sports match, events
occurring at the end of the match are usually critical to both
sides because little time is left to change the final result. In
our approach, the event occurrence time based importance
It(Ei) (0 ≤ It ≤ 1) is defined as follows:

It(Ei) = 1− N − i

N
· β, (7)

where N is the total event number, i is the index of Ei,
and β (0 ≤ β ≤ 1) is the adjustable parameter to control
the effects of event occurrence time on event importance
computation.

(3) Event Relevance. Different from the type rank and occur-
rence time that are decided by event itself, the event relevance
reflects the semantic consistency between event content and
user’s preference. This item plays an important role in our
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Teams, places,
date, final score

Match quarter/event ID

Event type and sub-type

Event/start/end frame
current score

Event moment and duration

Involved player

Figure 7: An example of MPEG-7 sports video description XML file.

Table 3: Sequence matching algorithm for video-text alignment.

Output Alignment sequence a : a1 ∼ amax(m,n)

Input Video tag sequence v : v1 ∼ vm and text tag sequence t : t1 ∼ tn

Step 1 Forward computation

Step 1.1 Allocate a score matrix M and a direction matrix B.

Both matrixes are with m rows and n columns.

Step 1.2 Fill all entries in M and B from the up left to bottom right corner.

(i) For each Mi, j , its value is calculated by (3), where si, j and Pg are computed by (4) and (5).

(ii) For each Bi, j , its value is the optimal matching direction indicated by Mi, j in (3).

Step 2 Backward tracing

Step 2.1 Allocate an alignment sequence a with max(m,n) elements.

Step 2.2 Fill the entries of a in a reverse direction by tracing back along B.

(i) For each ak , its value is equal to Bi, j , where (i, j) corresponds to the coordinate of the kth backtracking step in B.

Step 3 Result explanation

Step 3.1 Three possible values (directions) may appear in ak , which are

(i) diagonal, corresponding to the “vi − t j” alignment,

(ii) downward, corresponding to the “empty-t j” alignment,

(iii) rightward, corresponding to the “vi-empty” alignment.

Table 4: Event importance rank list.

Rank
Level

Event description

Basketball Football

1 Score events and their inductive foul events that can change the game leader Score (goal events)

2
Score events and their inductive foul events that retain the game leader but
change the scoring gap

Offense events and red card event

3 Offense events that failed to score a goal and common foul events Yellow card event

4 All other events that are not in the rank 1 to 3 All other events

Remark: in above description, score event refers to attack event resulting in a score, while offense event refers to attack event without resulting in a score.
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personalized customization because it effectively introduces
the user’s opinion in event importance computation. By
increasing the importance score of semantically related
events, the system can finally tailor the personalized video
content to the particular user. With semantic video annota-
tion, the event relevance based importance Ire(Ei) (0 ≤ Ire ≤
1) can be defined as:

Ire(Ei) = γDistplayer(Ei,U) · (1− γ
)Distevent(Ei,U), (8)

where function Distplayer and Distevent measure the semantic
consistence between event Ei and user request U on the
subjects of involved players and event types, and adjustable
parameter γ (0 ≤ γ ≤ 1) denotes the user preference between
the above two subjects.

(4) Preference Learning. With user preference learning, sys-
tem can provide more appropriate video content to the
particular users as they continue to use it. This function is
realized by adaptively adjusting the concept weight in accor-
dance with user’s input. The calculation of the preference
learning-based event importance Ip(Ei) (0 ≤ Ip ≤ 1) will
be discussed in Section 6.

Based on the above analysis, the event importance can be
calculated as:

I(Ei,U) = λ · I f (Ei) + (1− λ) · Iu(Ei,U)

= λ · Ira(Ei) · It(Ei) + (1− λ) · Ire(Ei,U) · Ip(Ei),
(9)

where λ (0 ≤ λ ≤ 1) is the fusion parameter distributing
the weights on event influence on the match I f (Ei) and its
semantic consistency to the user request Iu(Ei).

5.2. User-Participant MultiConstraint 0/1 Knapsack Model.
With the above event importance evaluation scheme, user
preference can be effectively incorporated into the video
content selection process. However, compared with mass
suited video data, user’s available viewing conditions, for
example, device memory and watching time, are usually
not limitless. Hence, how to provide optimal video content
under resource-constraint environment is of great practical
importance and has been studied in [28, 42]. Merialdo et al.
[42] raised a 0/1 Knapsack Problem to model the viewing-
time-limited TV program personalization. However, due to
the lack of semantic analysis of video content, only category
interest rather than content preference was considered in
their video personalization system. Wei et al. [28] pro-
posed a Multichoice Multidimension Knapsack strategy to
maximize the gross information under multiple environ-
ment constraints. Since their method requires to include
every video segments (on various abstraction levels) to the
final summarization, it is not appropriate for the target-
specific video customization, where only video segments
containing particular semantics are needed. Motivated by the
optimization model used in previous work, we formulated

our personalized video customization as a user-participant
multiconstraint (UPMC) 0/1 Knapsack problem:

V = max

⎛
⎝ n∑
i=1

xi · I(Ei,U)

⎞
⎠,

s.t. xi ∈ {0, 1}, i = 1, 2, . . . ,n

n∑
i=1

xiri j ≤ Rj , j = 1, 2, . . . ,m,

(10)

where I(Ei,U) represents the integrative importance value
of event Ei under specified user request U , ri j be the jth
resource consumption of the ith event, Rj be the client-side
resource bound of the jth resource, xi denotes the existence
of the ith event in the selected optimal set, and n and m
represent the number of events and resource types.

As can be seen from (9) and (10), the proposed video
customization strategy adopts a constraint optimization
model to well balance the user content preference against
multiple resource limitations, from which only video seg-
ments possessing higher importance values can be selected
into the final customization result. With different fusion
parameters, two typical video customization modes, retrieval
and summarization, can be treated in an unified manner
and seamlessly switched to each other. Specifically, In the
case of λ approximating to 0, event importance is mainly
decided by user preference, thus only semantically consistent
video segments can be assigned higher importance scores
and finally presented to the user. While in the case of
λ approximating to 1, event importance is largely up to
the match itself, hence the selected events can reflect the
global situation of the match. Moreover, with unbiased
configuration of the fusion parameter (λ = 0.5), a new
customization mode, the personalized video summarization
can be realized. In this situation, users can query a video
abstract about the specified player or event.

6. System Adaptation

Since user preference is relatively stable in a period of time,
customization system with adaptation function is expected
to respond to the particular user with more appropriate
results but less required interactions. To achieve this goal,
complete user preference should be learned as implicitly
as possible. However, the completeness usually conflicts
with the implicitness and hence previous work can hardly
achieve an optimal balance between these two indexes.
To conquer this difficulty, we propose a social network
based approach to identify latent user preference without
additional interactions. By building the social network of
video semantics, user preference towards specific concepts
can be effectively propagated along the network edge so that
their latent attitudes toward other unspecific concepts can be
implicitly inferred.

6.1. Concept Social Network. We borrow the idea of social
network analysis (SNA) [43] to depict the concept rela-
tionship in sports video. A social network is a social
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structure made of individuals called “nodes”, which are
connected by one or more specific types of interdependency.
With a graphical representation of individuals’ relationship,
SNA can utilize the related property and theory in the
graph theory to discover hidden structures/properties that
cannot be directly perceived or measured [44]. According
to the semantic sports video annotation, two parallel social
networks for the player and event entities are defined as
follows:

Gp =
〈
Vp,Ep,Wp

〉
, Ge = 〈Ve,Ee,We〉, (11)

where Vp = {vp1 , vp2 , . . . , vpn} represents the set of players
appearing in the match, Ep = {epi, j | epi, j = 0 or 1} is a
binary matrix indicating the relationship existence between
players i and j, and Wp = {wpi, j} denotes the strength of the
relationship between players i and j. Similar explanations can
be obtained from event network Ge.

To build above weighted concept network, the quantiza-
tion of concepts’ relationship is critical. In the scenario of
sports matches, the relation between concepts is developed
when they appear in the similar match context. Here, the
match context refers to the event type when we consider the
player network and refers to the player when we consider
the event network, in other words, the player and event
are mutual match context of each other. Therefore, the
more often two players appear in the same events, the
closer relationship is built between them in the player
network, and we can quantify this relationship as the number
of cooccurrence in the same match context between two
players. Similar conclusion can be also drawn from the event
network.

With the obtained semantic sports video annotation, a
match can be viewed as a bipartite graph in Figure 8(a),
where the square nodes denote events, the circle nodes
denote players and the edge between a pair of event and
player nodes represents their cooccurrence in the same text
event. For a match with m events and n players, the above
bipartite graph can be represented as a matrix A = [ai j]m×n,
where the entry ai j represent the cooccurrence times of the
ith event and jth player in the same text events. The jth
column, a	j = {a1 j , a2 j , . . . amj}, of matrix A represents the
cooccurrence times between the jth player and other m
events, and the ith row, ai = {ai1, ai2, . . . , ain} of matrix A
represents the cooccurrence times between the ith event and
other n players. Based on the event-player bipartite graph, we
can build the concept social networks as follows:

E = AA	 =
[
Ei j
]
m×m,

where Ei j =

⎧⎪⎪⎨
⎪⎪⎩

n∑
k=1

aikajk = aia	j , when i /= j,

0, when i = j,

P = A	A =
[
Pi j
]
n×n,

where Pi j =

⎧⎪⎪⎨
⎪⎪⎩

m∑
k=1

akiak j = a	i a j , when i /= j,

0, when i = j,

(12)

where E and P correspond to the event and player networks,
respectively.

In the example of Figure 8, the generated social network
between events and players are illustrated in Figures 8(b) and
8(c). The thicker an edge is, the more similar of two concepts
in their match context. Take the edge between e1 and e3 in
Figure 8(b) as an example, it is the thickest one among all
three edges, meaning these two events usually occur with the
same players (p3 and p4) in the match. Hence, for users who
like event e1, they may be also interested in e3 because they
are potentially fond of p3 and p4. This analysis can be applied
to the player network where its match context refers to the
cooccurring events.

6.2. User Preference Learning. With the help of social net-
work analysis, complete user preference can be effectively
inferred from the finite customization process. For the con-
venience of the following discussion, we introduce a concept-
weight pair, 〈Ck,Wk〉, to describe the user preference degree
Wk of the kth concept (Ck) in the match. In addition, due to
the symmetric processing and similar conclusion of the event
and player concepts, we will not differentiate these two kinds
of concepts unless it is necessary.

Initially, the weights of all concepts are set to 0. When
the kth concept is used as a keyword in video customization,
it is regarded as an obvious interesting concept to the user.
Hence, the new weight Wnew

k of the kth concept whose last
weight is Wold

k is given by the following equation:

Wnew
k = φ + Wold

k , (13)

where φ > 0 is a constraint increment of concept preference.
As for other concepts that are not specified by the user,

we further divide them into two classes, which are concepts
that are connected with the kth concept in the social network
and those are not. For the former, we distribute the weight
increment φ to these latent concepts according to their link
strength to the kth concept as follows:

Wnew
i = φ · Lki∑

l Lkl
+ Wold

i , (14)

where Lkl represents the weight of the edge between the kth
and lth concepts in the social network. For the rest concepts,
which are neither specified by the user nor connected with
the specified concept, their preference weights are decreased
as follows:

Wnew
j = η ·Wold

j , (15)

where 1 > η > 0 is a constant damping factor of concept
preference.

With equations (13)–(15), user preference to all concepts
in the match are identified. To avoid the weight divergence, a
normalization process is adopted:

Wk =
Wnew

k

max
{
Wnew

k

} , (16)
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Figure 8: Graphical example of player and event network construction.

so that the normalized concept weight is not larger than 1.
The corresponding preference learning based event impor-
tance Ip(Ei) (0 ≤ Ip ≤ 1) can be computed as:

Ip(Ei) = 1
2
·
(
Wplayer(Ei) + Wevent(Ei)

)
, (17)

where Wplayer(Ei) and Wevent(Ei) correspond to the normal-
ized preference weights of the player and event concepts in
event Ei.

7. Experimental Result

In order to evaluate the proposed method, we conduct our
experiment on more than 1000-minute broadcast sports
video, including 2 NBA 2005-2006 and 4 NBA 2007-2008
basketball matches, 2 Euro-Cup 2004 and 4 World Cup
2006 football matches. The corresponding web-casting texts
are obtained from the ESPN and BBC sports websites. In
average, there are about 400 text events happening in one
100-minute basketball match and 50 text records in one 90-
minute football match.

7.1. Sports Video Annotation. In this part, attack-based video
and text segmentation, coarse and refined video annotation,
and comparative experiment with timestamp-based method
are reported to validate the effectiveness of the proposed
semantic-matching algorithm.

To evaluate the obtained segmentation result, the
“purity” index proposed in [45] is adopted in our experi-
ment. Given a sequential data, a ground truth segmentation
S = {(s1, �t1), . . . , (sg , �tg)}, and an automatic segmentation
S∗ = {(s∗1 , �t∗1 ), . . . , (s∗g , �t∗g )}, the purity π is defined as:

π =
⎛
⎝ g∑
i=1

τ(si)
T

a∑
j=1

τ2
(
si, s∗j

)
τ2(si)

⎞
⎠ ·

⎛
⎝ a∑

j=1

τ
(
s∗j
)

T

g∑
i=1

τ2
(
si, s∗j

)
τ2
(
s∗j
)
⎞
⎠,

(18)

where τ(si, s∗j ) is the length of overlap between the scene
segmentation si and s∗j , τ(si) is the length of the scene si,
and T is total length of all scenes. In each parenthesis, the
first term is the fraction of recording for which a segment
accounts, and the second term is a measure of how much a
given segment is split into small fragments. The purity value
ranges from 0 to 1. The larger the value is, the closer the result
approaches the ground truth.

With the manually labeled ground truth segmentation,
the attack-based video and text segmentation results are
given in Figure 9. The consistent advantage of text seg-
mentation result over that of sports video reflects the
semantic intuitionism of the attack-based segmentation.
The individual errors in the web text are mainly caused
by the omission of some text records when the attack
side is changed. As for the comparatively lower purity in
video segmentation, large-scale back passings and inaccurate
field zone information (especially in football matches) are
primary reasons. However, despite some inaccuracies, the
attack-based video and text segmentations in both basketball
and football matches are generally feasible for the following
semantic video annotation.

Leave-one-cross validation is adopted to evaluate the
video annotation result. For each sports type, five matches
are used to train the Bayesian network for salient event
detection and the left one is used to test the annotation
algorithm. With the attack-based segmentation, the coarse
video-text alignment result is listed in Table 5, where the
inference accuracy denotes the occupation of correctly
detected tags in total video tags and alignment accuracy
represents the occupation of all correctly matched tags in
total video tags.

As shown in Table 5, the average inference accuracy is
only about 77% for basketball matches and 86% for football
matches, which reflects the negative effects of the semantic
gap in content-based event detection. However, in contrast to
the limited inference accuracy, the coarse alignment accuracy
is still satisfactory (around 98% for basketball and 95% for
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Figure 9: Attack-based sports video and web-casting text segmentation result in (a) basketball and (b) football matches. In both figures, the
horizontal axes denote the match ID and the vertical axes represent the purity value of the segmentation result.

Table 5: Attack-based coarse alignment result.

No. Sports Total Exact Inexact Inference Alignment
type video tags matching matching accuracy accuracy

1 basketball 192 143 44 74% (143/192) 97% (187/192)

2 basketball 196 152 42 78% (152/196) 99% (194/196)

3 basketball 188 133 49 71% (133/188) 97% (182/188)

4 basketball 176 144 26 75% (144/176) 97% (170/176)

5 basketball 187 150 33 80% (150/187) 98% (183/187)

6 basketball 185 140 38 76% (140/185) 96% (178/185)

7 football 55 45 8 82% (45/55) 96% (53/55)

8 football 50 43 6 86% (43/50) 98% (49/50)

9 football 53 44 5 83% (44/53) 93% (49/53)

10 football 53 47 3 88% (47/53) 95% (50/53)

11 football 51 45 4 88% (45/51) 96% (49/51)

12 football 45 39 2 87% (39/45) 91% (41/45)

football matches resp.). This result demonstrates the strong
robustness of the proposed sequence matching algorithm
and can be attributed to the semantics-based tags similarity
measure and the global optimization strategy, where different
tags can be effectively aligned with reference to the global
matching status.

Attack-based video-text alignment generates a coarse but
accurate video annotation, where the basic unit corresponds
to an attack in the match. To obtain a more elaborate
annotation, a refined alignment is carried out to locate
each text event within a shot. Figure 10 gives the refined
annotation result of 6 events in basketball and 7 events
in football matches. Due to the lack of semantic relation,
the shot-based alignment is not as accurate as the attack-
based one. However, with the help of accurate coarse
alignment, the following shot-based refinement can still
annotate most events in an acceptable accuracy. As for the
lower precision/recall rate of the shot event in basketball
matches, it is mainly due to the irregular photography in free
throw events where short shots rather than long shots were
adopted by cameramen. Similar results also appear in the free

kick and foul events in football matches, where the camera
transition during those events is frequent and dynamic.

To further demonstrate the robustness of our proposed
approach, a comparative experiment of our approach with
timestamp-based method [35] is conducted on the evalua-
tion data and their balanced F-measure results are shown in
Figure 11. In the ideal condition, timestamp-based approach
can achieve very high event detection accuracy if the
timestamp can be correctly recognized. However, according
to our experiments on both basketball and football matches,
the above advantage is either not obvious (Figure 11(b)) or
even in-existent (Figure 11(a)). This result can be explained
from two aspects: First, timestamp cannot be always robustly
located and recognized in the practical noisy broadcast
video, which affects the event location precision of the
timestamp-based method; Second, the basketball match has
plenty of clock pauses, which make the timestamp-based
method confused to locate the accurate event segment
during that period. As for the lower detection accuracy of
the proposed approach on football matches, it is mainly
caused by the performance degradation when the sequence
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Figure 10: Refined event detection result on (a) basketball and (b) football matches.
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Figure 11: Comparative event detection experiments between semantics-matching and timestamp recognition methods on (a) basketball
and (b) football matches.
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Figure 12: User evaluation of personalized video customization.

matching algorithm is applied to two sequences with obvious
length difference (multiple long shots vs. single event) in the
shot-level sequence matching.

7.2. Personalized Video Customization. Before we give the
experimental results of personalized video customization, we
first mention the setting of the adjustable parameters for
event importance computation. As can be seen from (6) and
(7), α and β are control coefficients to decide the effects
of event rank and occurrence time on event importance
computation. In our following experiments, both coefficients

are set to 1, meaning that event rank and occurrence time
fully affect the event semantic significance. In addition, the
adjustable parameter γ in (8) is set to 0.5, denoting the
equal weights for event type and involved player. As for the
preference learning, the constant gain and damping is set to
0.1 and 0.99, respectively, implying the concept preference
degree should be increased or decreased gradually. Based
on the concept network, the Dist function used in (8) is
computed as follows:

Dist(Ei,U) =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

0, direct connection,

1− Lki∑
l Lkl

, indirect connection,

1, no connection,

(19)

where Ei and U represent the semantic event and user
request, respectively, Lki denotes the semantic context sim-
ilarity between the kth and ith concepts in social network,
where the kth concept is customized by U and the ith concept
is contained in Ei. The “direct connection” refers to the case
when Ei and U are consistent on the player or event type, and
the “indirect connection” refers to the case when concept in
Ei is not contained in U but indirectly connected with U in
the concept network. As for the “no connection” case, neither
direct nor indirect relationship can be found between Ei and
U .
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Table 6: Customized video segments under different fusion parameters.

λ ID Moment Player Event Duration (s)

0.1
45 02 : 39 Steve Nash three point 3.16

33 06 : 41 Steve Nash layup 3.08

11 10 : 22 Steve Nash jumper 3.40

0.5
54 01 : 10 Grant Hill three point 3.65

45 02 : 39 Steve Nash three point 3.16

33 06 : 41 Steve Nash layup 3.08

0.9
54 01 : 10 Grant Hill three point 3.65

45 02 : 39 Steve Nash three point 3.16

50 01 : 54 Charlie Villanueva jumper 3.10

Table 7: Learned user preference on player concepts.

Users
Player concept learning results (on 3 football and 2 basketball matches)

1st 2nd 3 rd 4th AP

No. 1
Zidane Totti Henry Piero

(0.83, 0.73)
(12, 3, 4) (14, 2, 1) (6, 12, 8) (10, 1, 3)

No. 2
Messi Gonzalez Schweinsteiger Ballack

(0.85, 0.67)
(16, 1, 1) (8, 6, 7) (10, 4, 5) (10, 2, 4)

No. 3
Zidane Ronaldo Ronaldinho Carlos

(0.86, 0.60)
(15, 1, 2) (13, 2, 4) (12, 3, 3) (8, 9, 8)

No. 4
Redd Nash Yi Bogut

(0.77, 0.75)
(15, 2, 1) (14, 3, 2) (9, 6, 6) (5, 7, 8)

No. 5
Kobe Yao Gasol Odom

(0.78, 0.70)
(12, 3, 2) (12, 2, 1) (9, 5, 7) (4, 8, 11)

Due to the intrinsic subjectivity of personalized video
customization, we carry out a user study to evaluate
the performance of our customization system. Our study
involves 12 volunteers, who are all first-time users of the
customization system and have certain knowledge about
basketball and football games. For each user, after watching 3
or 4 integrated matches, he/she is asked to use the system to
customize their favorite video clips with various personalized
preference, such as players, events and time, under different
fusion parameters.

To validate the effectiveness of the proposed personalized
customization algorithm, a specially designed questionnaire
is handed out to the participants to get their feedbacks to the
generated video content. Motivated by the work in [46], we
define a new “3C” criterion in the questionnaire as follows:

(1) Consistency. Whether the generated video clip is consis-
tent with user request on content semantics, such as involved
players and event types.

(2) Conciseness. Whether the generated video clip capture
the main body of the match without including irrelevant
events.

(3) Coverage. Whether the generated video clip covers all
important events happening in the match under current
viewing time limit.

All above three indexes need to be answered on a five-
grade Likert scale [47] where 1 denotes strongly reject, 2
reject, 3 marginally accept, 4 accept, and 5 strongly accept.

As can be seen from Figure 12, when the fusion param-
eter λ increases from 0.1 to 0.9, average user evaluation on
result consistency gradually declines from 4 to 2. Meanwhile,
the evaluation on result coverage behaves oppositely, rising
from 2.5 to 4.25. This contrast reveals the important role that
λ plays in balancing the game content and user preference
in the video customization process. When λ is small, the
algorithm will emphasize more on user’s request, hence more
semantically related events are selected. On the contrary,
when λ is big, say equals to 0.9, the result is largely up to
the match status and thus the globally interesting events
are presented. Table 6 lists the customization results under
different fusion parameters in response to the user request
“selecting 10 seconds highlight about Steve Nash’s shot event
in the first quarter of NBA 2008 Suns vs. Bucks”. As shown
in the table, the selected segments are highly related to user
request when λ equals to 0.1. As λ is growing from 0.5 to 0.9,
the customized video clips gradually change to other more
important shot events in the end the match. In those cases,
user request is not strictly obeyed and followed, for example,
the involved player.

7.3. System Adaptation. In this section, we investigate
whether the proposed system can adaptively acquire user’s
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Table 8: Learned user preference on event concepts.

Users
Event concept learning results (on 3 football and 2 basketball matches)

1st 2nd 3rd 4th AP

No. 6
Shot Free Kick Corner Red Card

(0.57, 0.62)
(10, 2, 1) (4, 4, 6) (8, 5, 5) (2, 6, 7)

No. 7
Goal Shot Offside Yellow Card

(0.73, 0.81)
(2, 6, 8) (5, 1, 2) (4, 5, 4) (5, 3, 1)

No. 8
Foul Corner Yellow Card Shot

(0.73, 0.67)
(5, 3, 4) (10, 1, 1) (3, 5, 5) (1, 6, 7)

No. 9
Shot Foul Stolen Rebound

(0.92, 0.88)
(12, 1, 1) (10, 2, 2) (5, 6, 5) (9, 3, 4)

No. 10
Shot Miss Foul Block

(0.95, 0.82)
(10, 2, 1) (5, 5, 6) (8, 1, 2) (8, 3, 5)

personalized preference from the customization process. For
the convenience of result evaluation, a set of preselected
concepts, including players and events, are given to users
so that they can focus attention on these semantics in their
following operations. Each user is assigned a sports match
with 4 emphasis concepts, and is asked to use the proposed
system for one or two hours, evoking the procedure of user
preference leaning. After about 50 rounds of interaction, we
sort the concepts in accordance with their preference weights,
and list the ranks of those preselected concepts in the sorted
sequence. To properly measure the system learning ability, we
adopt the average precision (AP) index used in information
retrieval to objectively depict the system’s learning ability
with user interaction.

Tables 7 and 8 show the experimental results of learned
user preference on player and event concepts in football and
basketball matches. In both tables, each row corresponds to
a user preference learning result on one match, and each
cell of its central part is filled with an emphasized concept
name and a triple group, marked as (#F, #R1, #R2), where
#F, #R1 and #R2 denote the concept queried frequency and
its final rankings with and without network-based preference
propagation. Similarly, the AP result corresponding to each
match is a pair of numbers, marked as (#AP1, #AP2),
representing the AP result of the customization system
with and without concept network analysis. Take the up-
left cell in Table 7 as an example, the user beforehand
selected the most interesting player is “Zinedine”. After 12
queries with that keyword, the derived weight rankings are
3 and 4, respectively, and the related AP results on the
four preselected concepts are 0.83 and 0.73, respectively,
corresponding to the learning algorithm with and without
using concept network.

The experimental results indicate that 75% and 60%
of the predecided player concept and 60% and 55% of
those for event concepts were placed in the top-4 rank of
the learned concept sequence with and without concept
social network analysis (CSNA), respectively. Both of which
reflect the effectiveness of the proposed user preference
learning algorithm, especially the network-based preference
propagation strategy. For the player concept learning in
Table 7, CSNA acts more effectively on football matches

than basketball matches, which is mainly due to the player
context difference. Specifically, the selected football players
are highly connected in attack events than that of basketball
players (because the basketball players are usually involved
in both offense and defense events in the match), thus it
is more easily for the proposed CSNA algorithm to locate
those football forwards than those in basketball matches.
Similar explanations can be also applied to the event learning
result in Table 8. In summary, the proposed user preference
learning algorithm can effectively acquire user preference
from their customization operations, and concept network
analysis further improves the system performance especially
when users appetite is fixed and specified.

8. Conclusion

Video personalization is an important mechanism to provide
particular viewers with their favorite content. Considering
the diverse content preference and environment limitations,
detailed video semantics should be fully mined and rea-
sonably evaluated so that suited video segments can be
collected for the specific user. This is a challenging task
and its difficulty embodies in every submodules including
video annotation, personalized customization and system
adaptation.

In this paper, we presented an integral framework for
personalized sports video customization. In the off-line
annotation, a hierarchical video-text matching method is
raised to align the multimedia information based on their
semantic correspondence, which generates both refined and
accurate video content description. In the on-line cus-
tomization, a user-participant multiconstraint 0/1 Knapsack
model is proposed to realize semantic content retrieval
and summarization under resource-limited condition. To
facilitate the above on-line customization process, a concept
network based system adaptation algorithm is designed to
implicitly infer the complete user preference.

The approach’s complexity focuses on the semantic video
annotation. Compared with the simple web-text analysis,
intensive video processing, for example, camera motion
estimation and replay shot detection, costs the majority of
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computation resources. Moreover, since semantic-matching
algorithm needs the integral video and text sequences as its
inputs, the alignment result will not come out unless the
whole match is over. For these reasons, video annotation is
performed in an off-line manner in our approach. However,
once the semantic annotation is obtained, video customiza-
tion and system adaptation (concept weight adjustment)
only involve some mathematical calculations, and thus can
achieve real-time processing. Both quantitative and quali-
tative experiments conducted on more than 1000 minutes
sports video validate the effectiveness of the proposed
approach.

Another point needs to be addressed is the expansibility
of the proposed framework. Since the on-line customization
and adaptation are irrelevant with specific sports genres, the
expansibility is mainly up to the video annotation. Although
our work is implemented on the field sports, like football
and basketball, we think the basic idea and framework of
the semantic matching is general and can be easily adapted
to other opponent sports. The evidences supporting our
thought come from two sides: First, live casting text is
now a standard service in famous sports websites, such as
ESPN and BBC, which covers the majority of popular sports
genres in our daily lives. Hence, there is no lack of textual
descriptions for sports video annotation. Second, the notion
of “attack” exists in most opponent sports and has very clear
semantics, hence its robust detection in other sports types
is also feasible (although may be not exactly the same as
our current methods for football and basketball matches).
Therefore, with some necessary modifications according to
the specific environment, the basic framework of semantic
matching can still be applied in other sports genres.

In the future, we plan to improve current work in
both theoretic and application aspects. In semantic video
annotation, Bayesian network (BN) is adopted to tag the
semantic content of video segment and sequence matching
algorithm is applied to align the video and text tag sequences.
Such a method ignores the temporal dependence of neigh-
boring semantic tags and thus may impair the final matching
precision. To cover this shortage, more advanced sequential
models, like hidden Markov model (HMM), or dynamic
Bayesian network (DBN), can be employed to model the
text facilitated video annotation, where video-text alignment
can be treated as a hidden state inference problem and
solved with Veterbi-like inference algorithm. On the other
hand, video personalization in this paper mainly focuses
on the content selection. However, as a practical system,
problems such as video encoding and decoding in different
communication channels and video displaying on various
devices are also of great importance. To the end user,
video content selection, data transmission, and terminal
displaying constitute an integral solution for personalized
video customization.
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The problems associated with automatic analysis of news telecasts are more severe in a country like India, where there are many
national and regional language channels, besides English. In this paper, we present a framework for multimodal analysis of
multilingual news telecasts, which can be augmented with tools and techniques for specific news analytics tasks. Further, we focus
on a set of techniques for automatic indexing of the news stories based on keywords spotted in speech as well as on the visuals
of contemporary and domain interest. English keywords are derived from RSS feed and converted to Indian language equivalents
for detection in speech and on ticker texts. Restricting the keyword list to a manageable number results in drastic improvement in
indexing performance. We present illustrative examples and detailed experimental results to substantiate our claim.

1. Introduction

Analysis of public newscast by domestic as well as foreign
TV channels for tracking news, national and international
views and public opinion is of paramount importance for
media analysts in several domains, such as journalism, brand
monitoring, law enforcement and internal security. The
channels representing different countries, political groups,
religious conglomerations, and business interests present
different perspectives and viewpoints of the same event.
Round the clock monitoring of hundreds of news channels
requires unaffordable manpower. Moreover, the news stories
of interest may be confined to a narrow slice of the total
telecast time and they are often repeated several times on
the news channels. Thus, round-the-clock monitoring of
the channels is not only a wasteful exercise but is also
prone to error because of distractions caused while viewing
extraneous telecast and consequent loss of attention. This
motivates a system that can automatically analyze, classify,
cluster and index the news-stories of interest. In this paper
we present a set of visual and audio processing techniques
that helps us in achieving this goal.

While there has been significant research in multimodal
analysis of news-video for their automated indexing and
classification, the commercial applications are yet to mature.
Commercial products like BBN Broadcast monitoring
system (http://www.bbn.com/products and services/bbn
broadcast monitoring system/) and Nexidia rich media
solution (http://www.nexidia.com/solutions/rich media)
offer speech analytics-based solution for news video indexing
and retrieval. None of these solutions can differentiate
between news programs from other TV programs and
additionally cannot filter out commercials. They index
the complete audio-stream and cannot define the story
boundaries. Our work is motivated towards creation of
a usable solution that uses multimodal cues to achieve a
more effective news video analytics service. We put special
emphasis on Indian broadcasts, which are primarily in
English, Hindi (Indian national language), and several other
regional languages.

We present a framework for multimodal analysis of
multilingual news telecasts, which can be augmented with
tools and techniques for specific news analytics tasks, namely
delimiting programs, commercial removal, story boundary
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detection and indexing of news stories. While there has
been significant research in tools for each of the tasks, an
overall framework for news telecast analysis has not yet
been proposed in literature. Moreover, automated analysis
of Indian language telecasts raises some unique challenges.
Unlike most of the channels in the western world, Indian
channels do not broadcast “closed captioned text”, which
could be gainfully employed to index the broadcast stream.
Thus, we need to rely completely on audio-visual processing
of the broadcast channels. Our basic approach is to index the
news stories with relevant keywords discovered in speech and
in form of “ticker text” on the visuals. While there are several
speech processing and OCR techniques, we face significant
challenges in using them for processing Indian telecasts.
The major impediments are (a) low resolution (768 × 576)
of the visual frames and (b) significant noise introduced
in the analog cable transmission channels, which are still
prevalent in India. We have introduced several preprocessing
and postprocessing stages to audio and visual processing
algorithms to overcome these difficulties. Moreover, the
speech and optical character recognition (OCR) technologies
for different Indian languages (including Indian English) are
under various stages of development under the umbrella of
TDIL project [1–5] and are far from a state of maturity.
All these factors lead to difficulties in creating a reliable
transcript of the spoken or the visual text. We have improved
the robustness of the system by restricting the audio-visual
processing tasks to discover a small set of keywords of
domain interest. These keywords are derived from Really
Simple Syndication (RSS) feeds pertaining to the domain of
interest. Moreover, these keywords are continuously updated
as new feeds arrive and thus, they relate to news stories of
contemporary interest. This alleviates the problem of long
turn-around time associated with manual updates of the
dictionaries, which may fail to keep pace with a fast changing
global scenario. We create a multilingual keyword list in
English and Indian languages to enable keyword spotting
in different TV channels, both in spoken and visual forms.
The multilingual keyword list helps us to automatically map
the spotted keywords in different Indian languages to their
English (or any other language) equivalents for uniform
indexing across multiple channels.

The rest of the paper is organized as follows. We review
the state-of-the-art in news video analysis in Section 2.
Section 3 provides the system overview. Section 4 describes
the techniques adopted by us for keyword extraction from
speech and visuals from multilingual channels in details.
Section 5 provides an experimental evaluation of the system.
Finally, Section 6 concludes the paper and provides direction
for future work.

2. Related Work

We provide an overview of research in news video analytics
in this section to put our work in context. There has been
much research interest in automatic interpretation, indexing
and retrieval of audio and video data. Semantic analysis
of multimedia data is a complex problem and has been

attempted with moderate success in closed domains, such
as sports, surveillance and news. This section is by no
means a comprehensive review on audio and video analytic
techniques that has evolved over the past decade, as we
concentrate on automated analysis of broadcast video.

Automated analysis, classification and indexing of news
video contents have drawn the attention of many researchers
in recent times. A video comprising visual and audio
components leads to two complementary approaches for
automated video analysis. Eickeler and Mueller [6] and
Smith et al. [7] propose classification of the scenes into
a few content classes based on visual features. A motion
feature vector has been computed from the differences in the
successive frames and HMM’s have been used to characterize
the content classes. In contrast, Gauvain et al. [8] proposes
an audio-based approach, where the speech in multiple
languages has been transcribed and the constituent words
and phrases have been used to index the contents of a
broadcast stream. Later work attempts to merge the two
streams of research and proposes multimodal analysis, which
is reviewed later in this section.

A typical news program on a TV channel is characterized
by unique jingles at the beginning and the end of the
newscast, which provide a convenient means to delimit
the newscast from other programs [9]. Moreover, a news
program has several advertisement breaks, which need to
be removed for efficient news indexing. Several methods
have been proposed for TV Commercial (We have used
“commercial” and “advertisement” interchangeably in this
paper.) detection. One simple approach is to detect the
logos of the TV channels [10], which are generally absent
during the commercials, but this might not hold good for
many contemporary channels. Sadlier et al. [11] describes a
method for identifying the ad breaks using “black” frames
that generally precedes and succeeds the advertisements. The
black frames are identified by analyzing the image intensity
of the frames and audio intensity at those time-points.
While American and European channels generally use black
frames for separation of commercials and programs, it is
not so for other geographical regions, including India [12].
Moreover, the heuristics used to ignore the extraneous black
frames appearing at arbitrary places within programs are
difficult to generalize. Hua et al. [13] have used the distinctive
audio-visual properties of the commercials to train an
SVM based classifier to classify video shots into commercial
and noncommercial categories. The performance of such
classifiers can be enhanced with application of the principle
of temporal coherence [12]. Six basic visual features and five
basic audio features derived context-based features have been
used in [13] to classify the shots using SVM and further
postprocessing.

The time-points in a streamed video can be indexed
with a set of keywords, which provide the semantics of the
video-segment around the time-point. Most of the American
and European channels accompanied with closed caption
text, which are transcripts of the speech, are aligned with
the video time-line and provides a convenient mechanism
for indexing a video. Where closed captioned text is not
available, speech recognition technology needs to be used.
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There are two distinct approaches to the problem. In
phoneme-based approach [14], the sequence of phonemes
constituting the speech is extracted from the audio track
and is stored as metadata in sync with the video. During
retrieval, a keyword is converted to a phoneme string and this
phoneme string is searched for in the video metadata [15].
In contrast, [16] proposes a speaker independent continuous
speech recognition engine that can create a transcript of the
audio track and align it with the video. In this approach
the retrieval is based on the keywords in text domain.
The difference is primarily in the way the speech data is
transcribed and archived. In the phoneme-based storage,
there is no language dictionary used and the speech data
is represented by a continuous string of phonemes. While
in the later case a pronunciation dictionary is used to
convert short phoneme sequences into known dictionary
words and the actual phoneme sequence is not retained.
Phone level approach is generally more error-prone than
word-based approaches because the phoneme recognition
accuracies are very poor, typically 40–50%. Moreover, word-
based approach provides more robust information retrieval
results [17] because in the word-based storage, a speech
signal is tagged by at least 3 best (often referred to as n-best)
phonemes (instead of only one phoneme) at each instance
and the word dictionary is used to resolve which sequence
of phonemes to use to be able to correlate the speech with
a word in the dictionary. Additional sources of information
that can be used for news video indexing constitute output
from Optical Character Recognition (OCR) on the visual
text, face recognizer and speaker identification [18].

Once the advertisement breaks are removed from a news-
program, the latter needs to be broken down into individual
news stories for further processing. Chua et al. [19] provide a
survey of the different methods used based on the experience
of TRECVID 2003, which defined news story segmentation
as an evaluation task. One of the approaches involve analysis
of speech [20, 21], namely, end-of-sentence identification
and text tiling technique [22] which involves computing
lexical similarity scores across a set of sentence and has
been used earlier for story identification in text passages.
Purely text-based approach generally yields low accuracy,
motivating use of audio-visual features. Identification of
anchor shots [23], cue phrases, prosody, and blank frames
in different combinations are used together with certain
heuristics regarding news production grammar in this
approach. A third approach uses machine learning approach
where an SVM or a Maximum Entropy classifier classifies a
candidate story boundary point based on multimodal data,
namely, audio, visual, and text data surrounding the point.
While, some of these approaches use a large number of
low-level media features, for example, face, motion, and
audio classes, some others [24] proposes abstracting low
level features to mid-level to accommodate multimodal
features without significant increase in dimensionality. In
this approach, a shot is preclassified to semantic categories,
such as anchor, people, speech, sports, and so forth, which
are then combined with a statistical model such as HMM
[25]. The classification of shots also helps in segmenting the
corpus into subdomains, resulting in more accurate models

and hence, improved story-boundary detection. Besacier et
al. [26] report use of long pause, shot boundary, audio
change (speaker change, speech to music transition, etc.),
jingle detection, commercial detection and ASR output for
story boundary detection. TRECVID prescribes use of F1
Score [27], the harmonic mean of precision and recall, as
a measure of the accuracy. An accuracy of F1 = 0.75 for
multimodal story boundary detection has been reported in
[22].

Further work on news video analysis extends to con-
ceptual classification of stories. Early work on the subject
[23] achieves binary classification shots to a few prede-
fined semantic categories, like “indoors” versus “outdoor”,
“nature” versus “man-made”, and so forth. This was done
by extracting the visual features of the key-frames and
using a SVM classifier. Higher level inferences could be
drawn by observing co-occurrence of some of these semantic
levels, for example, occurrence of “sky”, “water”, “sand”, and
“people” on a video frame implied a “beach scene”. Later
work has found that the performance of concept detection
is significantly improved by use of multimodal data, namely
audio-visual features and ASR transcripts [24]. A generic
approach for multimodal concept detection that combines
outputs of multiple unimodal classifiers by ensemble fusion
has been found to perform better than early fusion approach
that aggregates multimodal features into a single classifier.
Colace et al. [28] introduced a probabilistic framework for
combining multimodal features for classifying the video
shots in a few predefined categories using Bayesian Networks.
The advantage of Bayesian classifiers over binary classifiers is
that the former not only classifies the shots but also ranks the
classification. While judicious combination of multimodal
improves the performance of concept detection, it has also
been observed that use of query-independent weights to
combine multiple features performs worst than text alone.
Thus, the above approaches for shot classification could not
scale beyond a few predefined conceptual categories. This
prompts use of external knowledge to select appropriate
feature-weights for specific query classes [18]. Harit et al.
[29] provide a new approach to use an ontology that can
be used to reason with media properties of concepts and
to dynamically derive a Bayesian Network for scene classi-
fication in a query context. Topic clustering, or clustering
news-videos at different times and from different sources is
another area of interest. An interesting open question has
been the use of audio-visual features in conjunction with text
obtained from automatic speech recognition in discovering
novel topics [24]. Another interesting research direction is
to investigate video topic detection in absence of Automatic
Speech Recognition (ASR) data as in the case of “foreign”
language news video [24].

3. Framework for Telecast News Analysis

We envisage a system where a large number of TV broad-
cast channels are to be monitored by a limited number
of human monitor. The channels are in English, Hindi
(National language of India), and a few other Indian regional
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Figure 1: System architecture.

languages. Many of the channels are news channels but
some are entertainment channels, which have specific time-
slots for news. The contents of the news channels contain
weather reports, talk shows, interviews and other such
programs besides news. The programs are interspersed with
commercial breaks. The present work focuses on indexing
news and related programs only.

Figure 1 depicts the system architecture. At the first
step of processing, the broadcast streams are captured from
Direct to House (DTH) systems and are decoded. They
are initially dumped on the disk in chunks of manageable
size. These dumps are first preprocessed to identify the
news programs. While the time-slots for news on the
different channels are known, the accurate boundaries of
the programs are identified with the unique jingles that
characterize the different programs on a TV channel [9].
The next processing step is to filter out the commercial
breaks. Since the black frame-based method does not work
for most of the Indian channels, we propose to use a
supervised training method [13] for this purpose. At the end
of this stage, we get delimited news programs devoid of any
commercial breaks.

The semantics of the news contents are generally char-
acterized by a set of keywords (or key phrases) which occur
either in the narration of the newscaster or in the ticker
text [30] that appears on the screen. The next stage of
processing involves indexing the video stream with these
extracted keywords. Many American and European channels

broadcast transcript of the speech as closed captioned text,
which can be used for convenient indexing of the news
stream. Since there is no closed captioning available with
Indian news channels, we use image and speech processing
techniques to detect keywords from both visual and spoken
audio track. The video is decomposed into constituent shots,
which are then classified into different semantic categories
[7, 28], for example, field-shots, news-anchor, interview,
and so forth—this classification information is used in the
later stages of processing. We create an MPEG-7 compliant
content description of the news video in terms of its temporal
structure (sequence of shots), their semantic classes and
the keywords associated with each shot. An index table
of keywords is also created and linked to the content
description of the video. The next step in processing is
to detect the story boundaries. We propose to use multi-
modal cues, visual, audio, ASR output, and OCR data, to
identify the story boundaries. We select some of the methods
described in [19]. Late fusion method is preferred because of
lower dimensionality of features in the supervised training
methods and better accuracy [24]. Once the story boundaries
are known, analysis of keywords spotted in the story leads to
their semantic classification.

In rest of this paper, we deal with the specific problem
of indexing the multilingual Indian newscasts with keywords
identified in the visuals (ticker text) and in the audio (speech)
and improving the indexing performance of news stories
with multimodal cues.
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4. Keyword-Based Indexing of News Videos

This stage involves indexing of a news video stream with
a set of useful keywords and key-phrases (We will use the
“keywords” and “key-phrases” interchangeably further in
this section.). Since closed captioned text is not available
with Indian telecasts, we need to rely on speech processing
to extract the keywords. Creating a complete transcript of
the speech as in [8] is not possible for Indian language
telecasts because of limitations in the speech recognition
technology. A pragmatic and more robust alternative is to
spot a finite set of contemporary keywords of interest in
different Indian languages in the broadcast audio stream. The
keywords are extracted from a contemporary RSS feed [31].
We complement this approach with spotting the important
keywords in the ticker text that is superimposed on the
visuals on a TV channel. While OCR technologies for many
Indian languages used for ticker text analysis are also not
sufficiently robust, extraction of keywords from both audio
and visual channels simultaneously, significantly enhances
the robustness of the indexing process.

4.1. Creation of a Keyword File. RSS feeds, made available and
maintained by websites of the broadcasting channels or by
purely web-based news portals, captures the contemporary
news in a semistructured XML format. They contain links to
the full-text news stories in English. We select the common
and proper nouns in the RSS feed text and the associated
stories as the keywords. These proper nouns (typically names
of people and places) are identified by a named entity
detection module [32] while the common nouns can be
identified using frequency count. A significant advantage of
obtaining a keyword list from the RSS feeds is the currency of
the keywords because of dynamic updates of the RSS feeds.
Moreover, the RSS feeds are generally classified into several
categories, for example, “business-news” and “international”,
and it is possible to select the news in one or a few categories
that pertains to analyst’s domain of interest. Restricting the
keyword list to a small number helps in improving the accu-
racy of the system, especially for keyword spotting in speech.

The English keywords so derived, form a set of concepts,
which need to be identified in both speech and visual
forms from different Indian language telecasts. While there
are some RSS feeds in Hindi and other Indian Languages
(For instance, see http://www.voanews.com/bangla/rss.cfm
(Bangla), http://feeds.feedburner.com/oneindia-thatstelugu-
all (Telugu) and http://feeds.feedburner.com/oneindia-
thatshindi-all (Hindi).), aligning the keywords from
independent RSS feeds proves to be difficult. We derive the
equivalent keywords in Indian languages from the English
keywords, each of which is either a proper or a common
noun. We use a word level English-to-Indian language
dictionary to find the equivalent common noun keywords
in an Indian language. We use a pronunciation lexicon
(A lexicon is an association of words and their phonetic
transcription. It is a special kind of dictionary that maps
a word to all the possible phonemic representations of the
word.) for transliterating proper names in a semi-automatic
matter as suggested in [15]. It is to be noted that (a) the

s </

<RULE NAME="KeyWord">

<L PROPNAME="keyword">

<CONCEPT NAME= “Afghanistan”> 

<ENG KEY= Afghanistan”>Afghanistan</ENG>

<BEN KEY= Afganistan”> BEN>

<HIN KEY= Afganistan”> < / HIN>

<TEL KEY= Afganistan” > </ TEL>

</CONCEPT>

<CONCEPT NAME= Rajshekhar ”> 

<ENG KEY= “Rajshekhar”>Rajshekhar</ENG>

<BEN KEY= “Rajshekhar”> </BEN>

<HIN KEY= “Rajshekhar”> < /HIN>

<TEL KEY= “Rajshekhar”> </ TEL>

</CONCEPT> 

<CONCEPT NAME= “ Terrorist”> 

<ENG KEY= “Terrorist ”>Terrorist </ENG>

<BEN KEY= “Santrasbaadi ”> </BEN>

<HIN KEY= “Atankabaadi ”> < /HIN>

<TEL KEY= “Atankavaadi ”> </ TEL>

</CONCEPT>

</L>

</RULE NAME> 

“

“

“

“

“

Figure 2: Keyword list structure.

translation of the keyword in English is possible only
when the keyword is present in the dictionary else it is
transliterated and (b) transliteration of nouns in Indian
languages are phonetic and hence there are no transliteration
problems that are more visible in a nonphonetic language
like English.

Finally, the keywords in English and their Indian lan-
guage equivalents and their pronunciation keys are stored
as a multilingual dynamic keyword list structure in XML
format. This becomes an active keyword list for the news
video channels and is used for both keyword spotting in
speech and OCR. We show a few sample entries from a
multilingual keyword list file in Figure 2. The first two entries
represent proper nouns, the name of a place (Afghanistan)
and a person (Rajashekar), respectively. The third entry
(terrorist) corresponds to a common noun. In Figure 2
every concept is expressed in three major Indian languages,
Bangla, Hindi, and Telugu, besides English. We use ISO 639-
3 codes (See http://www.sil.org/iso639-3/.) to represent the
languages. KEY entries represent pronunciation keys and are
used for keyword spotting in speech. The words in Indian
languages are encoded in Unicode (UTF-8) and are used
as dictionary entries for correcting OCR mistakes. Each
concept is associated with a NAME in English, which is
returned when a keyword (speech or ticker text) in any of
the languages is spotted either in speech or ticker-text, thus
resulting in a built-in machine translation.
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Detected Keywords :
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VideoPosition: 00:32 : .. . Afghanistan
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Figure 3: Typical block diagram of a keyword spotting system.

4.2. Keyword Spotting and Extraction from Broadcast News.
Audio keyword spotting system essentially enables identifi-
cation of words or phrases of interest in an audio broadcast
or in the audio track of a video broadcast. Almost all the
audio keyword spotting systems take the acoustic speech
signal (a time sequence, x(t)) as input and use a set of
(N) keywords or key phrases ({Ki}Ni=1), as reference to spot
the occurrences of these keywords in the broadcast [33]. A
speech recognition engine (S : x(t) → x(s); x(s) is a string
sequence {sk}Nk=1), which is generally speaker independent
and large vocabulary, is employed and is ideally supported by
the list of keywords that need to be spotted (if x(s) ∈ {Ki}Ni=1;
then S, the speech recognition engine, is deemed to have
spotted a keyword). Internally, the speech recognition engine
has a built in pronunciation lexicon which is used to associate
the words in the keyword list with the recognized phonemic
string from the acoustic audio.

A typical functional keyword spotting system is shown in
Figure 3. The block diagram shows as a first step the audio
track extraction from a video broadcast. The keyword list is
the list of keywords or phrases that the system is supposed to
identify and locate in the audio stream. Typically this human
readable keyword list is converted into a speech grammar
file (FSG (finite state grammar) and CFG (context free
grammar) are typically grammar used in speech recognition

literature.). The speech recognition engine (in Figure 3)
makes use of the acoustic models and the speech grammar
file to ear mark all possible occurrences of the keywords in
the acoustic stream. The output is typically the recognized or
spotted words and the time instance at which that particular
keyword occurred.

An audio KWS system for broadcast news has been
proposed in [34]. The authors suggest the use of utter-
ance verification (using dynamic time warping), out-of-
vocabulary rejection, audio classification, and noise reduc-
tion to enhance the keyword spotting performance. They
experimented on Korean news based on 50 keywords. More
recent works include searching multilingual audiovisual
documents using the International Phonetic Alphabet (IPA)
[35] and transcription of Greek broadcast news using the
HMM toolkit (HTK) [36]. We propose a multichannel,
multilingual audio KWS system which can be used as a first
step in broadcast news clustering.

In a multi channel, multilingual news broadcast scenario
the first step towards coarse clustering of broadcast news
can be achieved through audio KWS. As mentioned in
earlier section broadcast news typically deals with people
(including organizations and groups) and places; this makes
broadcast news very rich in proper names which have to
be spotted in audio. Notice that these words to be spotted
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Figure 4: Keyword extraction from ticker text.

are largely language independent, the language indepen-
dence comes because most of the Indian proper names
are pronounced similarly in different Indian languages,
implying that the same set of keywords or grammar files
can be used irrespective of language of broadcast. In some
sense we do not need to (a) identify the language being
broadcast and (b) maintain a separate keyword list for
different language channels. However, there is a need for
a pronunciation dictionary for proper names. Creating a
pronunciation lexicon of proper names is time consuming
unlike a conventional pronunciation dictionary containing
commonly used words. Laxminarayana and Kopparapu [15]
have developed a framework that allows a fast method
of creating a pronunciation lexicon, specifically for Indian
proper names, which are generally phonetic unlike in other
languages, by constructing a cost function and identifying a
basis set using a cost minimization approach.

4.3. Keyword Extraction from News Ticker Text. News Ticker
refers to a small screen space dedicated to presenting
headlines or some important news. It usually covers a small
area of the total video frame image (approximately 10–15%).
Most of the news channels use two-band tickers, each having
a special purpose. For instance, the upper band is generally

used to display regular text pertaining to the story which is
currently on air whereas “Breaking News” or the scrolling
ticker on the lower band relates to different stories or displays
unimportant local news, business stocks quotes, weather
bulletin, and so forth. Knowledge about the production rule
of specific TV channel or program is necessary to segregate
the different types of ticker texts. We attempt to identify the
desired keywords specified in the multilingual keyword list
in the upper band, which relates to the current news story in
different Indian channels.

Figure 4 depicts an overview of the steps required for
keyword spotting in the ticker text. As the first step, we
detect the ticker text present in the news video frame.
This step is known as text localization. We identify the
groups of video frames where ticker text is available and
mark the boundaries of the text (highlighted by yellow
colored boxes in the figure). The knowledge about the
production rules of a channel helps us selecting the ticker
text segments relevant to the current news story. In the next
step, we extract these image segments from the identified
groups of frames. Further, we identify the image segments
containing the same text and combine the information in
these images to obtain a high-resolution image using image
super-resolution technique. We binarize this image and apply
touching character segmentation as an image cleaning step.
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These techniques help improve the recognition rate of OCR.
Finally, the text images are processed by OCR software and
desired keywords are identified from the resultant text using
the multilingual keyword list. The following subsections give
detailed explanation of these steps.

4.3.1. Text Localization in News Video Frames. The text
recognition in a video sequence involves detection of the
text regions in a frame, recognizing the textual content
and tracking the ticker news video in successive frames.
Homogeneous color and sharp edges are the key features of
texts in an image or video sequence. Peng and Xiao [37] have
proposed color-based clustering accompanied with sharp
edge features for detection of text regions. Sun et al. [38]
propose a text extraction by color clustering and connected
component analysis followed by text recognition using a
novel stroke verification algorithm to build a binary text
line image after removing the noncharacter strokes. A multi-
scale wavelet-based texture feature followed by SVM classifier
is used for text detection in image and video frames [39].
An automatic detection, localization and tracking of text
regions in MPEG videos are proposed in [40]. The text
detection is based on wavelet transform and modified k-
means classifier. Retrieval of sports video databases using
SIFT feature-based trademark matching is proposed by [41].
The SIFT based approach is suitable for offline processing in
video database but is not a feasible option in real time MPEG
video streaming.

The classifier-based approaches have a limitation that if
the test data pattern varies from the data used in learning,
robustness of the system gets reduced. In the proposed
method we have used the hybrid approach where we localize
the candidate text regions initially using the compressed
domain data processing and process the region of interest in
pixel domain to mark the text region. This approach has a
benefit over other in two aspects namely robustness and time
complexity.

Our proposed methodology is based on the following
assumptions.

(1) Text regions have significant contrast with back-
ground color.

(2) News ticker text is horizontally aligned.

(3) The components representing texts region has strong
vertical edges.

As stated above we have used compressed domain features
and time domain features to localize the text regions. The
steps involved are as follows.

(1) Computation of Text Regions Using Compressed Domain
Features. In order to determine the text regions in the
compressed domain, we first compute the horizontal and
vertical energies at the sub block (4 × 4) level and mark the
subblocks as text or nontext assuming that the text regions
generally possess high vertical and horizontal energies. To
mark the high energy regions we first divide the entire
video frame into small blocks each of size 4 × 4 pixels.

Next, we apply integer transformation on each of the blocks.
We have selected Integer transformation in place of DCT
to avoid the problem of rounding off and complexity of
floating point operation. We compute the horizontal energy
of the subblock by summing the absolute amplitudes of
the horizontal harmonics (CU0) and the vertical energy of
the subblock by summing the absolute amplitudes of the
vertical harmonics (C0V). Then we compute the average
horizontal text energy (EAvg Hor) and the average vertical
text energy (EAvg Ver) for each row of subblocks. Lastly we
mark candidate rows if both (EAvg Hor) and (EAvg Ver) exceed
threshold value α, where α is calculated as μE +aσE where “a”
is empirically selected by analyzing the mean and standard
deviation of energy values observed over a large number of
Indian broadcast channels.

(2) Filter Out the Low Contrast Components in Pixel Domain.
Human eye is more sensitive in high-contrast regions
compared to the low-contrast regions. Therefore, it is
reasonable to assume that the ticker-text regions in a video
are created with significant contrast with background colour.
This assumption is found to be valid in most of the Indian
channels. At the next step of processing, we remove all
low-contrast components from the candidate text regions
identified in the previous step. Finally, the candidate text
segments are binarized using Otsu’s method [42].

(3) Morphological Closing. The text components sometimes
get disjointed depending on the foreground and background
contrast and the video quality. Moreover, non textual
regions appear as noise in the candidate text regions. A
morphological closing operation is applied with rectangular
structural elements with dimension of 3× 5 to eliminate the
noise and indentify continuous text segments.

(4) Confirmation of the Text Regions. Initially we run a
connected component analysis for all pixels after morpho-
logical closing to split the candidate pixels into n number of
connected components. Then we eliminate all the connected
components which do not satisfy shape features like size and
compactness (Compactness is defined as the number of pixel
per unit area.).

Then we compute the mode for x and y coordinates
of top left and bottom right coordinates of the remaining
components. We compute the threshold as the mode of the
difference between the median and the position of all the
pixels.

The components, for which the difference of its position
and the median of all the positions are less than the
threshold, are selected as the candidate texts. We have used
Euclidean distance as a distance measure.

(5) Confirmation of the Text Regions Using Temporal Infor-
mation. At this stage, the text segments have been largely
identified. But, some spurious segments are still there. We
use heuristics to remove spurious segments. Human vision
psychology suggests that eyes cannot detect any event within
1/10th of a second. Understanding of video content requires
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Figure 5: Stages of image super resolution.

at least 1/3rd of a second, that is, 10 frames in a video with
frame-rate of 30 FPS. Thus, any information on video meant
for human comprehension must persist for this minimum
duration. It is also observed that the noise detected as text
does not generally persist for significant duration of time.
Thus, we eliminate any detected text regions that persists
for less than 10 frames. At the end of this phase, we get a
set of groups of frames (GoF) containing ticker text. The
information together with the coordinates of the bounding
boxes for the ticker text are recorded at the end of this stage
of processing.

4.3.2. Image Super Resolution and Image Cleaning. The GoF
containing ticker text regions cannot be directly used with
OCR software because the size of the text is still too small and
lacks clarity. Moreover, the characters in the running text are
often connected and need to be separated from each other
for reliable OCR output.

To accomplish this task we interpolate these images to
a higher resolution by using Image Super Resolution (SR)
techniques [43, 44] and subsequently perform touching
character segmentation as image cleaning process in order to
address these problems. The processing steps are given below.

(1) Image Super Resolution (SR). Figure 5 shows different
stages of a multiframe image SR system to produce an
image with a higher resolution (X) from a set of images
(Y1,Y2, . . . ,Yp) with lower resolution. We have used SR
technique presented in [45], where information from a set
of multiple low resolution images is used to create a higher
resolution image. Hence it becomes extremely important to
find images with the same ticker text. We perform pixel
subtraction of both the images in a single pass. We now count
the number of nonblack pixels by using intensity scheme
(R,G,B) < (25, 25, 25). We then normalize this count by
dividing it by total number of pixels and record this value. If
this value exceeds statistically determined threshold “β”, we
declare the images as nonidentical otherwise we place both
the images in the same set. As shown in Figure 5, multiple
low resolution images are fed to an image registration
module which employs frequency domain approach and
estimates the planar motion which is described as function
of three parameters: horizontal shift (Δx), vertical shift (Δy),
and the planar rotation angle (Φ). In Image Reconstruction
stage, the samples of the different low-resolution images
are first expressed in the coordinate frame of the reference
image. Then, based on these known samples, the image

Figure 6: Samples of a few major Indian scripts (Source:
http://www.myscribeweb.com/Phrase sanskrit.png.).

values are interpolated on a regular high-resolution grid. For
this purpose bicubic interpolation is used because of its low
computational complexity and good results.

(2) Touching Character Segmentation. We binarize the high-
resolution image by Otsu’s method [42] containing ticker
text. We generally find some of the text characters touching
each other in the binarized image because of noise that can
adversely affect the performance of the OCR. Hence, we
follow up this step with segmentation of touching characters
for improved character recognition.

For Touching Character Segmentation, we initially find
the average character width for all the characters in the
region of interest (ROI) by μWC = (1/n)

∑n
i=1 WCi where

“n” is the number of characters in the ROI and “WCi” is the
character width of the ith component. We then compute the
threshold for character length and the components with a
width greater than that threshold are marked as candidate
touching characters. The threshold for character length is
computed as (TWC = μWC +3∗σWC). We have used (3∗σWC)
to ensure higher recall. For our purpose threshold is nearly
64. Then we split them into number of possible touches. The
number of touches in a candidate component is computed
as the ceiling value of the ratio between actual width and the
threshold value, that is, ni = [WCi/TWC] + 1. In some Indian
languages (like Bangla and Hindi), the characters in a word
are connected by a unique line called Shirorekha, also called
the “head line”. Touching character segmentation for such
languages is preceded by the removal of shirorekha, which
makes character segmentation more efficient.

4.3.3. OCR and Dictionary-Based Correction. The higher
quality image obtained as a result of last stage of processing
is processed with OCR software to create a transcript of
the ticker text in the native language of the channel. The
transcript is generally error-prone and we use the multi-
lingual keyword list in conjunction with an approximate
string matching algorithm for robust recognition of the
desired keywords in the transcript. There are telecasts in
English, Hindi (the national language), and several regional
languages in India. Many of the languages use their own
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Figure 7: Keyword Identification from English and Bangla news channel.

scripts. Samples of a few major Indian scripts are shown in
Figure 6.

The development of OCR in many of these Indian
languages is more complex than English and other European
languages. Unlike these languages, where the number of
characters to be recognized is less than 100, Indian languages
have several hundreds of distinct characters. Nonuniformity
in spacing of characters and connection of the characters
in a word by Shirorekha in some of the languages are other
issues. There has been significant progress in OCR research
in several Indian languages. For example, in Hasnat et al.
[46], Lehal [1], and Jawahar et al. [2], word accuracy over
90% has been attained. Still, many of the Indian languages
lack a robust OCR and are not amenable to reliable machine
processing. For selecting a suitable OCR to work with

English and Indian languages, we looked for the highly
ranked OCRs identified at The Fourth Annual Test of OCR
Accuracy [47] conducted by Information Science Research
Institute (ISRI (http://www.isri.unlv.edu/ISRI/)). Tesseract
[48] (More information on Tesseract and download packages
are available at http://code.google.com/p/tesseract-ocr/.), an
open source OCR, finds a special mention because of its
reported high-accuracy range (95.31% to 97.53%) for the
magazine, newsletter, and business letter test-sets. Besides
English, Tesseract can be trained with a customized set of
training data and can be used for regional Indian languages.
Adaptation of Tesseract for Bangla has been reported in [46].
Thus, we find Tesseract to be a suitable OCR for creating
transcripts of English and Indian language ticker text images
extracted from the news videos.
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Table 1: Results for keyword spotting in speech with master keyword list.

Story id Instances of
keywords present

Keywords found Retrieval performance

True positives False Positives Recall (%) Precision (%) F-measure (%)

[1] [2] [3] [4] [5] [6] [7]

[3]/[2]∗ 100 [3]/([3] + [4])∗ 100 2∗ [5]∗ [6]/([5] + [6])

English Channels

E001 12 2 5 16.67 28.57 21.05

E002 40 10 6 25.00 62.50 35.71

E003 13 2 3 15.38 40.00 22.22

E004 67 8 12 11.94 40.00 18.39

E005 91 6 7 6.59 46.15 11.54

E006 51 7 8 13.73 46.67 21.21

E007 7 1 3 14.29 25.00 18.18

E008 7 1 3 14.29 25.00 18.18

E009 29 10 6 34.48 62.50 44.44

Overall (English) 317 47 53 14.83 47.00 22.54

Bangla Channels

B001 7 1 0 14.29 100.00 25.00

B002 14 2 5 14.29 28.57 19.05

B003 13 2 1 15.38 66.67 25.00

B004 13 1 7 7.69 12.50 9.52

B005 29 2 7 6.90 22.22 10.53

Overall (Bangla) 76 8 20 10.53 28.57 15.38

Overall 393 55 73 13.99 42.97 21.11

Table 2: Results for keyword spotting in speech with constrained keyword list.

Story id Instances of
keywords present

Keywords found Retrieval Performance

True positives False Positives Recall (%) Precision (%) F-measure (%)

[1] [2] [3] [4] [5] [6] [7]

[3]/[2]∗ 100 [3]/([3] + [4])∗ 100 2∗ [5]∗ [6]/([5] + [6])

English Channels

E001 12 5 4 41.67 55.56 47.62

E002 40 15 3 37.50 83.33 51.72

E003 13 4 1 30.77 80.00 44.44

E004 67 17 6 25.37 73.91 37.78

E005 91 14 8 15.38 63.64 24.78

E006 51 12 5 23.53 70.59 35.29

E007 7 1 0 14.29 100.00 25.00

E008 7 1 0 14.29 100.00 25.00

E009 29 12 4 41.38 75.00 53.33

Overall (English) 317 81 31 25.55 72.32 37.76

Bangla Channels

B001 7 3 0 42.86 100.00 60.00

B002 14 3 1 21.43 75.00 33.33

B003 13 4 1 30.77 80.00 44.44

B004 13 1 2 7.69 33.33 12.50

B005 29 8 3 27.59 72.73 40.00

Overall (Bangla) 76 19 7 25.00 73.08 37.25

Overall 393 100 38 25.45 72.46 37.66
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Table 3: Results for keyword spotting in ticker text with master keyword list.

Story id No. of distinct
ticker texts

Total instances of
keywords present

Keywords found

On raw frame On localized text
region

After image
super-resolution

After dictionary
based correction

[1] [2] [3] [4] [5] [6] [7]

English Channels

E001 5 41 17 19 24 29

E002 4 26 8 9 16 20

E003 4 23 9 10 13 16

E004 6 40 18 19 25 31

E005 4 31 10 13 17 22

E006 7 46 21 23 28 34

E007 4 21 8 9 12 17

E008 1 1 1 1 1 1

E009 5 19 9 9 11 14

Subtotal—English 40 248 101 112 147 184

Retrieval performance—English (%) 40.73 45.16 59.27 74.19

Bangla Channels

B001 3 7 0 0 2 4

B002 3 7 1 1 2 4

B003 5 9 3 3 6 7

B004 3 6 1 1 2 3

B005 5 11 4 4 5 7

Subtotal—Bangla 19 40 9 9 17 25

Retrieval performance—Bangla (%) 22.5 22.5 42.5 62.5

Overall retrieval performance (%) 38.19 42.01 56.94 72.57

Despite preprocessing of the text images and high
accuracy of Tesseract, the output of the OCR phase contains
some errors because of poor quality of the original TV
transmission. While it is difficult to improve the OCR
accuracy, reliable identification of a finite set of keywords
is possible with a dictionary-based correction mechanism.
We calculate a weighted Levenshtein distance [49] between
every word in the transcripts with the words in corre-
sponding language in the multilingual keyword list and
recognize the word if the distance is less than a certain
threshold “β”. The weights in computing the Levenshtein
distance is based on visual similarity of the characters in
an alphabet, for example, comparison of “l” (small L) and
“1” (numeric one) has a lower weight than two other
characters, say “a” and “b”. We also put a higher weight
for the first and the last letters in a word, considering
that OCR has a lower error-rate for them because of the
spatial separation (on one side) of these characters. Figure 7
shows examples of transcription and keyword identification
from news channels in English and Bangla. We map the
Bangla keywords to their English (or any other language)
equivalents for indexing using the multilingual keyword
file.

5. Experimental Results and
Illustrative Examples

We have tested the performance of keyword-based indexing
with a number of news stories recorded from different Indian
channels in English and in Bangla, which is one of the
major Indian languages. The news stories chosen pertained
to two themes of national controversy, one involving the
comments from a popular cricketer and the other involving a
visa-related scam. These stories had been recorded over two
consecutive dates. Each of the stories is between 20 seconds
and 4 minutes in duration. RSS feeds from “Headlines India”
(http://www.headlinesindia.com/) on the same dates have
been used to create a master keyword-file with 137 English
keywords and their Bangla equivalents. In order to test the
improvement in accuracy with restricted domain-specific
keyword set, we created a keyword file collected from “India
news” category, to which the two stories belonged to. This
restricted keyword-file contained 16 English keywords and
their Bangla equivalents. The restricted keyword set formed
was a subset of the master keyword set.

Sections 5.1 and 5.2 present performance of audio and
visual keyword extraction, respectively. Section 5.3 present
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Table 4: Results for keyword spotting in ticker text with constrained keyword list.

Keywords found

Story id No. of distinct
ticker texts

Total instances of
keywords present

On raw frame On localized text
region

After image
super-resolution

After dictionary-based
correction

[1] [2] [3] [4] [5] [6] [7]

English Channels

E001 5 36 15 17 22 27

E002 4 23 6 7 14 18

E003 4 23 9 10 13 16

E004 6 35 17 19 24 28

E005 4 31 10 13 17 22

E006 7 39 19 21 25 31

E007 4 18 7 8 11 16

E008 1 1 1 1 1 1

E009 5 16 7 7 9 12

Subtotal—English40 222 91 103 136 171

Retrieval performance—English (%) 40.99 46.40 61.26 77.03

Bangla Channels

B001 3 6 0 0 2 4

B002 3 6 1 1 2 4

B003 5 7 3 3 5 6

B004 3 4 1 1 2 3

B005 5 11 4 4 5 7

Subtotal—Bangla19 34 9 9 16 24

Retrieval performance—Bangla (%) 26.47 26.47 47.06 70.59

Overall retrieval performance (%) 39.06 43.75 59.38 76.17

the overall indexing performance on combining audio and
visual cues. Section 5.4 presents a few illustrative examples
that explain the results.

5.1. Keyword Spotting in Speech. Table 1 presents the results
for keyword spotting in speech in the same set of news-
stories observed with the master list of keywords. Column
[2] represents the number of instances when any of the
keywords occurred in the speech. We call keyword spotting
to be successful, when a keyword is correctly identified in
the time neighborhood (within a +/− 15 ms window) of the
actual utterance. Column [3] indicates the number of such
keywords for each news story. Column [4] indicates when
a keyword is mistakenly identified, though it was actually
not uttered at that point of time. We compute the retrieval
performances recall, precision and F-measure (Harmonic
mean of precision and recall) in columns [5]–[7].

We note that the overall retrieval performance is quite
poor, more so for Bangla. It is not surprising because we
have used a Microsoft speech engine that is trained for
American English. The English channels experimented with
were Indian channels and the accent of the narrators were
quite distinct. We performed the same experiments with the
constrained set of keywords. Table 2 presents the results in
detail. We note that both recall and precision has significantly
improved with the constrained set of keywords, which
were primarily proper nouns. The retrieval performance for

Bangla is now comparable to that of English. This justifies
the use of a dynamically created keyword list for keyword
spotting, which is a key contribution in this paper. We note
that the precision is quite high (72%), implying that the false
positives are low. However, the recall is still pretty low (25%).
We will show how we have exploited redundancy to achieve
a reliable indexing despite poor recall at this stage.

5.2. Keyword Spotting in Ticker Text. Table 3 depicts a
summary of results for ticker text extraction from the
English and Bangla Channels tested with master keyword
list. Each of the news stories is identified by a unique
id in column [1]. Column [2] presents the number of
distinct ticker text frames detected in the story. Column
[3] indicates the total instances of keywords built from
the master keyword list actually present in the ticker text
accompanying the story. Columns [4]–[6] show the number
of keywords correctly detected when the full-frame, the
localized text region and the super-resolution image (of
localized text region) are subjected to OCR. Column [7]
depicts the number of keywords correctly identified after
dictionary-based correction is applied over the OCR result
from the super-resolution image of localized text region.
We note that the overall accuracy of keyword detection
progressively increases from 38.2% to 72.6% through these
stages of processing. In Table 3, retrieval performance refers
to the recall value. We have observed very few false positives
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Table 5: Indexing performance for audio, visual and combined channels.

Audio Visual Combined

Story id
No. of
distinct
keywords

Keywords
correctly
identified

Indexing
Performance
IPa (%)

No. of
distinct
keywords

Keywords
correctly
identified

Indexing
Performance
IPv (%)

No. of
distinct
keywords

Keywords
correctly
identified

Indexing
Performance
IPo (%)

[1] [2] [3] [4] [5] [6] [7] [8] [9] [10]

|Ka| |Ka| [3]/[2]∗ 100 |Kv| |kv| [6]/[5]∗ 100 |Ko| |Ko| [9]/[8]∗ 100

English
channels

E001 8 5 62.50 13 9 69.23 13 11 84.62

E002 10 7 70.00 9 7 77.78 14 12 85.71

E003 7 5 71.43 10 8 80.00 11 9 81.82

E004 12 9 75.00 13 10 76.92 17 15 88.24

E005 21 12 57.14 11 8 72.73 21 18 85.71

E006 13 9 69.23 15 11 73.33 16 14 87.50

E007 5 2 40.00 10 9 90.00 14 13 92.86

E008 5 2 40.00 1 1 100.00 5 3 60.00

E009 12 9 75.00 9 9 100.00 15 14 93.33

Overall
(English)

93 60 64.52 91 72 79.12 126 109 86.51

Bangla
channels

B001 3 2 66.67 4 2 50.00 5 5 100.00

B002 5 4 80.00 4 2 50.00 9 7 77.78

B003 7 4 57.14 6 5 83.33 9 8 88.89

B004 6 3 50.00 3 3 100.00 7 5 71.43

B005 9 6 66.67 5 4 80.00 10 8 80.00

Overall
(Bangla)

30 19 63.33 22 16 72.73 40 33 82.50

Overall 123 79 64.23 113 88 77.88 166 143 86.14

(<1%), that is, a keyword mistakenly identified though it is
actually not there in the text, and hence we do not present
precision in the table. We also observe that the average
accuracy for detecting Bangla text with OCR is significantly
poor compared to that of the English text, which can be
attributed to the OCR performance and quality of visuals,
but there is significant improvement after dictionary-based
correction.

Similar to audio keyword spotting we performed the
same experiments with the constrained set of keywords.
Table 4 presents the results in details. We found that by
using constrained keywords list the results at every stage have
improved, though not as significantly as in the case of speech.

5.3. Improving Indexing Performance by Exploiting Redun-
dancy. While, we have presented the retrieval performance
for audio and visual keyword recognition task in the previous
sections, the goal of the system is to index the news-
stories with appropriate keywords. We define the indexing
performance of the system as

IP = |k|
|K| × 100, (1)

where k is the set of distinct keywords correctly identified
(and used for indexing the story) and K is the set of distinct
keywords present in the story.

The indexing performance is improved by exploiting
redundancy in occurrence of keywords in audio-visual
forms. In particular, we exploit two forms of redundancy.

(a) The same keywords are uttered several times in
a story or appear several times on ticker text. A
keyword missed out in one instance is often detected
in another instance providing better indexing perfor-
mance

(b) The same keyword may appear in both audio and
visual forms. A keyword often missed in the speech
is often detected in visuals and vice-versa. This adds
to indexing performance too.

Let Ka and Kv denote the set of distinct keywords actually
occurring in the speech and the visuals, respectively, in a
news story. Then, Ko = Ka ∪ Kv represents the set of
keywords appearing in the news-story. Similarly, let ka and kv
represent the set of distinct keywords detected in the speech
and visuals respectively. Then, ko = ka ∪ kv represents the
set of keywords detected in the news-story. The audio, visual,
and overall indexing performance (IPa, IPv, and IPo, resp.)
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Stage Image OCR output
Keywords
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English news story (E004)

Full frame
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resolution
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e
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news

bowled J al uc ua breaking Snlumn

Figure 8: OCR outputs at different stages of English and Bangla ticker text processing.

can be measured as

IPa = |ka|
|ka|

× 100, IPv = |kv|
|kv|

× 100,

IPo = |ko|
|ko|

× 100 ≡ |ka ∪ kv|
|ka ∪ kv|

× 100.

(2)

Table 5 depicts the indexing performance of the audio,
the visual and the overall system, with the constrained
keyword list. Note that the indexing performances of
audio and visual channels, both English and Bangla, are
significantly higher than the respective recall values. This
is because of the redundancy of occurrence of keywords
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, , ,  (4)
s s e

i  (6)

s

s e i

English news
story (E002)

Bangala news

story (E005)

Keyword spotted in ticker text Keywords spotted in speech Combined keyword list

[1] [2] [3] [4]

Thackeray Sachin Sena Salman sports politics
Milkha (7)

Kiran More   Sachin Tendulkar 
india politics Singh sports (9) 

∗ Thackeray Sachin Sena Salman
sports politics Milkha Singh Kiran 
More Tendulkar  india (12)

(8)

Figure 9: Combining audio and visual keywords for indexing. ∗Kiran More: More (pronounced Moré) is a proper noun and not the English
word.

in those individual channels. Finally, the overall indexing
performance for the stories is greater than the indexing
performances of individual audio/visual channels. This is
because of the redundancy of keywords across audio and
visual channels.

5.4. Illustrative Examples. This section provides some illus-
trative examples that explain the results in the previous
sections. Figure 8 shows the OCR outputs at different stages
of processing for examples of English and Bangla ticker
text, taken from the stories E004 and B004, respectively. It
illustrates the gradual improvement in results through the
different stages of image processing and dictionary-based
correction.

Figure 9 illustrates improvement in indexing perfor-
mance by combining audio-visual cues, with an English
and a Bangla example. Columns [2] and [3] in the figure
show the correctly identified keywords from the ticker
text and from speech, respectively. Column [4] depicts the
combined keyword list that is used for indexing the story.
The combined keyword list is derived as a union of keywords
spotted in ticker text and in speech. In these examples,
we observe that keywords not detected in speech are often
detected in visuals and vice-versa. Thus, combining keywords
detected in audio and visual forms leads to better indexing
performance.

5.5. Comparison. While comparing the system performance,
we keep in view the unreliability of the language tools
for processing Indian transmission. For example, we have
observed the average recall and precision values for keyword
spotting in speech to be approximately 15% and 47%,
respectively for English (see Table 1), as against typical
values of 73% and 85%, respectively in [36]. We also
observe that use of a constrained keyword list improves
the average recall and precision values to 26% and 72%,
respectively (see Table 2), which is still significantly below
the reported figures. For keyword detection in ticker text,
we have achieved an average recall of 59% (see Table 3)
without dictionary-based correction; as compared to 70%
reported in [50]. With dictionary-based correction, our
recall improves to 67% (see Table 4), which is a reasonable
achievement considering complexity of Indian Language
alphabets.

An experiment to combine text from speech and visual
has been reported in [51]. The authors report recall values
for speech recognition and Video OCR as 13% and 6%,
respectively. While speech recognition accuracy is compara-
ble to ours, we find the poor OCR results surprising. The
authors report a recall of 21% after combining audio and
video and dictionary based postprocessing. We have achieved
an indexing efficiency of 86%. Though the figures do not
directly compare, our system seems to have achieved a much
higher performance.
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6. Conclusion

We have proposed an architectural framework for automated
monitoring of multilingual news video in this paper. The
basic idea behind our framework is to combine audio and
visual modes to discover the keywords that characterize
a particular news-story. Our primary contribution in this
paper has been reliable indexing of Indian news telecasts with
significant keywords despite inaccuracies of the language
tools in processing noisy video channels and deficiencies
of language technologies for many Indian Languages. The
main contributing factor towards the reliable indexing has
been selection of a few domain-specific keywords, in contrast
to a complete transcription. Use of several preprocessing
and postprocessing stages with the basic language tools
has also added to the reliability of results. Moreover, use
of RSS feeds to derive the keywords automatically results
in contemporariness of the system, which could otherwise
be a major operational issue. The conversion of English
keywords, which are either proper or common nouns,
to their Indian Language equivalents helps indexing non-
English transmission with English (or any Indian Language)
keywords. The complete end to end solution is made
possible by integrating or enhancing available techniques in
addition to proposing several techniques that make multilin-
gual, multichannel news broadcast monitoring feasible. The
experimental results establish the correctness of the system.

While we have so far experimented with English and
one of the Indian languages, namely Bangla, we need to
extend the solution to other Indian Languages by integrating
appropriate language tools, which are being researched
elsewhere in the country. Moreover, India is a large country
with twenty-two officially recognized languages and many
more “unofficial” languages and dialects. Language tools do
not exist and are unlikely to be available in foreseeable future
for many of these languages. We propose to direct our future
work towards classification of news stories telecast in such
languages based on their audio-visual similarity with stories
in some reference channels (e.g., some channels in English),
which can be indexed using the language technologies.
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