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Abstract The intrinsic complexity and diversity of data in Multimedia Digital Li-
braries (MDLs) require devising techniques and solutions that are inherently dif-
ferent from those usually adopted in traditional Information Retrieval and Database
systems. Moreover, the size and the dynamicity of MDLs force researchers to strive
for efficiency, so as to guarantee real time results to the users. Finally, semantics
should be also brought into context, in order to facilitate users’ experience in query-
ing, browsing, and consuming multimedia information. This chapter will present
an approach towards the efficient, effective, and semantically rich data retrieval in
MDLs. With respect to the commonly used holistic approach, where the multimedia
datum is considered as an atomic entity, our reductionist strategy considers the mul-
timedia information as a complex combination of component subparts, and eases the
fulfillment of the three above properties of efficiency, effectiveness, and semantic
richness. Indeed, by decomposing multimedia information into simpler and smaller
component objects, we are able to index such components without giving up the
ability of querying the original information as a whole.

1 Peculiarities of Querying Multimedia Data

As already described in [1], multimedia queries are utterly different with respect to
those commonly used in traditional information retrieval and/or database systems.
Indeed, the diverse content and complex structure of multimedia documents makes
traditional (boolean) queries hardly effective. As an example, in a digital image
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library we may want to retrieve pictures which are similar, in content, to a user-
provided image: The result we expect from the system is probably a set of library
images, sorted for decreasing values of visual similarity with respect to the query;
this is very different to the result of a regular SELECT query.

The processing of queries in multimedia digital libraries should also take into ac-
count the distinctive features of multimedia data, so that one should consider aspects
of:

• Efficiency, due to the size and number of multimedia data which exceed those of
textual data by several orders of magnitude.

• Effectiveness, since the representation of the information “local” to the system
may differ from what the user issuing the query has in mind.

• Semantics, due to the fact that “concepts” can be attached (implicitly or as meta-
data) to each multimedia datum.

• Dynamicity, because digital content is continuously added to/removed from the
library.

• Complexity, since a multimedia document is usually composed of several parts,
each of a particular medium (e.g., a web page contains text, images, videos, and
so on).

The usual approach pursued by digital libraries is to represent information about
documents as metadata, that are harvested when each single document enters the
system. Then, such metadata are “indexed” to allow the retrieval of query results:
This can be carried out by exploiting inverted files. In this way, the digital library
is not accessed during the search, making the whole process very efficient. The
above approach, however, fails to address the problems of effectiveness, since the
metadata harvesting process is hardly tailored to the needs of a specific user, and
complexity, mainly because the library datum is commonly seen as an atomic entity,
which cannot be divided into sub-parts.

The typical query paradigms that are offered by multimedia digital libraries are
of two types:

Boolean search: The user specifies a (complex) boolean predicate on metadata
and only those documents whose metadata satisfy the predicate are returned.
The result of such a query is a (unordered) set of objects.

Ranked search: The user provides a multimedia object, and library data are re-
turned in descending order of similarity with respect to the query. The result of
this query is a (ordered) list of objects. The user has three ways of limiting the
result size:

Range query: The user specifies a minimum similarity threshold θ , so that ob-
jects whose similarity with the query is lower than θ are not returned (note
that this requires a knowledge of the distribution of similarity values between
objects).

k-NN query: The user provides a maximum number of results k, and only the
k objects more similar to the query are returned.
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Sorted access: Library data are returned to the user in descending order of sim-
ilarity with respect to the query, until the user is satisfied with the result (sim-
ilar to a common iterator).

If one wants to support more complex query types, the main challenge is how the
system can assess whether a datum is relevant for the query or not.

Consider, for example, a digital library offering access to documentaries. Ev-
ery movie also contains metadata like year of production, title, name of the
director, etc. The system provides the users visiting the library with two dif-
ferent search paths:

1. A search-by-content paradigm, where the user can provide a sample video
and library movies are returned in descending order of visual similarity
with respect to the provided video.

2. A search-by-metadata paradigm, expressed by means of a boolean predi-
cate on metadata, e.g., director = ‘Riefenstahl’ AND year BETWEEN 1920
AND 1929.

What if the user wants only the documentaries shot by Leni Riefenstahl during
the 1920s, but sorted for visual similarity with respect to a provided video?
How can such a query be processed by the system? Should a documentary
with very similar content but very different metadata be included in the result?
In case how such documentary should be ranked with respect to another movie
with different visual content but satisfying the boolean predicate?

In the following we will discuss how modern systems for the management of
digital libraries can be extended to tackle the above described problems. First, we
present a model able to capture the complexity and diversity of multimedia docu-
ments and show how such model can also support efficient query resolution (Sec-
tion 2). Then, we face the problem of enriching multimedia documents with seman-
tic annotations (Section 3). It is widely known, in fact, that content-based multime-
dia retrieval using low-level features only does not provide sufficiently accurate re-
sults. This is due to the so-called semantic gap existing between the user subjective
notion of similarity and the one implemented by the system. The use of semantic
annotations, therefore, allows querying digital libraries using high-level semantic
concepts, helping to bridge the semantic gap.

2 The Windsurf Model

In the Windsurf model [9]1, each multimedia document D is composed of nD el-
ements, D = {R1, . . . ,RnD}. Each element can be recursively defined in terms of

1 www-db.disi.unibo.it/Windsurf/
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other components and so on. Simple (base) elements are finally described by way
of metadata, including features that allow the comparison of elements. Note that the
subdivision of a multimedia document into its component parts can be either explicit
(i.e., specified in the very same description of the multimedia document, like in a
web page) or implicit. In the latter case, it is the system that automatically breaks
the multimedia object into component parts; examples of this automatic subdivision
include:

• a video segmented into scenes of homogeneous visual content [8],
• an image divided into regions of pixels sharing common color and/or texture [2,

9]
• an image represented by way of its salient points [19, 10].

When compared to a query objects Q, also composed of query elements Q =
{Q1, . . . ,Qn}, the components of D are compared to those of Q by way of a specific
similarity function and the overall similarity s(Q,D) (recursively) depends on the
similarity between components. This modular approach, which we borrowed from
the PANDA model [5] for describing mining patterns, allows for a great general-
ity and flexibility. Indeed, although, for comparing complex multimedia documents
one could devise arbitrary models, it is useful and, at the same time, sufficient for
practical purposes, to consider solutions that decompose the “difficult” problem of
comparing complex documents into simpler subproblems like those of comparing
simple components, and then “smartly” aggregate the so-obtained partial solutions
into an overall similarity value. Comparing complex documents is obtained by com-
bining two basic elements:

1. a matching type, which is used to establish how the component elements of the
two multimedia documents can be matched, and

2. the aggregation logic, which is used to combine the similarity scores of the
matched component elements into a single value representing the total similarity
between the complex documents.

The matching type specifies the constraints that should be used when comparing
components: For example, it is obvious that only components of the same type are
to be compared (i.e., one cannot compare a video with a text); otherwise one can
specify that only one-to-one matchings are allowed (e.g., a same image in a multi-
media document cannot be matched to two different images in another document).
The aggregation logic, on the other hand, states how scores of the matched com-
ponent pairs should be aggregated so as to yield the overall similarity score. We
note here that, among all the valid matchings (as specified by the matching type),
the rationale is to pick the “best” one, i.e., the one that maximizes the aggregated
similarity [5].

The choice of which matching type and aggregation logic are better suited for the
query at hand can be left to the user or assumed by default, with the understanding
that this choice has a clear impact on both the effectiveness and the efficiency of the
result.
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We finally note that an appropriate choice of matching type and/or aggregation
logic can also support other query types, like those denoted in [6] as partial, zoom-
in, containment, and part-of queries, i.e., queries where only a fraction of compo-
nents of the query and/or of the library document are considered.

The flexibility and generality of the proposed model are indeed required to deal
with the possible complexity of queries in multimedia digital libraries.

As another example, we consider a digital library storing web pages about
music composers. Every page includes a textual part containing structured
data, like the composer name, his nationality and date of birth, and so on, and
an unstructured part containing other documents, like pictures, other texts, and
audio fragments, all of them possibly tagged with metadata.

An user might be interested in all documents related to German composers
of the 19th century that contain a picture sufficiently similar to a user-specified
image and an audio fragment at least 30 seconds long. Such a query contains
both predicates on metadata (nationality, date of birth, length of the audio
fragment) and similarity predicates (similar image). Moreover, some of the
predicates are related to the whole document (nationality, date of birth) while
others only concern component parts (length of the audio fragment, similar
image). It is clear that with a reductionist approach, that considers a docu-
ment as composed by parts, the complexity of such query is easily dealt with,
as opposed to an holistic strategy that considers the multimedia datum as an
atomic entity.

2.1 Efficient Processing of Similarity Queries

Having defined the ingredients needed to assess the similarity between two multime-
dia objects, it is immediate to derive a sequential algorithm able to retrieve the best
results for a given query. Clearly, any sequential algorithm will incur prohibitively
high costs even for moderately large digital libraries. In order to guarantee scala-
bility, the query processor should exploit the presence of indices able to efficiently
retrieve relevant results. Our arguments will be developed independently of the spe-
cific index; rather, we will refer to a generic distance-based index, i.e., any index that
relies on the computation of distances to return back objects. Distance-based indices
include both multi-dimensional [15] and metric [11] indices, relevant examples of
which are the R-tree [16] and the M-tree [12], respectively.

The resolution of a similarity query is depicted in Fig. 1. After the query doc-
ument has been decomposed in its component parts, each query part is processed
separately by a distance-based index using a sorted access. The results of each
index, a list of objects ranked for decreasing similarity with respect to the input
query component, is then fed to the middleware algorithm implementing the chosen
matching/aggregation strategy. With the help of a random access on the database of
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documents’ components, the middleware algorithm is able to compute the similarity
value for all those objects for which at least a component has been returned by at
least an index scan. As soon as the algorithm is able to assess that yet-unseen doc-
uments cannot lead to a similarity score which is higher than the “best” document
seen so far, then such document can be returned to the user, and so on for all subse-
quent documents in the list. The above can be guaranteed [6, 14] if the aggregation
logic is monotone, i.e., a lower similarity score for any component cannot increase
the overall similarity score, a property which is sound and is shared by all the most
used aggregation logics.

Middleware Algorithm

Query

DB

MM query

QCnQC2QC1
…query components

component indices

CI1 CI2 CIn

components' database

RkR3R1 R2

…

…

(ordered) query results

aggregation
strategy

r1 …component results
(ordered)

r2 rn

Random 
Access

Fig. 1 Processing a similarity query: The middleware algorithm combines, through the match-
ing/aggregation strategy, sorted accesses to the component indices and random accesses to the
component database. The result is a sorted list of library documents, ranked for decreasing values
of similarity to the query.

When considered as a whole, Fig. 1 can be seen as a (complex) index which is
able to support sorted access, since results are provided in a ranked order. Therefore,
this can be recursively used to obtain the arbitrary complexity required by the model:
Distance-based indices are used on simple (base) components, while the complex
index depicted in Fig. 1 is used on complex multimedia objects.
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2.2 Processing of Mixed Queries

Although the strategy described in the previous section allows us to efficiently pro-
cess similarity queries, it does not help when mixed queries, i.e., queries combining
metadata and similarity predicates, are issued. For such queries, we have to some-
how combine the result of a similarity query (an ordered list of objects) with that of
a metadata query (a set of objects). The possibilities here are those listed in [4]: Join
with order, union with order, and difference with order; we focus here on the most
complex operator, join with order, since the implementation of other operators does
not differ much from those commonly used for relational DBs.

To exemplify our arguments, we use again the example on documentaries. The
metadata predicate (director = ‘Riefenstahl’ AND year BETWEEN 1920 AND
1929) would return a set of documentaries satisfying both boolean conditions, while
for the similarity query three possibilities exist:

1. If the similarity predicate is a range query, the user has also specified a minimum
similarity threshold θ ; the similarity predicate is now analogous to a boolean
predicate, s(Q,D) ≥ θ . The query result should therefore include only those
documentaries that satisfy all three conditions, sorted for decreasing values of
similarity.

2. If the similarity predicate is a k-NN query, a first possibility is to consider the
maximum number of results k specified by the user as an a-priori condition; the
similarity predicate is again analogous to a boolean predicate, which is satisfied
only by the k movies most similar to the provided one. Again, the query result
includes only those documentaries that satisfy all three conditions, sorted for
decreasing values of similarity (note that this will retrieve a number of results
which is not higher than k, but can also produce an empty result if the k best
movies do not satisfy the metadata predicate).

3. Finally, we can consider k as an a-posteriori condition, i.e., the user wants the
k documentaries shot by Leni Riefenstahl during the 1920s ranked for visual
similarity with respect to the provided video (assuming that k of such objects
exist).

Fig. 2 depicts the components of the mixed query processor: The two query pred-
icates (MQC, multimedia query component, and SQC, semantic query component)
are fed to the relative indices (MI, multimedia/similarity index, and SI, seman-
tic/metadata index); the so-obtained results have to be combined by the matcher
to produce the result for the overall query.

It is obvious that processing cases 1. and 2. above is quite simple, since one
can compute the intersection of results provided by the similarity index and by the
semantic index. For case 3. we have two alternative strategies:

1. The first strategy retrieves all documentaries satisfying the metadata predicate
(by using SI) and sorts them by way of the similarity predicate. Then, only the
first k results are returned to the user.
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Fig. 2 Processing a mixed
query: The results obtained
by the similarity index (MI)
and the semantic index (SI)
are combined by the matcher
to produce the result.

Matcher

SQCMQC

multimedia results
(ordered) 

MI SI

query results (ordered) 

semantic results
(unordered) 

2. As an alternative, we can perform a sorted access on MI and check, for all re-
trieved documentaries, the metadata predicate, returning objects satisfying it until
k results have been output.

Above strategies provide the same result, but have different efficiency. In particu-
lar, this heavily depends on the selectivity f of the metadata predicate and on the
cost of evaluating the similarity predicate. Since we will assume that the latter is
always (much) higher than evaluating the metadata predicate, due to the complexity
of comparing multimedia features [1], for high selective metadata predicates, the
first strategy is to be preferred: In this case only a few documents ( f ×N, where
N is the number of documents in the library) are compared against the query. On
the other hand, for low selective predicates, the second strategy attains the best ef-
ficiency, because only k/ f sorted accesses are required to solve the query (every
retrieved document has a probability f to satisfy the metadata predicate). We con-
clude this section by highlighting the analogy with the optimizer component of a
DBMS, that has to choose the optimal query plan according to the (estimated) se-
lectivity of query predicates.

3 Semantic Enrichment of Multimedia Data

Although content-based techniques presented above, possibly assisted with user rel-
evance feedback from the user [23, 7], can indeed attain a very good effectiveness,
in several cases they still stay below the optimal 100% precision value, in particular
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when the user is looking for documents matching some high-level concept, which is
hardly representable by means of low-level features only. In such cases, a possible
way to fill the semantic gap is to assign meaningful terms to documents, so as to
indeed allow a high-level, concept-based, retrieval.

Terms associated to documents can, indeed, be considered as a different type of
metadata, one which is not included in the multimedia datum, but which is associ-
ated with it by way of a manual or automatic process. Clearly, such terms can be
seamlessly used into predicates for boolean search, as traditional metadata are.

For instance, assuming that the two images in Fig. 3 are labeled as shown, it
would be possible to discriminate among them if, say, one is looking for horses and,
at the same time, to consider both relevant if one is looking for mammals on grass.

Fig. 3 Two images with
associated tags. horse,grass buffalo,grass

Associating semantic labels to multimedia objects is usually performed in one of
the following ways:

Tagging by an expert: This is the solution commonly used in libraries, where an
expert provides labels for every datum. Such labels are expected to be of great
quality, but the process is lengthy and expensive [1]; moreover, the problem of
subjectivity can plague the whole data collection, because the user searching the
library can have a different view on the data with respect to the user providing
labels.

Social tagging: Using this approach, which is the one exploited by “social” li-
braries, like YouTube2 and Flickr3, users accessing a multimedia document can
also provide labels for it. The so-obtained annotation is usually of low quality,
due to problems of ambiguity (because a label could carry different meanings
due to polysemy or homonymy), lack of information (because a document could
never have been labeled), and problems of synonymy/mistyping.

Automatic tagging: These techniques exploit the similarity among multimedia
documents (computed by way of low-level features) to extract labels relevant
for a non-annotated object, with the assumption that objects sharing similar fea-
tures also convey the same semantic content, and can thus be tagged with the
same labels.

2 www.youtube.com
3 www.flickr.com
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Several techniques for semi-automatic annotation of multimedia objects [3, 8]
have been proposed in recent years and the first prototypes for annotation are now
available on the Internet (e.g., ALIPR4 and Behold5 for images). We can group
state-of-the-art solutions into two main classes, namely semantic propagation and
statistical inference. In both cases, the problem to be solved is the same: Given a
training set of annotated multimedia objects, discover affinities between low-level
features and terms that describe the object content, with the aim of predicting “good”
terms to annotate a new document. With propagation models [20], a supervised
learning technique that compares content similarity at a low-level and then annotates
objects by propagating terms over the most similar objects is adopted. Working
with statistical inference models [22], an unsupervised learning approach tries to
capture correspondences between low-level features and terms by estimating their
joint probability distribution. Both approaches improve the annotation process and
the retrieval on large multimedia libraries.

The typical approach for annotating multimedia objects exploits user-defined tex-
tual labels [3, 18, 24]. However, this is commonly performed by drawing tags from
a unstructured set, thus not taking into account their intended meaning (i.e., the
meaning such tags convey in the context where their associated multimedia data are
found: This gives a sort of meaning vagueness to labels [21]). To deal with this, in
order to connect each tag with its intended meaning, the coexistence of multiple,
independent classification criteria [13] can be exploited. According to this “multi-
dimensional” approach, labels belonging to different dimensions may have separate
meanings, while each dimension will represent the meaning of high-level concepts
contained therein, providing a disambiguation of their semantics.6 Moreover, each
dimension takes the shape of a tree, where each concept is represented within a tax-
onomy node and terms are linked with a parent/child relationship. More precisely,
each concept is denoted as a semantic tag, represented as a path in a tree. To each
tree node is therefore associated a single label; the label of the root node corresponds
to the name of the dimension itself.

The above model of hierarchical faceted categories has been successfully used
in a variety of applications to provide a coherent and complete description of
data [17, 8]. For instance, Fig. 4 shows some dimensions for a real-world scenario:
These include “animal”, “landscape”, “geographic location”, and so on. Each node
in a tree path corresponds to a more specialized concept with respect to its parent
node, so that moving up/down within a tree a user encounters more/less abstract
semantic concepts. This means that if a document is tagged with a given semantic
concept t, it is also associated to all ancestors of t. In the example of Fig. 4, the label
“landscape/sky/rainbow” also includes the semantic concept “landscape/sky”.

We finally note that, in line of principle, a same label could appear in sev-
eral different trees: This allows to distinguish between the different uses and/or

4 www.alipr.com
5 www.behold.cc
6 Such dimensions are therefore quite different with respect to those used in other semantic in-
dexing approaches, like bag-of-words or Latent Semantic Indexing (LSI), where each dimension
corresponds to a single, basic concept.
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Fig. 4 A 6-dimensional sce-
nario: The “landscape” di-
mension is selected on the left
and (part of) its concept tree is
shown on the right-hand side.

meanings that different occurrences of a same label could convey. For example,
it is possible that the label “turkey” will appear as a node within both the di-
mension “geographic location” (e.g., used to describe documents according to
the location they were created) and the dimension “animal”, associated to doc-
uments about the gallinaceous bird. Extending the example, we could conceive
the existence of a “sports” dimension (associated to documents related to sport
events), where the same “turkey” label could appear in several places, for ex-
ample, “sports/soccer/turkey” and “sports/basketball/turkey”, representing, respec-
tively, the soccer and basketball Turkish national teams. Clearly the fact that each
semantic tag corresponds to a single complete path within a tree allows the dis-
ambiguation of the different uses of a same label, as illustrated by the previous
example.

In order to ensure compatibility with unstructured (“flat”) dimensions, such as
those used in systems like YouTube or Flickr, we can support 2-level taxonomies,
with all tags appearing as children of the single tree root node (in Fig. 4, this is
represented by the “default” dimension). This fact allows us to also exploit another
technique to solve label ambiguity, i.e., label co-occurrence. On the other hand,
label co-occurrence is not able, alone, to solve problems of homonymy/polysemy.
For example, suppose the user wants to retrieve documents about the animals of the
Eurasian country of Turkey: It is quite likely that querying the system using the flat
concepts “animal” and “turkey” would primarily return documents concerning the
gallinaceous bird, due to the polysemy of the term “turkey”. The system is therefore
not able to satisfy this particular information need of the user by using label co-
occurence only.

According to the presented model, each document can be assigned a variable
number of semantic tags. If a dimension is not relevant for a document, then no se-
mantic tag from such dimension is used to characterize content. On the other hand,
a document could be characterized by multiple semantic tags from the same dimen-
sion, if this is appropriate. For instance, an image depicting a dog and a cat might
be assigned the two semantic tags “animal/dog” and “animal/cat”, both from the
“animal” dimension. Thus, although each dimension provides a means to classify
documents, this classification is not exclusive at the instance level, a fact that pro-
vides the necessary flexibility to organize documents.
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3.1 Efficient Annotation of Complex Multimedia Documents

For tagging purposes, we advocate the technique exploited in the Imagination sys-
tem [3], using a set of pre-annotated documents as a knowledge base. Such docu-
ments are used by the system as an example of the semantic concepts attached to
them; in this way, all and only concepts included in the knowledge base could pos-
sibly be suggested as relevant for a given (non-labeled) document. When provided
with a document to be labeled, the systems retrieves (by way of the multimedia
index MI) documents having a similar content and proposes semantic concepts de-
pending on the similarity of the document with the documents in the knowledge
base. The use of MI is clearly the key to attain efficiency in the annotation process.
Every time a new document is processed and tagged, its information is also inserted
into the semantic index SI, hence improving the system accuracy and quality.

Although the above algorithm has been proved effective for simple multimedia
objects, e.g., for images, its accuracy on complex documents is questionable. In-
deed, the model presented in Section 2 allows for an arbitrary complexity for a
document D that can have components, which have content similar to components
of other documents, but still is not very similar to any of the other documents in
the library. Exploiting the above technique on the document D is likely to lead to
a imprecise labeling of D. To overcome this problem for complex documents, we
propose the use of hierarchical tagging [8].

The idea at the base of hierarchical tagging is quite simple: Labels associated to
components of D are propagated to D using a frequency analysis (only most frequent
labels are propagated to D). Propagating tags from components to documents is
therefore an activity of summarization, i.e., the description of the document is a
compact sum of the tags associated with its components.

Given a document D and a semantic tag t, the relevance of t for D is com-
puted by combining the relevance of all components s in D (e.g., this could be
the relative length of a scene in a video or of an audio track in a compilation,
or the size of an object in an image) and the relevance of t in s, which can vary
from 0 to 1. More precisely, we denote the relevance of component s for D as
W (s,D) and the relevance of tag t in s as A(t,s). Note that, in the default case, it
is W (s,D) = 1/nD, where nD is the number of components of D, and A(t,s) = 1 for
all tags t in s, otherwise A(t,s) = 0. Then, the relevance of t in D can be defined as
R(t,D) = ∑s A(t,s)×W (s,D). Semantic tags can then be ranked for decreasing val-
ues of R(t,D) and only the more relevant tags are selected for D. The same process
can then be recursively applied upward in the hierarchy of multimedia documents.

As an example, we consider again the case of documentaries. Each video is
(automatically or manually) divided into scenes and a number of keyframes
are automatically extracted from each scene, representing its visual content.
Assume that each scene contained in the library has been annotated (either
manually or automatically) and that a new documentary D is inserted in the li-
brary. D is then segmented into scenes and the system extracts, for each scene,
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the relevant keyframes. Each keyframe f is then used to query the multimedia
index and, say, the k most similar keyframes in the library are retrieved. The
set of tags for f is then built using the tags of the scenes represented by the
keyframes returned by the index.

Labels automatically suggested for frames are then propagated at the scene
level: Here, W (s,D) and A(t,s) assume the default values of 1/nD (with nD de-
noting the number of keyframes representing a given scene) and 0/1. Finally,
scene labels are summarized into tags for the whole video D, with W (s,D)
equal to the relative length of scene s with respect to video D while A(t,s)
is obtained from the previous step. The whole process is depicted in Fig. 5,
where more relevant labels are shown in boldface, for the sake of clarity.

Clouds, Tree

Field, Valley

Mountain, Tree

Snow, Water

Mountain, Tree

Clouds, Water

Forest, Flowers

Bush

Clouds, Mountain

Tree, Water

Flowers, Grass

Birds

Mountain, Clouds, Tree,

Forest, Grass, Water,

Flowers, Statue, Snow, Bear

SHOTS

KEYFRAMES

VIDEO

Fig. 5 Hierarchical annotation: Labels suggested for keyframes are summarized into scene and
video tags.
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