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Abstract Scalable video coding has become a key
technology to deploy systems where the adaptation of
content to diverse constrained usage environments (such
as PDAs, mobile phones and networks) is carried out in
a simple and efficient way. Content-based adaptation
and summarization are fields that aim for providing
improved adaptation to the user, trying to optimize the
semantic coverage in the adapted/summarized version.
This paper proposes the integration of content analysis
with scalable video adaptation paradigm. They must be
fitted in such a way that the efficiency of scalable
adaptation is not damaged. An integrated framework is
proposed for semantic video adaptation, as well as an
adaptive skimming scheme that can use the results of
semantic analysis. They are described using the MPEG21 DIA tools to provide the adaptation in a standard
framework. Particularly, the case of activity analysis is
described to illustrate the integration of semantic
analysis in the framework, and its use for online content
summarization and adaptation. Overall efficiency is
achieved by means of computing activity using
compressed domain analysis with several metrics
evaluated as measures of activity.

1 Introduction
In the current multimedia scenario, many possible ways
of access to the content are available, as different and
heterogeneous terminals and networks can be used by
the potential users. Adaptation[1] is a key issue to bring
the content from the service providers to the actual
users, each one using their own terminals and networks,
with their own capabilities and constraints, enabling the
so called Universal Multimedia Access (UMA)[2].

Especially important is the case of mobile devices, such
as PDAs and mobile phones, where other issues as
limited computational resources and low power
consumption requirements become very important and
low-complexity codecs and decoders are necessary.
MPEG-21 is a standarization effort to develop a
interoperable multimedia framework. This framework is
built around the concept of Digital Item (DI). The DI is
the basic unit of transaction in MPEG-21, including a
standard representation, identification and metadata.
Digital Item Adaptation (DIA) is the part of the standard
that tackles the problem of adaptation of DI to
heterogeneous usage contexts. DIA specifies adaptation
related metadata, including those related to the usage
environment such as terminal capabilities, network and
user characteristics.
Scalable coding is an elegant solution to
adaptation[3]. A scalable video stream contains
embedded versions of the source content that can be
decoded at different resolutions, frame rates and
qualities, simply selecting the required parts of the
bitstream. Thus, scalable video coding allows a very
simple, fast and flexible adaptation framework to a
variety of terminals and networks, with different
capabilities and characteristics. The numerous
advantages of this coding paradigm have motivated an
intense research activity with the development of new
wavelet based video codecs[4] and the forthcoming
MPEG-4 SVC standard[5].
Adaptation techniques, such as scalable video
adaptation, transcoding or transmoding, lead to a
modified version that usually will result in a reduction
of the fidelity of the content. This information loss is
distributed uniformly in the whole content, reducing the
resolution, the frame rate or the quality. However, this
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approach is blind to the content itself, as it does not
know anything about what is actually happening. As the
final user will prefer to know what is happening in the
content, blind adaptation sometimes can lead to some
loss or severe degradation of important information for
the user. It would be better to try to preserve those parts
more “semantically” relevant. Low level semantics
extracted from the analysis of the content can help to
perform a better adaptation and personalization[6].
There are many applications where such information
loss is desirable at some extent. In these applications,
the user wants to have a shorter or smaller, but still
informative version. A short trailer of the video or a
collection of relevant frames can be very helpful for the
user to have in mind what happens in the content in less
time than playing the whole content, and in a more
useful way than reading the title or an abstract. This set
of keyframes or segments of video need to be selected
from the source content according to some semantic
criterion, as they should be representative of as much of
the whole content as possible. Semantics enable a better
retrieval and browsing of the multimedia content,
providing to the user ways to access and browse large
multimedia repositories more effectively
To extract the semantics from the content some kind
of agent or system needs to analyze the content. One
solution is manual annotation but it is very time
consuming, hard, expensive and unfeasible for most
applications. Automatic analysis is very important to
extract semantics avoiding human participation. High
level analysis and understanding is still very difficult
and complex for automatic systems (the so called
semantic gap), but low level analysis is much easier and
very helpful for semantic adaptation. Specially,
compressed domain analysis gives the efficiency
required to allow fast solutions, avoiding full decoding
and taking advantage of the compressed domain data as
usable features.
The need to effectively browse and manage the huge
amount of video content available in personal and
commercial repositories, and the possibility of access
from diverse terminals and networks, makes essential
the use of systems combining summarization techniques
and adaptation for effective delivery to the user. This
paper contributes exploring the use of semantic analysis
in the adaptation process of a scalable video stream, in
an integrated framework. It also discusses how the
analysis can take advantage of the compressed domain
and the scalability, in order to keep efficient the whole
adaptation engine. The second contribution is a specific
video skimming scheme for scalable video, developed
within this framework, and the way that it is described
using MPEG-21 DIA tools. In this scheme, the results of
semantic analysis guide the temporal adaptation of the
content, but keeping the advantages of scalable video
adaptation.

The semantic analysis plays an important role in the
quality of the resulting summaries/skims, but the
semantic analysis itself is not in the scope of the paper,
which is focused on the discussion and development of
an integrated adaptation framework. The framework is
generic enough to use a variety of semantic analysis
approaches. However, the framework and the skimming
method are illustrated with a simple low level analysis
based on computing the activity using compressed
domain data.
The rest of the paper is organized as follows. Section
2 briefly discusses the related work. Then, Section 3
describes a generic framework for semantic adaptation
of scalable video which is used in Section 4 to propose a
scheme for content based skimming. In Section 5, the
scheme is integrated in the MPEG-21 DIA adaptation
tools. In Section 6 and 7 experimental tests are
presented. Section 8 discusses the proposed framework
and related approaches, and finally Section concludes
the paper.

2 Related work
2.1 Analysis for video adaptation and
summarization
Conventional video adaptation (e.g. transcoding) does
not take into account that the sequence is actually
transmitting information with some meaning for the
user. Any level of understanding of the structure or the
semantics in the sequence can be useful to take
adaptation decisions that improve the quality and
meaninfulness of the sequence perceived by the user[1,
6, 7]. Dynamic frame dropping is an example of
adaptation technique using information from
analysis[8].
Summarization can be considered as a specific type
of semantic/structural adaptation where the main
objective is the reduction of the information removing
semantic redundancy for efficient browsing and
presentation of the content. Static storyboards are widely
used in video browsing and retrieval to represent the
content in few keyframes[9-11]. Several representative
frames are selected according to some analysis
algorithm in a way that the semantic coverage of the
content is optimized and represented in few specific
frames.
At a higher semantic level, the sequence can be
structured as a collection of shots, in which the relevant
frames are selected using motion information or feature
clustering. Complex representations have been
investigated to model the relationships between shots in
more abstract units (scenes), in order to obtain more
meaningful summaries for retrieval[[12]. Sometimes the
selected frames are not presented as a collection of

images, but in a shorter video sequence, resulting in a
fast preview of the content [13].
Video skims are another modality of video
abstraction, similar to summaries, but usually built
extracting significant segments from the source
sequence rather than individual frames. A number of
approaches have been used to generate video skims,
including visual attention[14], rate-distortion[15], graph
modelling[16] and image and audio analysis[17].
Efficient video analysis for adaptation and
summarization has been also explored in MPEG
compressed domain. The analysis in compressed domain
is constrained by the data available in the bitstream,
such as DCT coefficients, motion vectors and
macroblocks modes in MPEG-1/2 video codecs.
Although the analysis is more limited than in
uncompressed domain, the main advantage is the high
efficiency. Activity and motion features have been
widely used[13, 18] as criteria to select or drop frames.
Camera motion can be also extracted from the
compressed data. The specific coding structure can be
also also exploited to drop motion compensated
frames[19, 20]. [18] uses MPEG-21 DIA tools to
efficient drop frames of a H.264 coded bitstream using
simple frame dropping operations.

2.2 Fully scalable video
Scalable coding of media has received an increasing
interest in recent times. The advantage of a scalable
bitstream is that it can be encoded once, but multiple
versions can be decoded, each of them being suitable for
different practical usage environments. Besides, the cost
of building these adapted versions is extremely low
compared with conventional adaptation techniques, such
as transcoding, due to the embedded structure of the
scalable bitstream.
A fully scalable video bitstream is organized
according to a three dimensional spatio-temporal-quality
structure where the parts (or atoms) are arranged as
blocks in a cube where each coordinate (s, t, q) in this
space represents an adapted sequence, and determines
which blocks should be included in the adapted
bitstream (see Figure 1). The increment of the
coordinate in one of the dimensions corresponds to an
additional layer that enhances the adapted sequence in
that dimension.
The scalable bitstream is processed in a GOP (Group
of pictures) basis (each GOP is the adaptation unit), and
depending on the constraints in the usage environment,
the three independent coordinates (s, t, q) should be
determined, in order to obtain the desired adaptation.
Note that several properties of the GOP such as bitrate
or PSNR are functions of these three coordinates.

Figure 1. Representation of the first two GOPs of a
fully scalable video bitstream.
There are a number of techniques developed to
achieve spatial and temporal scalabilities. Interframe
wavelet codecs[4, 21, 22] use hierarchical subband
decompositions to provide an embedded representation
for spatial scalability. Temporal scalability is achieved
using a hierarchical subband decomposition of frames
within a GOP. This decomposition is combined with
motion compensation (Motion Compensated Temporal
Filtering-MCTF[23]) to improve the coding efficiency.
The other major category of scalable video codecs
are the H264 extensions, most notably MPEG-4
SVC[5]. It uses H264/AVC as base layer and the rest of
the spatial enhancement layers are coded exploiting
inter-layer prediction. For temporal scalability,
hierarchical prediction structures with motion
compensation are used.

3 Adaptation framework
This section discusses the design of a generic framework
combining efficient scalable video adaptation for
applications that need some level of understanding of
what happens in the content, in order to improve the
utility of the adaptation to the user. It also enables more
complex adaptation modalities using this low level of
understanding of the content. In order to try to fit these
two aspects into an efficient integrated framework, a
number of requirements are discussed.
The adaptation engine should be aware of the usage
environment. This first requirement is essential, as no
adaptation is possible if no information about the
context to adapt is available. MPEG-21 DIA[2] tools
include the Usage Environment Description (UED) tool
to detail the characteristics of networks and terminals.
Scalable video coding can use this context information
and perform this context-aware adaptation in a very
efficient way.
The adaptation engine needs a mechanism to add
semantic information, in order to guide the adaptation
process and enable semantic-based applications. Such
content-aware adaptation is required for content-based
summarization. This semantic information of the content
must be available to the adaptation engine, either as
previously stored metadata or either obtained from an
analysis stage.
A desirable third requirement is online processing.
This requirement is not always necessary, but it is

imposed to allow applications in scenarios where future
content is not available. Online processing refers to the
processing of the content as it arrives, with no need of
future content (usually because it is not available). Live
broadcasting, videoconference and surveillance are
examples of scenarios where online processing is useful,
but other scenarios can also benefit from the online
processing. The main advantage of online processing is
the low delay in the delivery of the adapted content.
Another advantage is the low processing and storage
requirements that usually need these approaches.
However, there is an inherent problem in online
processing for video summarization and indexing, and
in general, for all the techniques that need a temporal
structure of the content into meaningful segments.
Online processing is causal, and temporal condensation
techniques that try to optimize the coverage using
semantics are of necessity non-causal, as they require all
the content analyzed in order to build a meaningful
summary. Even for human users it is not possible to
summarize a movie without having seen it completely.
Buffering parts of the content is useful to relax that
problem, but there is always a trade off between
coverage and delay in the delivery. So this requirement
will lead to non optimal summaries, but still can be
useful enough to build fast summaries and previews.
Finally, it is always highly desirable to keep the
whole framework efficient. Effciency is the main
motivation to develop the framework proposed. Usually,
most of the applications requiring online processing will
also require efficiency, in order to be able to process all
the content at it arrives.
Although the importance of semantic analysis is
critical for good video abstraction, the paper is not
focused on any specific analysis algorithm, but in a
flexible framework that could easily include other
analysis methods. In order to take advantage of the
scalability and the compressed domain, some ideas are
discussed to obtain meaningful data directly from the
bitstream. These points are shown later with a specific
activity based analysis.

engine. The semantic data could be generated previously
and stored as metadata along with the content (see
Figure 2b). Standards such as MPEG-7 provide standard
description tools for specifying low level semantics that
can be used in summarization[24]). In this architecture,
the adaptation process is driven by metadata[25], and
the computational burden due to the analysis is avoided
at time of adaptation and shifted to a previous stage.
There are no constraints in the efficiency and
complexity of the analysis algorithms. It is suitable for
scenarios where the content is created and stored before
the consumption, such as retrieval of video from
previously stored content repositories. The adaptation is
still very efficient and online, with knowledge of the
semantics of the whole content. When content metadata
is available it should be used as it can help to improve
the adaptation and summarization without a significant
overload of the system.

3.1 Semantic adaptation engines

Figure 2. Adaptation engines: (a) Content independent;
(b) Content aware (metadata-driven)

An adaptation engine should be able to generate
sequences that satisfy a given set of constraints of the
usage environment. Then, the terminal will be able to
decode the adapted sequence. Using scalable video, the
adaptation engine is a simple bitstream extractor that
truncates the bitstream selecting only the parts required
according to the constraints (see Figure 2a). Thus, the
adaptation process is very fast and performed online. In
this case, the adaptation is completely blind to the
content itself.
A more complex adaptation engine can use the
semantics in the content to guide and improve the
adaptation process. Content-based summarization and
skimming are also possible as part of the adaptation

(a)

(b)

However, metadata is not always available. Besides,
in many scenarios the content should be delivered and
adapted online just after its creation with low delay, and
the analysis and adaptation are very constrained. In this
case, the analysis should be included in the adaptation
engine. The architecture of such content based
adaptation engine includes an analysis stage that will
guide the bitstream extractor (see Figure 3).

Figure 3. Proposed content aware adaptation engine,
with online analysis.
Note that if the engine is required to process online
the content, the analysis will be required to be online
too. Thus, most of the semantic summarization
algorithms cannot be used, as they need to have all or at
least certain amount of the content preprocessed (shot,
or scene) to extract a summary.
In this last architecture, it is important to be careful,
because one of the key advantages of scalability is that
adaptation engines are extremely efficient. The semantic
adaptation should be also very efficient in order to keep
the advantages of the scalable video framework. To
satisfy this efficiency requirement, the analysis should
be very efficient as well. For this reason, it is very
desirable that the analysis stage work directly over the
compressed domain parameters present in the coded
bitstream, in order to avoid decoding. The rest of the
paper is focused on this architecture using compressed
domain analysis to provide efficient analysis and
keeping the whole adaptation process efficient.

of many analysis algorithms without significant
degradation of the results.
 Motion fields. Temporal interframe redundancy is
usually exploited using a motion compensated
approach, either MCTF, or either hierarchical
prediction structures. In both approaches there are
different sets of motion vectors coded in headers,
giving a coarse representation of the motion of the
objects in the frames.
These basic features can be used by the analysis
algorithms to obtain higher level semantics, such as shot
change detection[28], activity analysis[29], camera
motion[30] and coarse spatial segmentation[31], among
others, in the same way as they are widely used in
MPEG-1/2 working with motion vectors and DC
images. Section 6 describes some experiments where
compressed domain data from a scalable video codec
are used to perform activity analysis, using the basic
features discussed previously.

4 Video skimming of scalable video
Previous section has discussed the abstract model to
provide semantic adaptation integrated with scalable
video adaptation. This section and the rest of the paper
focuses on a specific adaptation scheme that uses the
previous model, taking advantage of the temporal
scalability to provide semantic selection of frames
(skimming). In this scheme, the adaptation engine can
vary the frame rate of the adapted sequence depending
also on the semantics of the content.

3.2 Compressed domain analysis in scalable video
Working directly on the compressed domain for efficient
analysis has been extensively explored for coding
standards like MPEG-1/2/4, based on hybrid video
coding using spatial DCT together with motion
compensation. Compressed domain analysis avoids
most of the decoding stages, but more important,
dramatically reduces the amount of data to process(e.g.
DC images[26]) and provides meaningful parameters
that can be used to extract useful features for
analysis[27]. There is a wide variety of experimental
fully scalable codecs, most of them sharing common
approaches to the scalability that can be used to extract
useful parameters. There are two features that can be
extracted easily from most of these codecs in a generic
way:
 Low resolution images. Discarding all the spatial
enhancement layers. Only the base layer is required
to be decoded. Discarding temporal layers can
further reduce the decoding time, as no inverse
temporal steps are required. These low resolution
frames carry almost the same information as the full
resolution source frames, and can be used as input

Figure 4. Proposed scheme for content based skimming
of scalable video.
The skimming scheme is depicted in Figure 4. The
semantic information is linked to the bitstream
extraction using a skimming curve, indicating the
number of frames that should be selected for each GOP.
This skimming curve is the result of the analysis stage.
Due to temporal scalability, each GOP will have several
possible temporal versions. Depending on the value of
the skimming curve, the most suitable temporal version

of the GOP will be selected from the input bitstream,
and included in the adapted bitstream.
The skimming curve can be obtained by means of
semantic analysis of the content or from previously
stored metadata (following the metadata-driven
approach of Figure 2). The quality of the
summary/skim will depend on the capability of the
semantic analysis to extract the relevant frames of the
sequence for a given application (e.g. skimming,
summarization, fast browsing) and context. However,
complex analysis algorithms are out of the scope of this
paper, instead a simple method is described to illustrate
the use of low level semantics in the framework. An
extended approach is the use of an activity or motion
intensity index that can easily be converted to a
skimming curve, and also can be extracted online.

4.1 Activity based skimming
Activity has been proposed as a measure of
summarizability of a video sequence[12], where static
parts of the video sequence can be represented with few
frames, and high activity parts due to motion need more
frames to cover the events of the frames. Following this
reasoning, activity analysis is used to obtain the
skimming curve. An activity measure is given to each
GOP in the source sequence using information present
in the coded bitstream. Using the skimming scheme
proposed (see Figure 4), the number of frames available
for each GOP will depend on the scalability framework,
and will be selected according to its activity.
Let T be the number of temporal decompositions
(there will be T+1 levels, from 0-lowest frame rate- to Thighest frame rate-). Assuming that level 0 has 1 frame
per GOP the length of the GOP will be

L 2 T 0
and the number of frames per GOP at level t

Lt )  2 t

t   0,1,2,  , T 

0

In the scheme, the activity is assumed to vary
linearly with the measured activity. The skimming curve
rk is then related with the activity ak of the GOP k with a
constant K:

rk  K ·a k

0

Due to the dyadic structure used in temporal
scalability, each additional temporal layer doubles the
number of frames in the GOP. If M is the number of
desired skimming levels in the skimmed sequence, the
possible number of frames that the GOPs of the adapted
sequence will have is in the set



SK  2 T  M 1 ,  ,2 T



M 0

0
The temporal level to be selected will be the result of
quantizing the skimming curve rk in the SK set, and
gives the number of frames per GOP in the skimmed
sequence
m k  rk  SK

0

The previous skimming curve could be used to guide
the bitstream extraction process. However, sudden
variations in the curve lead to too many fast and
continuous accelerations and disaccelerations that are
undesirable in the skimmed sequence. In order to keep a
more natural behaviour in the skimming, a simple
smoothing filter has been used.

m k  0.7 rk  0.3 rk  1  SK

0

It is convenient to use parameters directly related
with the temporal scalability in terms or temporal levels
more than frames per GOP. The parts that will remain in
the bitstream are those required to decode each GOP
with at a given number of frames mk , corresponding
to the temporal level:

pk log 2 mk 0
Note that M can be higher than the number of
available temporal levels, and the number of frames per
GOP can be lower than 1 frame. (0) is only valid when
mk is 1 frame per GOP or greater. When the number
of frames per GOP is below 1 frame, only is kept the
lowest frame rate version (temporal level 0) of the GOP,
and a number of the subsequent GOPs will be skipped,
according to the values of the skimming curve, in order
to achieve the desired frame rate. This skipping
procedure is signalled to the adaptation stage with an
extra variable skipk that is true when the GOP is skipped.
The bitstream extractor will use the values of pk and
skipk to achieve the desired temporal adaptation. Note
that, regarding to spatial and quality adaptation, the
behaviour of the adaptation engine is non content-based,
adapting to the constraints specified in the usage
environment. Only those parts required for decoding the
given frame size and quality will be kept in the adapted
bitstream.

the usage context can be described. As the objective is
the adaptation to a given constrained usage context,
most of the constraints specified in UCD are related to
the capabilities described in UED (e.g. terminal size,
network bitrate).

4.2 Application to dynamic frame dropping and
fast browsing
This scheme enables the use of the scalable video
adaptation for applications using content based
skimming of frames.
One of such applications is fast browsing[13] of
video sequences. The input sequence is compacted in an
adapted sequence with fewer frames. Played at full
frame rate (or the highest frame rate allowed by the
terminal), the adapted sequence can be much shorter, but
still with most of the coverage of the content. It can be
useful when the user wants a fast glance of the video
content (a quick video summary), but trying to keep the
semantics in terms of ‘pace’ in the sequence, skipping
faster low activity parts and focusing on those parts
where more activity is detected. In the case of using the
proposed adaptation scheme for fast browsing, the
adapted sequence is played with constant frame rate, but
with variable GOP rate, as the number of frames of each
GOP is selected dynamically.
If the same set of selected frames is played at
constant GOP rate, instead of playing at constant frame
rate, the length of the adapted sequence will be the
same. The adapted sequence will be presented in the
terminal as the same sequence but with fewer frames in
static parts and more frames in more active ones. Such
adaptation can be seen as an adaptation engine using
dynamic frame dropping[20] in scalable video.

5.1 Scalable video adaptation in MPEG-21 DIA
In this work, the MPEG-21 DIA approach is followed,
using the same tools and concepts as in the case of
conventional scalable video adaptation, and extending it
to include the semantic adaptation as new elements in
the optimization problem. The problem of adapting fully
scalable video consists of selecting the adaptation
coordinates (s, t, q) of each GOP (the adaptation unit)
that gives the best adapted version for a given set of
constraints.
In the case of fully scalable video, usually the
optimization problem is to maximize a measure of the
quality, given the constraints of the usage environment
(network and terminal). In this application, the metric
selected to be maximized is an ad-hoc metric
(PSNRGOP) based on the peak signal to noise ratio
(PSNR) from the mean square error of the full GOP of
the frames upsampled to the highest frame rate. For a
GOP with spatial level s, temporal level t and quality
level q is computed as

5 Adaptation to the usage environment
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At this point, the usage environment has not being
considered yet. The problem of adapting bitstreams to a
given usage context can be formulated using some tools
of MPEG-21 DIA, designed to describe generic
optimization problems and the constraints involved in
the adaptation process[32].
The decision problem in DIA is formulated using the
description tools Universal Constraints Description
(UCD) and Adaptation Quality of Service (AQoS). The
UCD tool specifies directly the constraints involved in
the problem (e.g. maximum width, maximum bitrate)
using numeric expressions that relate the constraining
value with the variable that is being constrained. The
AQoS tool specifies the dependencies between the
variables (termed as IOPins in MPEG-21 DIA) involved
in the optimization problem. Some of these variables are
independent, while the rest depend on the other
variables. The decision-taking engine processes the
input bitstream selecting the best adaptation variables
using the information available in AQoS and UCD for a
given adaptation unit. Then, the bitstream adaptation
engine performs the actual extraction and modification
of the bitstream according to the adaptation variables.
A third adaptation tool that is usually used together
with UCD and AQoS is the UED, where a description of
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Figure 5. Quality measure PSNRGOP for 2 and 4
temporal layers.
The optimization problem
application can be expressed as:

involved

in

this

maximize PSNRGOP=f(NTEMP, NSPATIAL, NQUAL;
GOP)
subject to
FRAMEWIDTH ≤ display_width
FRAMEHEIGHT ≤ display_height
FRAMERATE ≤ display_refresh_rate
BITRATE ≤ max_bitrate

The constraints are imposed by the usage
environment (described in the UED tool). The
independent variables to be optimized are NSPATIAL,
NTEMP and NQUAL (equivalent to the (s,t,q)
adaptation coordinates), indicating the number of
spatial, temporal and quality layers in the adapted GOP.
The rest of variables are not independent, and can be
obtained as functions of NSPATIAL, NTEMP and
NQUAL, and the number of the GOP, declared in the
AQoS tool.

(see Figure 2b). However, this work addresses the
architecture guided by compressed domain analysis,
where the activity is computed online as the content
arrives (see Figure 3). A hybrid architecture with
caching can take advantage of the compressed domain
analysis the first time that the content is requested and
store the measure of activity or the temporal level in an
additional AQoS descriptor, and then follow a fully
metadata-driven approach for the next adaptation.

5.3 Personalization aspects
Each user could have different preferences on the
amount of skimming for fast browsing. In the proposed
system, it depends on the minimum activity threshold K
and the number of levels M in the skimming curve, and
it will lead to different skimmed versions. These two
parameters could be specified by the user or predefined
in a personalization profile. However, they cannot be
included directly in as preferences in the summarization.
A more intuitive parameter could be the minimum
skimming ratio, expressed as

5.2 Adding semantic constraints
The scheme of activity based skimming of scalable
video described previously can be included in the
MPEG-21 DIA framework modifying the optimization
problem in order to include the results of analysis as
new constraints and variables. The skimming level pk
limits the temporal coordinate t (represented by
NTEMP). The GOP skipping can be included as a new
variable INCLUDE_GOP signaling if the GOP should
be included or not according to the value of skipk. The
new optimization problem with these semantic
constraints is:
maximize PSNRGOP=f(NTEMP, NSPATIAL, NQUAL,
INCLUDE_GOP; GOP)
subject to
FRAMEWIDTH ≤ display_width
FRAMEHEIGHT ≤ display_height
FRAMERATE ≤ display_refresh_rate
BITRATE ≤ max_bitrate
NTEMP ≤ (analysis_temporal_level = mk)
INCLUDEGOP = NOT(skipk)

These two new constraints are imposed by the
activity analysis stage in the previously described
framework. Note that bitrate should take into account, if
necessary, the fact of the speeding up of the sequence
and consequently the GOPs as adaptation units. When
the presentation of the adapted sequence includes time
reduction (e.g. fast browsing), each GOP can have
different number of frames but presented in a constant
frame rate. Thus, GOPs with fewer frames should be
delivered faster than those with more frames.
The value of analysis_temporal_level can also be
computed previously and stored along with the content
and the rest of adaptation metadata, usually in the same
AQoS descriptor, in a fully metadata-driven architecture

ratio 

FRAMES IN SUMMARY
 2  ( M  1)
FRAMES IN SEQUENCE

0
where the number of levels M can be easily derived. As
at least 1 frame each 2M-1 frames, this ratio allows the
user to express a minimum, in the case of static
sequences. In practice, more frames are selected, as
usually the videos have activity, and the smoothing filter
will also affect the final number of frames per GOP.
From the user’s point of view, it is more useful to
quantize the parameter K in some levels and include it in
the profile in terms of predefined values linked to high,
medium or low amount of skimming.

6 Experiments on Activity Analysis
The activity measure should reflect as much as possible
the actual activity present in the content. The
performance of the adaptation process will rely on it.
The activity should be computed in a GOP basis, as it is
the basic unit in the adaptation engine.
However, in order to keep an efficient adaptation
engine even when there is no previous activity data, the
measure should be rapidly computed from the
compressed domain parameters present in the bitstream,
avoiding decoding or partial decoding as much as
possible.

6.1 Data extraction for analysis
As it was pointed previously, the extraction of useful
features from the coded bitstream is of necessity
dependent on the codec itself, its format and
implementation. In this section we will focus on wavelet
based video coding and the specific implementation
used for this paper. Wavelet coding enables a natural
multiresolution framework for highly scalable video
coding. Most works on this subject are based on two
transforms: a wavelet transform in the temporal axis,
combined with motion compensation (MCTF), and
another 2D spatial discrete wavelet transform (2D
DWT). There are many codecs that use the framework,
known as t+2D framework, where the temporal
transform is performed before the spatial transform. In
this paper we consider the specific codec described in
[22, 33]. It uses MCTF with hierarchical variable size
block matching (HVSBM)[34] and forward motion
compensation.
To extract low resolution images we can take
advantage of the spatial scalability to avoid almost all
the decoding. In the coded bitstream, the lowest frame
size version embedded in the stream is used. Discarding
all the spatial subbands except the lowest one, the
amount of data is highly reduced, all the inverse 2D
DWT are avoided and inverse MCTF is performed over
a number of pixels much lower. Thus, the decoding time
is dramatically reduced, as most of the decoding is not
necessary. In the case of the studies presented in this
section, only a frame per GOP is required. We can take
advantage of the temporal scalability to further reduce
the decoding steps, noting that the first temporal layer
already is the low pass temporal subband containing the
small resolution image, so there is no need of inverse
MCTF (see Figure 6). Only texture or entropy decoding
is required.

can be more useful than others. Motion vectors are
usually coded in the header and can be easily extracted
without further decoding. However this feature is more
codec dependent, as it also depends on the block
matching algorithm used.

6.2 Motion Activity
Motion activity is defined as a measure of the “intensity
of motion” or “pace” of a sequence as it is perceived by
a human. MPEG-7[13] includes a descriptor of the
intensity of motion activity. It is based on the standard
deviation of the motion vectors quantized in five levels.
For this work, the quantization step is not used, in order
to have a continuous motion activity measure. For the
case of a scalable video codec, previous
experiments[35] showed that it is enough to use only the
set of motion vectors from the lower temporal level to
estimate the motion activity of a GOP. Using this set of
motion vectors (see Figure 6) from the lowest temporal
level and including the area of the blocks, the intensity
of motion activity descriptor is then computed as:

1
A

a kMV 

N1

 a k (i)



m k (i )  m k

2

i 0

0
where 
N is the number of motion compensation blocks
and m(i ) is the motion vector at block i. The

parameters a(i), A and m (i ) are respectively the area
of the block i, the total area, both in pixels, and the mean
motion vector. The use of the area is to cope with
veriable block size motion compensation. Figure 7
shows the motion activity computed using the
expression as was proposed in (0).
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Figure 7. Activity computed using the motion vectors.

Figure 6. Extraction of compressed domain data for
analysis from a wavelet scalable video codec.
Due to the hierarchical motion structure of the
dyadic decomposition using MCTF, different sets of
motion vectors for each temporal level are available in
the GOP. Depending on the analysis algorithm, one set

An important drawback of the use of motion vectors
to perform compressed domain analysis is the presence
of a large amount of spurious vectors, which do not
represent the real motion in the scene, and will depend
on the specific implementation of the encoder and its
configuration (usually, search algorithm and window).

6.3 PCA Space Euclidean Metric
Li et al[15] argue that motion activity is still very
expensive to compute, and a metric based on Principal

Component Analysis (PCA) is proposed. Each frame is
downsampled to a very low frame size WxH, such as
8x6, and projected through PCA to a linear subspace
preserving most information in a reduced dimension.
The activity is computed as the weighted euclidean
distance between the first frames of two consecutive
GOPs. Only the six most significant of the 48
coefficients are considered in our experiments:

0

YkPCA T PCA  S 8 x 6  Fk  
5

1  i  
 YˆkPCA  i   YˆkPCA

2

i

i 0

0

500

In (0) and (0), T PCA denotes the PCA transform,
S 8x 6 is the scaling operation to 8x6 size arranged in a

YkPCA

ŶkPCA

vector of 48 values,
and
are the PCA
feature vector of the frame Fk and the truncated feature
vector to the first 6 values, where I6x48 is the identity
matrix truncated in rows to 6x48,  i are the weights,

6.4 DCT Space Euclidean Metric
A possible variation of the previous metric is the use of
the Discrete Cosine Transform (DCT). In this case, the
projection subspace is suboptimal, though very close to
the PCA subspace when the source is a Markov process
of 1st order[36]. In this case, the feature vector is:

YkDCT T DCT  S 8 x 6  Fk  

0

where T DCT is the 1-D DCT transform. The
corresponding activity will be

a kDCT 
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Figure 8. Activity computed in PCA and DCT spaces.

7 Experimental Results
The proposed framework and skimming algorithm were
tested with a sequence built chaining three standard
sequences: akiyo (low activity), foreman and stefan
(medium-high activity). Each of these sequences has
300 frames with CIF resolution at 30 frames per second.
This sequence was encoded with the QMUL’s wavelet
SVC codec][22], using 3 temporal decompositions (4
possible reconstructed frame rates), 3 spatial
decompositions (4 possible reconstructed frame sizes)
and 4 quality levels, with a GOP of 8 frames. The
sequence was adapted to a terminal with a display size
of 176x144 and 30 frames per second using the
proposed semantic adaptation engine. The only semantic
feature used to guide the frame selection in this test is
the activity.
150

100

Activity

and a kPCA denotes the activity curve in the GOP k.
Thus, the activity of the GOP can be computed very
fast with this technique, avoiding decoding and using a
very low amount of values. In our experiments, the PCA
subspace is computed for the whole sequence, so it has
the drawback of having to process all the sequence first
to obtain the basis, and then process it again to obtain
the features. With this approach, it is not possible to
adapt on-line the sequence, or avoiding buffering of
blocks of GOPs.

PCA space
DCT space

400

Activity

a kPCA 

The activity curves obtained using the DCT-based
metric are very close to those obtained with the PCAbased one (see Figure 8). Besides, DCT can be
computed faster and the basis does not need to be
computed for each sequence, so it could be used in
online adaptation.
Figure 8 also shows that shot changes have an
extraordinary high value of activity. Another advantage
of using these metrics in a GOP basis, is the possibility
of the detection of shot changes by hard thresholding,
with a GOP precision, which is enough in many cases. It
can be detected both cuts and gradual transitions with
lengths up to a half GOP (in the experiments GOP is 8
frames, so up to 4 frames long). This is not possible with
the motion activity curve, as there are no motion vectors
relating adjacent GOPs.
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Figure 9. Adaptation of the test sequence. (a) Activity
and thresholds; (b) Number of frames per GOP in the
adapted sequence before and after smoothing filter.

0.6

Another consequence of discarding temporal layers
is the reduction of the decoding time in the terminal, as
several MCTF steps are avoided (see Figure 11). This
fact can be very useful to reduce the complexity at the
terminal side. For the implementation used in the
experiments, the decoding time depends more heavily
on the quality level, than on the temporal level, due to
entropy decoding.
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Figure 11. Decoding time (normalized) for full spatial
resolution.
Figure 12a shows the results for different values of
the parameters K in the test sequence. A higher value
will lead to shorter summaries. This summary can be
played much faster giving an effective fast overview of
the content. If this result is used in adaptation with
content based frame dropping the decoding time is
highly reduced (see Figure 12b). Note that skipping a
GOP takes almost no time. This second application can
be very useful to adapt to complexity constrained
environment, due to reduced processing capability, or
due1000
to limited battery power which is usually preferred
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Figure 10. Example of adapted sequence.
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The metric used to measure the activity was the DCT
based. Error: Reference source not founda shows the
activity curve and the thresholds used, setting the value
of the minimum activity threshold K to 0.6, and the
number of skimming levels M to 8. In Error: Reference
source not foundb it is shown the number of frames per
GOP before and after the smoothing filter. Comparing
both adapted sequences generated from the non filtered
and filtered curves, the second has much less variations
and looks more natural. The adapted sequence is shown
in Figure 10. The frames have been selected according
to the activity. A number of 99 frames were selected out
of 900. A lot of significance is given to the panning in
foreman sequence, because the DCT measure (as PCA
does as well) gives a high activity measure to the parts
with camera motion. If these camera effects are not
desirable in the summarized sequence, or desirable to be
represented with fewer frames, a proper metric focusing
more on object motion should be used.
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Figure 12. Results of adaptation for diffent values of K.
(a) Number of frames in the adapted sequence; (b)
Decoding time reduction.
A second test was done using a higher resolution
sequence (4CIF, i.e. 704x576), built with other three
standard sequences: mobile (low activity), harbour
(low-medium activity) and basket (high activity). The
resulting curve of activity and the number of frames per
GoP are shown in Figure 13, for the same set of
thresholds as in the previous test. As it was expected,
basket has a higher number of frames in the adapted
sequence (see Figure 14) than mobile and harbour.
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Figure 13. Results for the second test sequence. (a)
Activity; (b) Number of frames per GOP in the adapted
sequence.

Figure 14: Example of adapted skim for the second test
sequence
Finally, in order to show the differences due to the
content semantics (activity), the algorithm was tested
with the six basic sequences used in the previous test
sequences. Figure 15 shows the number of frames
selected (in percent) for each of the sequences. Due to
the online processing, the number of frames in the
adapted sequence depends on the activity of the content,
and it cannot be determined prior to the adaptation itself.
For a given threshold, more frames are selected in
sequences with more activity (foreman, basket) while
few frames are selected in static ones (akiyo).

Figure 15. Comparison of the number of frames
selected.

8 Comparison and relation with other
approaches
The proposed framework and skimming scheme
integrate two of the stages necessary to deliver an
adapted skim or summary to a user in a constrained
environment. Existing approaches focus either on
summarization[14-17] or either in adaptation[1, 3, 37].
In summarization works, adaptation usually is not
considered and, if necessary, it is added as an additional
independent stage, leading to a much less efficient
system.
From the adaptation point of view, scalable video
coding and transcoding are the main technologies for
content-blind adaptation. Transcoding[37] is the most
used approach for adaptation of video summaries,
usually only encoding from uncompressed frames to
video. Compressed domain transcoding helps to
improve the efficiency. However, scalable video coding
is the most efficient approach to adaptation of the video
signal, in contrast to transcoding. Scalable video can be
used to extract non content based skims, just selecting a
lower temporal version (see Figure 2a). Compared with
the proposed approach, it has the drawback of not using
the semantic relevance, leading to less useful
summaries. Figure 16 shows the skim resulting from the
selection of the second temporal level of the bitstream of
the second test sequence. Activity is not considered in
the adaptation. Although it has a similar number of
frames compared to that resulting from the proposed
system (see Figure 14), static and very active parts have
the same proportion of frames.

the advantage of high efficiency and the adaptation
integrated with the summarization.

9 Conclusions and future work

Figure 16: Example of skim generated using a non
content based approach
Some approaches for non scalable video adaptation
use low level semantics to help the adaptation. [13] uses
motion activity for adaptive fast playback of video
sequences. [18] uses a similar method to drop frames
dynamically in H.264, according to a measure of the
perceived motion. In this case, B frames are dropped in
parts with low perceived motion. The proposed method
takes advantage of the temporal scalability to obtain a
similar behaviour.
Metadata-driven approaches[25] to semantic
adaptation separate the analysis from the adaptation.
They have the advantage of enabling semantic
adaptation, as semantic metadata is available before the
adaptation, but they need to have parsed and analyzed
previously the content (sometimes manually). [25]
describes the use of metadata in image transcoding.
Figure 2b is the equivalent version of the metadata
driven approach for scalable video. The proposed
skimming system follows this architecture if the
skimming curve is stored previously as metadata and
included as semantic constraints as shown in Section 7.
It has the advantage of using scalable video and MPEG21 DIA, so the adaptation is very efficient.
From the semantic point of view, it is difficult to
compare the system with other works, as the role of the
analysis method in the paper is only illustrative of how
semantic analysis can be included into the framework
and in the skimming method. The activity analysis is an
approach widely used in the literature[13, 18], and the
results of the system are comparable to those using
activity analysis. It has the drawback of being online
(causal) and not optimum, as no future content data is
considered and it is not expected to obtain better results
than those using sophisticated and high level semantic
analysis[14, 16], usually with offline analysis, However
the framework is flexible enough to use most of these
algorithms, so the semantic quality of the summaries or
skims would improve. Besides the proposed method has

This paper discusses the use of semantic analysis with
scalable video to enable content based applications
using the particularities of the adaptation model,
focusing on the efficiency as the main objective. The
proposed solution is a framework combining both
compressed domain analysis and bitstream extraction. A
temporal adaptation scheme has been also proposed,
taking advantage of the organization of the temporal
layers in the bitstream, and using a simple activity
analysis to illustrate the integration of semantic analysis.
The use of the system for fast browsing and dynamic
frame dropping of video sequences, with activity as
semantic clue, has been studied in the MPEG-21 DIA
standard framework, including new semantic constraints
into the optimization problem of adaptation. The result
is a highly efficient approach, even in the analysis, as
only few data extracted directly from the compressed
domain are necessary to compute an activity measure.
Experimental results show that, even using a simple
activity-based keyframe selection algorithm, the adapted
video sequences are useful for applications such as fast
browsing of video search results, and are also useful to
reduce the decoding requirements in complexity
constrained environments, as mobile devices.
However, many aspects can be improved. A key
issue to achieve a good summary is the skimming
algorithm itself and future work will focus on improving
the skimming algorithm including more and better
semantic clues, and hopefully achieving a more
meaningful summary. Another issue that is expected to
be improved is the metric that measures the perceived
quality, in order to improve the overall user’s experience
in the adaptation.
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