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Abstract

Content-based Image Retrieval systems (CBIRS) start flourishing on the Web. Their performances
are continuously improving and their base principles span a wide range of diversity. Content-based
Video Retrieval systems (CBVRS) are less common and seem at a first glance to be a natural extension
of CBIRS. In this document, we summarise advances made in the development of CBVRS and analyse
their relationship to CBIRS. While doing so, we show that CBVRS are actually not so obvious
extensions of CBIRS.

1 Introduction

Content-based Video Retrieval (CBVR) systems appear like a natural extension (or merge) of Content-
based Image Retrieval (CBIR) and Content-Based Audio Retrieval systems. However, there are a number
of factors that are ignored when dealing with images which should be dealt with when using videos. These
factors are primarily related to the temporal information available from a video document. While these
factors may complicate the querying system, they also may help in characterising useful information for
the querying.

The temporal information firstly induces the concept of motion for the objects present in the document.
When in CBIRS, it is the list or organisation of such object which is search for, video retrieval may imply
the retrieval of a behaviour of an object throughout the document. Two video documents may therefore
contain the same objects but little relevance may be found between the two in this search context. It
is therefore essential to encode within the indexing of a video document the behaviour of all objects
throughout the document. Another aspect that does not exist in CBIRS and that should be taken into
account in CBVRS is the structural organisation of the document . A video document can typically be
split into a hierarchical structure (see section 4.3). Another issue in video retrieval is the complexity of
the querying systems. A very elaborated retrieval systems would allow flexibility for the user to specify
its query parameters. Query-by-example systems typically used in CBIRS require the user to show



the system one or more document similar to what he is looking for. Although this seems natural for
images (the whole content of an image may be scanned in one glance), this querying process is far more
complicated to adapt into the context of video documents.

2 The need for CBVRS

Before going into details, it is worth reviewing the potential applications of a Content-Based Video
Retrieval System. This technology is fairly recent and it is currently necessary to examine where it would
just replace existing systems, where it can really bring some improvement and where it will open new
possibilities. While doing this, we should review all functionalities a useful CBVRS should include.

By definition, a CBVRS aims at assisting a human operator (user) to retrieve a video sequence (target)
within a potentially large database. Three major cases may be distinguished.

The user has a specific sequence in mind and knows it is included within the database. In this
case, the target is unique and corresponds to specific criteria. The user will be able to describe
fairly precisely the targeted sequence and will be able to see at the first glance whether a suggested
sequence corresponds to his wish. Since he knows that the document is in the database, the user will
keep querying until he finds the document. In this case, an indexing using text such as keywords
or title should suffice.

The user has a specific video in mind and does not know if the document he is looking for exists
in the database. The problem here is to provide a precise search tool so that the user can quickly
make a decision as to whether the target is in the database or otherwise.

The user simply searches for a document by referring to its topic or some event occurring within
it. In this case, the search should be hierarchical, in order to guide the user through the search.
Relevance feedback is important in this case since it would be the means for user interaction by
allowing the user to filter the response of the system. An important issue in this case is the
representation under which the response is given. Since the user is not supposed to know the
documents, he should be able to scroll all responses quickly for selecting the relevant (or irrelevant
ones). It is therefore essential the each document is represented by a short but complete and
comprehensive description.

Potential users may arise from different horizons. In the case of CBVRS, main users can be listed as
follows.

News Broadcasting. The need for keeping complete archives induces a large volume of typically
short documents. The specificity of news report video documents makes an automated CBVR very
attractive to retrieve documents with respect to a specific topic, place or appearance of a given
character. One should also note that the audio stream attached to all such documents as well as
captions generally present in news reports form important cues for an automated retrieval process.

Advertising. Here again, documents are typically short. An example of retrieval may concern the
fact of retrieving all document w.r.t a style of shooting. Such a characteristic is generally difficult
to express using text so that a visual-based approach is highly desirable.

Music video clips. Here again, the characteristics of such documents may be difficult to express
based on given textual annotations stored on a database. For this type of specific applications, one
may think of retrieving documents on the basis of some dance step described by e.g., a sketch.

Distant learning. Two types of educational documents can be distinguished. Firstly, lectures where
the main content is given by the audio stream and practical courses when both the visual contents
and the audio stream are of importance.

Video archiving

Medical applications.

From this analysis it seems clear that there is a need for CBVRS in different domains. The major issues
for ensuring the usability of such systems emerge as follows.



e Obtaining a compact and complete video sequence representation

e Providing the user different search strategies adapted to the type of search he is doing.

The next section reviews the internal representation for automatically deriving a representation of a
multimedia document.

3 Spatial scene analysis

This section first reviews some visual document processing operations that will be essential for auto-
matically extracting an extensive description of a document. Feature extraction aims at characterising a
list of properties (called feature vector or document signature) for each component (pixel, frame region,
frame, sequence) of a video document.

Feature extraction operations rely on the analysis of the human visual system (HVS) and range from
simple statistics to elaborated model-based filtering techniques. Another distinction separate unsuper-
vised (i.e., generic) feature extraction operations from supervised (i.e., based on heuristics or training)
recognition tasks.

The analysis of elements such as colour and texture aim at characterising features in the spatial space
(as opposed to the temporal domain). Experience acquired from CBIR studies may be fully transferred to
video in this case. More specific to the video domain is the use of temporal and possibly audio information
to characterise further a document. Some key-advances made in these directions are reviewed below.

3.1 Colour feature space

Colour is an important cue for measuring the similarity between visual documents. Historically, colour
features have been the first features used in the context of CBIR.

Colour statistics are used for measuring global or local dissimilarities. Global colour features are
analysed through histograms. These histograms offer the advantage of being invariant under rotation,
translation and many other geometric operations. However, such a global analysis does not allow for
characterising the spatial organisation of the colour within the 2D spatial domain. There is therefore a
need for refining this technique with using colour layout features.

Features encoding colour organisation within the document are often based on blocks and are either
blind (i.e., rigid partitions) or adaptive (i.e., segmentations). A feature vector is attached to each unit
part of the spatial domain, and it is the relationship between neighbouring image parts which is encoded
as feature.

Whatever their exact definition is, the comparison of all these features calls for the definition of
distance measures between colours and colour histograms. Colour distances are defined implicitly through
the use of a given colour space. Colour spaces such as YIQ and La*b* were designed based on empirical
measurements of the HVS so that the Euclidean distance defined in the respective colour space fairly
represents a perceptual distance (see for example [16] for a thorough study).

Colour statistics based on training or more generally supervised learning may allow to distinguish
between pixel colours having a specific semantics (e.g., skin colour space [18]). Once histograms have
been obtained, they may be compared using histogram distances (see [33] for examples).

3.2 Texture feature space

The analysis of textures requires the definition for a local neighbourhood corresponding to the basic
texture pattern. It makes no sense to study the texture of an isolated pixel. Typically, the analysis is
done via the mapping of the texture onto the response of one or a bank of pre-defined filters against the
image (wavelets, Gabor filters). Once again, this response space aims at allowing the use of a similarity
measures between feature vectors. The response image may therefore be analysed using a similar set of
tools than for the analysis of colour.

Another approach defines textons [12, 23] as the basic builders for any texture. Each texture is
decomposed using these building blocks and the parameters of the local texture are obtained. Typical
texture features include orientation and coarseness [12]. In [31], texture models are learned so that
geodesic active contours are able to segment texture regions (then considered as uniform or consistent
patches), thus extending the classic snake-based segmentation algorithms. Supervised learning of textures



is done via texture samples. One classic texture database is the Broadatz texture album. Other texture
databases include VisTEX (MIT), CUReT and the MeasTEX framework (see [24] for pointers). An analysis
of colour and texture dissimilarity measures for CBIR is proposed in [33].

3.3 Supervised feature spaces

More complex features may be defined for parsing the contents of a video document. One example of
such feature is the development of face detection algorithms. Human faces are widely recognised as a
useful cue for video indexing. Here again, the same applies to image indexing but more information can
be obtained in the context of video indexing.

The presence of one or more human faces in an image allows for its classification of the image under
the category “person”, “crowd” or equivalent. The recognition of persons present in an image allow for
further classification. The same classification readily applies to video. In a video document, a further step
can be made by exploiting the frequency of occurrence of one person for the classification of the document
with respect to the ID of that person. Furthermore, face localisation may constitute the starting point of
the segmentation of the person within the video document. Motion information obtained through that
segmentation will allow further classification.

Face localisation algorithms are mostly based on supervised techniques such as Neural Networks [9] or
HMM |[27, 26]. Face recognition is then applied by PCA techniques such as EigenFaces [44] or supervised
learning such as NN or HMM [30, 39].

The retrieval of text in a video document may also improve its understanding. It is often the case
that textual annotations are readily available within the document itself. Using text specificity such
as geometrical shape and contrast, captions or credits may be extracted and processed through OCR
for completing the document indexing (see e.g., [2]). Finally, combining models for understanding may
permit high-level interpretation [32].

4 'Temporal analysis

The temporal dimension of a video document contains an information that is specific to this type of
document. The temporal analysisof that document typically requires its partitioning into basic elements.
It is now recognised that this partitioning can operate at four different levels of granularity.

e Frame level: Each frame is treated separately. There is no (or little) temporal analysis at this level.

e Shot-level: A shot is a set of contiguous frames all acquired through a continuous camera recording.
The partitioning of the video into shots generally does not refer to any semantic analysis. Only the
temporal information is used.

e Scene-level: A scene is a set of contiguous shots having a common semantic significance.
e Video-level: The complete video object is treated as a whole.
One key level is the shot-level. Three types of shot boundaries are generally recognised.

e Cut: A sharp boundary between shots. This generally implies a peak in the difference between
colour or motion histograms corresponding to the two frames surrounding the cut. Cut detection
may therefore simply consist in detecting such peaks. Adding any form of temporal smoothing will
also improve the robustness of the detection process.

e Dissolve: The content of last images of the first shots is continuously mixed with that of the
first images of the second shot. The major issue here is to distinguish between dissolve effects
and changes induced by global motion. Fade-in and fade-out effects are special cases of dissolve
transitions where the first or the second scene, respectively is a dark frame [38].

e Wipe: The images of the second shot continuously cover or push out of the display (coming from a
given direction) that of the first shot.

While cut detection is relatively easy due to the abrupt nature of the transition, dissolve and wipes
are more difficult to detect. Some efficient solutions exploiting the compressed structure of MPEG files
have been proposed in [10, 29, 48], based on global motion estimation and segmentation. More elaborated



effects such as mosaics and whirls may be considered as dissolve effects at high scale. However, depending
on the particular type of frame mixing technique, dissolve detectors may be mislead by the apparent
motion induced by such effects (e.g., whirls). We are not aware of any technique specialised in detecting
elaborated gradual effects.

The definition of a scene is based on a deep understanding of the contents of the shots. Automated
scene annotation rely on a high-level clustering of shots where the indexing data derived from shots
composes feature vectors (see below). Depending on the video, the segmentation of shots may lead to
a small (i.e., manageable) set of objects (shot representations). In this case, the definition of scenes
can realistically (and reliably) be solved by a human operator. It is important to note that a shot
segmentation performed by a human operator may not be fully reliable, due to the fact that this task
is tedious and calls for a constant concentration. The development of semi-automated segmentation and
annotation tools is therefore important in this context [28].

4.1 Motion feature space

While colour and texture and their organisation characterise the content of a still document, when
processing video documents, it is essential to also account for the temporal dimension. The temporal
features should provide the information regarding the global (temporal) organisation of a video document.
Temporal information is generally translated into a motion characteristic. Motion analysis is made on
matching consecutive frames one with another. A (possibly directed) search is made between pixel blocks
of two consecutive frames. Statistics allow for characterising global motion (dominant or camera motion)
and object motion. Using this information, one can compensate for the global motion leaving only object
motion so that temporal information can eventually be used for characterising (e.g., isolating) objects
within the document.

It is important to note that motion information is often readily available from the document data
itself (e.g., in MPEG compressed data). An efficient motion analysis technique should therefore use this
compact representation. This is for example the case in [10, 28, 29, 45].

4.2 Audio feature space

When available, the audio stream attached to a video document may be of great help in understanding the
document. This is the case for example in news broadcasts where the audio stream generally corresponds
to what is displayed in the frames.

Typically, audio processing techniques are based on the analysis of the energy contained in the audio
signal [34]. The signal is divided into audio frames, corresponding to few milliseconds of the signal.
Features such as Mel-frequency cepstral coefficients (MFCC) and associated statistics are then derived
for characterising and classifying the audio frames [49].

One task consists in distinguishing between speech and music or background noise in the audio signal.
Algorithms exist that can achieve this task with a good accuracy, based on the fact that speech and music
have fairly different spectral distributions and temporal pattern. An example of such technique, based
on a connectionist-HMM framework can be found in [46].

Speech transcription and segmentation algorithms are well-advanced and allow for segmenting the
video document when synchronising audio and video cuts. Speech summarising techniques are also well-
elaborated and help a great deal in the definition of a summary of the video document.

Combining visual and audio streams re-enforces the definition of a generic content-based multimedia
retrieval system (CBMRS). An example of application exploiting fully the multiple nature of information
(audio, textual captions and video) is described in [11, 43].

4.3 Indexing

Once the video segmentation is operated at a desired level, the indexing of the document is performed by
creating some meta-data which will be attached to this document for quick reference [17]. The content of
the meta-data varies, depending on the application towards which the database is oriented. For generic
video documents, this data generally includes video object (shot, scene) boundaries along with some
characteristic and visual representation. One common representation is the choice of one or more key
frames within the shot or the sequence. Depending the assumptions under which the segmentation has
been performed, all frames within a basic shot should normally be consistent with each one another.



Heuristics for choosing one or more key-frames can therefore be derived. The simplest relies on the
global position of the frames within the shot (first, middle, end). Some other characteristics such as the
corresponding audio stream may also be used for efficient key frame detection [8, 14]. The process of
re-segmenting the shots with respect to some heuristics reflecting a comprehension of the video content
is referred to as video micro-segmentation [25].

5 Similarity measurements

When using feature spaces, one essentially operate a reduction in the dimensionality. This makes typical
clustering algorithms more efficient for the grouping of object with respect to these features. The last
part of this section briefly lists some clustering algorithms that are used for element grouping.

5.1 Feature clustering

Segmentation calls for the grouping of objects into a (possibly pre-defined) number of clusters. Objects
are represented as vectors in a N-dimensional space. Typical clustering algorithms may be used in
this context. These techniques generally assume that each cluster has been generated from a PDF of a
given (often multi-Gaussian) form. k-means, L.B.G or more generally E.M. algorithms (perceptron-based
technique are among them) use this assumptions to optimise the parameters of such a representation.
They iteratively associate a label to each vector so that the total repartition matches optimally the initial
assumption.

While EM techniques are very popular in image segmentation, hypothesis tests are widely used for
speech segmentation. Hypothesis tests are used for the analysis of pairs of vectors. If some prior infor-
mation is available on the form of the PDF, one may therefore test whether two vectors were generated
from the same source or otherwise.

5.2 Distance measures

To measure the similarity between video sequences, one needs to derive a distance which either accounts
for the temporal deformation of the video (varying frame rate) or use features which are invariant under
temporal distortions. In other words, it seems clear that a frame-to-frame difference measure will not be
efficient in comparing two generic video sequences.

In [1], a video distance measure is proposed. The video sequence is represented as a string of symbols
taken from a vocabulary and its is the similarity between corresponding strings that is taken as a similarity
value for the two video sequences.

Alternatively, much work as been devoted in the comparison of still images in the context of content-
based image retrieval (CBIR) (see e.g., [3, 33, 40]). Therefore, one may think of comparing video sequences
using such techniques in conjunction with representative frames of the sequence. However, in this case,
the temporal information (e.g., motion) would be lost and the retrieval would be done only on 2D
visual criteria. Moreover, such a technique assumes the existence of representative frames, which may be
acquired within the process of video segmentation, defined next.

6 Video browsing

Going quickly through a video calls for defining a compact representation of that document.

6.1 Slide representation

Most of video displaying techniques are based on the creation of a slide show using selected keyframes
attached to the corresponding audio stream part or some textual annotation [11, 14, 22, 21]. Such a slide
show can be displayed as a still image mosaic or by re-generated a shorter video sequence, based on few
frames surrounding each keyframe.



6.2 3D browsing

The temporal information constitute a third dimension which may be treated as such. This is for example
the case in [5] where a VRML-based virtual world is created to browse the video. This space is merely
a development of the video key-frames in the temporal direction. This viewing relies on indexing and
creates an interactive space using which the (experienced) user may quickly parse the video.

Although it is fairly intuitive to add the temporal development of the video as a third dimension,
one should keep in mind that this dimension is not consistent with the 2D (spatial) space created by
each frame. This dimension owe therefore a different treatment and possibly a different representation.
However, 3D virtual spaces really form a strong alternative to classical video browsing.

7 Video querying

The problem of searching a video document calls for that of formulating a meaningful and clear query.
For content-based image retrieval, the system of query-by-example is relatively intuitive since it caters for
cases which would be difficult to solve using simple text queries. For video documents however, things are
no so straightforward since a query-by-example would require the user to have a video at hand already.
One of the major problem is the excessive dimensionality of the search space induced by the temporal
information. In order to reduce this dimensionality, different approaches are taken which all introduce
advantages and shortcomings.

7.1 Visual query

Since content-based retrieval systems address the search for visual objects, it seems natural to proceed
this search based on examples of such visual documents. Different CBIR systems based on a query-
by-example (QBE) are available on the WWW, either as commercial products or research prototypes.
QBE-based CBIRS can be divided into different groups. In the most basic category, the user is asked
to choose one image which is supposed to resemble the one he is searching for. As a result, the system
returns in decreasing order the images it finds the most similar to the example given. An enhancement of
such a system allows for the user to choose more than one example so that the query combines all common
features in these images. The generalisation of that system uses feedback so that the search emulates an
on-line learning of the user’s expectations. Negative and positive feedback rates are used as equivalent
AND and NOT operators. Another refinement of this principle consists in using only parts of the images
for the query. This requires the definition of a perceptually-meaningful segmentation technique through
which images in the database are pre-processed.

To offer a complete flexibility to the (artist) user, some systems allow for sketching the example image.
Again, different levels of such systems exist, ranging from the simple sketch tool to more elaborated tools
allowing for the dynamical construction of hierarchical structures (based on logical operators) describing
the targeted image. The major drawback of such tools is the complexity induced in the query formulation.

Less examples of QBE-based video search tools exist. One major reason may be the difficulty in
describing a video document in a simple and easy-to-represent way (see section 6). Following our ear-
lier analysis, a video example may include either visual still information (e.g., key-frames) or motion
information.

7.2 Motion query

We see motion as essentially the only way of representing the temporal information contained in a video
document. Motion-based query is therefore an attractive feature of a video search engine. The problem
is the formulation of such a query. Motion-based queries can be seen as counter-intuitive in the sense
that the user is asked to represent a motion in some still fashion. It seems clear that solving the problem
of the formulation of a motion-query is to be made in parallel with that of representing the motion
information in the indexing task. Such an approach will facilitate the comparison of the user demand
with the available information.

JACOB [7, 6] is a colour- and motion-based video search engine. The user is asked to choose global
motion orientation and magnitude within each quadrant of the frames. VideoQ [13] also includes a motion-
based search engine. The user is asked to represent a question such as “A red blob moving upwards”
through a sketch drawing. In this example, this type of queries may be combined with colour and



keywords. These instances of CBVRS highlight the difficulty in constructing a user-friendly environment
for elaborated video queries.

7.3 Textual query

Although it seems intuitively clear that using textual keywords is the simplest way of expressing a query,
and that it can be efficiently replaced by the above systems in some cases, we assess this type of query
formulation in the context of the above analysis.

QBE-based systems have demonstrated their superior descriptive power, when compared to text-only
querying systems. However, it turns out that both querying systems are needed. In other words, textual
query seems to be a necessary complement to a QBE-CBIRS. The reason for this is that textual query
allows the user to insert some “personalised” data within the query. Using QBE, the user is limited to
what he is proposed by the system. Since sketching or composing an image is fairly difficult, the user
has to cope with what is available, namely often a set of images drawn randomly from the database
(typical CBIRS initialisation). Using keywords, the user may express high level concepts which would be
difficult to express through QBE. For images, all is working as if the query was formulated like: “Retrieve
a document which contains [keywords] like these [example document]”.

Textual annotation therefore is related to high-level semantic concepts. By definition, these are
difficult to create automatically. There is therefore the need for users to perform this task. Since it is
fairly tedious, it cannot be done reliably by one human operator. One possibility is to use user judgements
to incrementally create this textual annotation database on the basis of visual-only querying. Such a
“auto-annotation process” can be done in the manner of collaborative filtering to improve confidence in
user judgements.

The same clearly applies to image and video querying systems (in the sense that video database may
be searched using images). For video documents, textual querying may be of even more comparative
importance since it allows for completing (or replacing) the expression of the motion component of the
query.

In summary, textual query is very important since it offers to the user the possibility to complete the
weaknesses of the querying interface. The more complete and efficient the interface for visual and motion
query becomes, the less textual querying is needed.

7.4 Combining query types

The necessity of using a combined query system appears clearly from the above analysis. Querying
systems should typically be organised so as to cater at maximum for all possible users’ needs. Also,
each type of querying should concentrate on representing the part of the information it has been best at.
The pseudo-query thus created should incorporate all search characteristics and overcome the problem
of user-dependency of querying.

Combining query types is however not so trivial since it calls for mixing parameters which may not
fully be coherent with one another. Different strategies may be envisaged.

One may think at using each type of query separately and combining the different results thus obtained
with respect to a common relevance measure. This however defeats the advantage of being able to simulate
operations (like AND, OR, NOT) on the desired characteristics. Another simple way to combine the
querying system is to normalise the influence of each and to ask the user itself to provide weights for each
component of the query. This is not an acceptable solution for two major reasons. Firstly, it complicates
the formulation of the query and also, these weights may not be trivial to express so that this solution
would simply transfer the problem onto the estimation of such weights.

8 Conclusion

In this document, we briefly reviewed the type of processing operations that are available for automatically
characterising the contents of a multimedia document. The mapping from the raw data to some feature
spaces chosen with respect to a modelling of the HVS allows for segmenting the document into parts that
have a perceptual meaning.

An efficient document search will be based on the (internal and mutual) characteristics of these basic
perceptual components. While efficient information can be characterised through these techniques, there



is a strong need for studying interfaces which would allow the user to manipulate this information. This
in typical when addressing the problem of video-query where the query formulation is one difficult part
of the problem.
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