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Abstract

This paper presents multimedia ontologies, where mul-
timedia data and traditional textual ontologies are merged.
A solution for their implementation for the soccer video do-
main and a method to perform automatic soccer video an-
notation using these extended ontologies is shown. HSV is
a widely adopted space in image and video retrieval, but its
quantization for histogram generation can create mislead-
ing errors in classification of achromatic and low saturated
colors. In this paper we propose an Enhanced HSV His-
togram with achromatic point detection based on a single
Hue and Saturation parameter that can correct this lim-
itation. The more general concepts of the sport domain
(e.g. play/break, crowd, etc.) are put in correspondence
with the more general visual features of the video like color
and texture, while the more specific concepts of the soccer
domain (e.g. highlights such as attack actions) are put in
correspondence with domain specific visual feature like the
soccer playfield and the players. Experimental results for
annotation of soccer videos using generic concepts are pre-
sented.

1. Introduction

The relevance of audio-visual data and more in general
of media other from text in modern digital libraries has
grown in the last few years. Modern digital libraries are
expected to include digital content of heterogeneous media,
with the perspective that visual data will have the major role
in many specialized contexts very soon.

In this scenario, digital video has probably the highest
relevance. There are, in fact, huge amounts of digital video
daily produced for news, sport, entertainment, and educa-
tion by broadcasters, media companies and various institu-
tions. In particular the sport domain is receiving a growing
attention due to the interests of broadcasters, sponsors and

the audience.
A growing need is the ability to search for videos based

on their content instead of relying on manually provided
metadata. The diffusion of such systems has been strongly
limited by the difficulty to generalize results of visual and
audio automated processing techniques obtained on tuned
test data sets. On the other hand, internet users are very de-
manding on search results, so the media search technologies
for the mass have to be very intuitive and easy to use such
as text retrieval is [10].

Organization of concepts into appropriate knowledge
structures, such as ontologies, development of tools for the
construction of such knowledge, and the usage of these
structures and tools to support effective access to video con-
tent, are also the subject of recent and very active research.
Moreover in recent years ontologies have been effectively
used to perform semantic annotation and retrieval of mul-
timedia content. In the case of video annotation the terms
of the ontologies are associated to the individual elements
of the video (e.g. blobs, shots, etc.) either manually or au-
tomatically, exploiting the results of the advancements in
pattern recognition and image/video analysis. In this latter
case spatio-temporal combinations of multimedia features
are extracted from the media and linked to the terms of the
ontology.

Although linguistic terms, commonly used to define con-
cepts in ontologies, are appropriate to distinguish event and
object categories, they are inadequate when they must de-
scribe specific patterns of events or video entities. Consider
for example the many different ways in which an attack
action can occur in soccer. We can easily distinguish sev-
eral different patterns that differ each other by the playfield
zone, the number of players involved, the player’s motion
direction, the speed, etc. Each of these patterns represents a
specific type of attack action that could be expressed in lin-
guistic terms only with a complex sentence, explaining the
way in which the event has developed. To support effective
retrieval of video data, capturing the different patterns of a
concept, we need extended ontologies, that allow to inte-



grate the low-level expressive power of visual data with the
structured high level semantic knowledge expressed in tex-
tual form. The basic idea behind these extended ontologies
(that we will refer to as “multimedia ontologies”) is that the
concepts and categories defined in a traditional ontology are
not rich enough to fully describe or distinguish the diversity
of the possible visual events and cannot support video an-
notation up to the level of detail of pattern specification.

2. Related work

The possibility of extending linguistic ontologies with
multimedia ontologies, has been suggested in [12] to sup-
port video understanding. Differently from our approach,
the authors suggest to use modal keywords, i.e. keywords
that represent perceptual concepts in several categories,
such as visual, aural, etc. A method is presented to automat-
ically classify keywords from speech recognition, queries
or related text into these categories. In [14], a hierarchy of
ontologies has been defined for the representation of the re-
sults of video segmentation. Concepts are expressed in key-
words and are mapped in an object ontology, a shot ontology
and a semantic ontology. In [21] the limitations in describ-
ing the semantics of the highly structured domain of sports
videos using MPEG-7 have been overcome proposing a
Sport Event ontology, that reuses only the structural and
media information concepts of MPEG-7. A Protégé plug-
in that allows manual annotation of soccer videos has been
presented. Multimedia ontologies are constructed manu-
ally in [11]: text information available in videos and vi-
sual features are extracted and manually assigned to con-
cepts, properties, or relationships in the ontology. In [2]
new methods for extracting semantic knowledge from an-
notated images is presented. Perceptual knowledge is dis-
covered grouping images into clusters based on their vi-
sual and text features and semantic knowledge is extracted
by disambiguating the senses of words in annotations us-
ing WordNet and image clusters. In [18] a Visual Descrip-
tors Ontology and a Multimedia Structure Ontology, based
on MPEG-7 Visual Descriptors and MPEG-7 MDS respec-
tively, are used together with domain ontology in order to
support content annotation. Visual prototypes instances are
manually linked to the domain ontology. An approach to
semantic video object detection is presented in [5]. Seman-
tic concepts for a given domain are defined in an RDF(S)
ontology together with qualitative attributes (e.g. color ho-
mogeneity), low-level features (e.g. model components dis-
tribution), object spatial relations and multimedia process-
ing methods (e.g. color clustering); rules in F-logic are then
used for detection on video objects. In [7] a taxonomy de-
fined with MPEG-7 is used to annotate videos using unsu-
pervised clustering. In the proposed system it is not possible
to add domain specific visual descriptors, nor high level re-

lationships between the concepts defined in the taxonomy.
In [16] an ontology infrastructure composed by three on-
tologies (a domain specific, a visual descriptor and an up-
per ontology) has been proposed to interpret a scene. An
initial automatic segmentation of images is performed, ex-
tracting a set of low-level visual descriptors for each region.
A training set of manually labeled regions is used to label
new regions, and a reasoning engine is used to reduce the
number of segmented regions using the labels and the adja-
cency relations.

3. Ontology languages and visual descriptors

The aim of using ontologies to describe multimedia doc-
uments is to provide ways to define well structured concepts
and their relations that may ease the tasks of annotation and
retrieval. As noted in [9] ontologies make it possible to im-
prove both automatic annotation and retrieval in presence
of imperfect annotation; in fact, an automatic annotator that
uses concepts instead of labels maintains consistency of an-
notations in two ways: i) avoiding unlikely combinations of
annotations; ii) using generic concepts (instead of the more
specific) in case of uncertainty. Retrieval is improved using
the ontology to drive the query rewriting, e.g. to select more
general concepts, or concepts that are somehow related to
the query.

Ontologies may be expressed in many different lan-
guages. In general it is possible to create an ontology
using a proprietary language, or using open standard lan-
guages such as XML, RDF(S) or OWL. MPEG-7 is a stan-
dard, based on XML, that has been built to define entities
and their properties w.r.t. the specific domain of multime-
dia content while RDFS and OWL are languages that can
define an ontology in terms of concepts and their relation-
ships regardless of the domain of interest. It has to be noted
that the possibility to translate MPEG-7 into an ontology
language [17] such as RDF and OWL has been exploited
to overcome the lack of formal semantics of the MPEG-7
standard that could extend the traditional text descriptions
into machine understandable ones. There are several ad-
vantages in using ontologies specific standards as RDF and
OWL instead of MPEG-7: i) it is easier to add mid-level
audio-visual descriptors that are related to the domain that is
being annotated; ii) it is possible to express easily complex
semantic entities and their relations; iii) it is possible to use
reasoning tools to add high-level annotation or to perform
queries related to semantic content, rather than low level
audio-visual descriptors. In our approach the extended on-
tology is expressed using OWL and both domain and visual
concepts are included in a single ontology. Visual concepts
are defined by mean of both generic and domain specific
visual descriptors.

The generic descriptors used in the ontology capture dif-

2



ferent aspects of the video content: i) global color; ii) layout
of colored areas and iii) texture. These features are repre-
sented using the corresponding MPEG-7 descriptors: scal-
able color descriptor (SCD), color layout descriptor (CLD)
and edge histogram descriptor (EHD).

The domain specific descriptors are typically more com-
putationally expensive, but their extraction can be post-
poned since they are needed to recognize concepts that may
be specializations of the more generic concepts. For in-
stance the generic descriptors are used to detect if a video
clip contains a play action, and only when there is need to
specify what kind of highlight is contained, domain specific
descriptors are used. In the case of the soccer the domain
the specific descriptors used are i) the playfield area; ii) the
number of players in the upper part of the playfield; iii) the
number of players in the lower part of the playfield; iv) the
motion intensity; v) the motion direction; vi) the motion
acceleration. Their extraction and use has been presented
in [1] and [4].

3.1. HSV Color Space

While the importance of color feature is straightforward,
the selection of the best color features and color space is still
an open issue. In particular, the MPEG-7 Scalable Color
Descriptor feature has been tested and proved to be mis-
leading for achromatic and dark colors, since it is based on
the HSV color space. To this aim, we propose in this paper
an enhanced HSV color histogram able to explicitly handle
achromatic colors.

The HSV color space is widely adopted in image and
video retrieval, since it allows to separate the chromatic
contribution of the image colors. Kotoulas et al. [13] for
example use HSV color histograms for content-based image
retrieval proposing hardware implementations of the algo-
rithms. Despite that, the use of HSV color space has three
well known drawbacks: (1) hue is meaningless when the
intensity is very low; (2) hue is unstable when the satura-
tion is very low; and (3) saturation is meaningless when the
intensity is very low. The same consideration is reported
in [20] but applied to the IHS color space, that is concep-
tually similar to the HSV. In other words, dark colors are
insensitive to saturation and hue changes and, similarly, the
hue value is negligible for achromatic colors (low satura-
tion). Thus, the MPEG-7 Scalable Color Descriptor suffers
of this defect: dark or low saturated colors can be assigned
to different bins even if they are visually very similar (see
Fig. 1).

To solve this problem, in [20] two regions are defined
and separately treated, one for the chromatic and one for the
achromatic colors. These areas are obtained with a compli-
cated set of thresholds in the IHS color space. Similarly,
in [15] a fuzzy technique has been proposed in order to

Figure 1. Quantized view of the HSV color
space. S and V are quantized to 4 values,
while H to 8 values. The bins with lowest V
and S present barely noticeable visual differ-
ences.

distinguish among chromatic, achromatic, and black col-
ors. Sural et al. [19] propose an histogram modification
that takes into account the above mentioned regions. In par-
ticular, they identify the achromatic region by thresholding
the saturation coordinate with a linear function of the in-
tensity value and based on the outcome chose to represent
the color with its hue or its value only. In [6] a detailed
comparison of the MPEG-7 color descriptors can be found,
proving that the Scalable Color Descriptor is not suitable
for monochromatic images. In the following section we
propose an enhancement to the traditional HSV histograms
that takes into account the achromatic regions overcoming
the MPEG-7 Scalable Color Descriptor drawbacks.

3.2. Enhanced HSV Histograms

The Scalable Color Descriptor requires a quantization of
the HSV color space, with 16 values in H and 4 values in
each S and V (256 bins in total). Supposing every color
channel in the range [0,1), the bin index may be obtained
as:

bin = f (H, S, V ) =
�nHH�nSnV + �nSS�nV + �nV V � (1)
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Figure 2. Example of the HSV problem. The
image on the right, shows in different col-
ors pixels of the original image assigned to
different histogram bins. Dark pixels which
are visually very similar, fall in different bins
when the color space is quantized.

where nH , nS , nV are the quantization levels devoted to ev-
ery color channel. Usually these are chosen to be powers of
2 for ease of representation. Adopting a linear quantization
of each coordinate leads to have, for example, 64 different
bins for the darkest colors characterized by the lowest val-
ues of V. Thus, a visually uniform background can be split
on different bins (see Fig. 2).

We propose to add nA bins to the HSV histogram that
contains all the achromatic and dark colors. These nA bins
correspond to gray levels, from black to white; for conve-
nience, we choose to set nA = nV =4, as the number
of levels assigned to the V axis in the MPEG-7 standard.
The dark and achromatic colors are selected by imposing
a unique threshold λ on the S and V coordinates respec-
tively, as reported in Table 1. In the third column, the index
computation for the new bins is reported. The value of λ
has been empirically set to 0.2, since it proved to be a good
tradeoff between color loss and matching of similar dark or
achromatic colors. In Fig. 3 the obtained results over four
sample images are reported. In the first column the input
images are shown, while in the second column the image
segmentation obtained with the quantization of the MPEG-
7 Scalable Color Descriptor is drawn assigning a different
random color to each bin. The background color of the first
and of the third row images, the sea in the second row, and
the hat in the last row are some examples of dark or achro-
matic uniform areas that are split into different bins. Chro-
matic areas are marked in red on the rightmost column im-
ages, leaving original colors in the dark or achromatic areas.
In the third column, the results of the Enhanced HSV His-
togram are reported, where the same random colors as be-
fore are used for the chromatic area of the histogram, while
gray levels are employed for the achromatic area.

Moving some of the colors from the original bins to the
nA achromatic ones makes these original bins less used

a) b) c)

Figure 4. a) Original quantization of the SV
plane with H=0 (red); b) Achromatic area de-
tection (λ=0.2); c) linear requantization of the
chromatic area.

Figure 5. Reconstruction of the images in the
left column, after the quantization with the
functions f (center) and f ′ (right).

with respect to the others. In fact, it does not make sense
anymore to uniformly subdivide the S and V channels, if
part of it is then discarded. A better solution is to fully em-
ploy the chromatic bins to describe only the effective chro-
matic area. To this aim we linearly quantize the remaining
HSV space, by simply redefining the f function of Eq. 1:

f ′ (H, S, V ) = f

(
H,

S − λ

1 − λ
,
V − λ

1 − λ

)
(2)

For the achromatic area the original f function is still used,
since the whole range of V has to be quantized. A graph-
ical visualization of the effect of Eq. 2 is given in Fig. 4.
In Fig. 5 the reconstruction of the images after the quanti-
zation with the two different functions is reported. Clearly
the second approach gives a better match with the original
chromatic area.
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Figure 3. Enhanced HSV Histogram results over four sample images are reported. The columns
show respectively: input images, segmentation obtained with the HSV quantization, gray levels as-
signment for the achromatic area, chromatic area masking (λ = 0.2).

A different approach could be used to reduce the number
of bins in the histogram, without affecting the chromatic
area. The threshold λ can be set to 1/nV , thus making
the achromatic area exactly match the first set of bins for
S and V. This forces these bins to 0, thus allowing their
removal. This indeed induces a compression with respect
to the color representation, but it is selectively applied to
the least significant colors. For example with reference to
the aforementioned 16,4,4 subdivision, this would lead to
16 × 3 × 3 = 144 bins, plus 4 bins for the achromatic area.

4. Multimedia ontology creation and usage

The creation process of the multimedia ontology is per-
formed by selecting a representative set of sequences con-
taining concepts described in the linguistic ontology, ex-
tracting the visual descriptors and performing an unsuper-
vised clustering. The clustering process, based on visual
features, generates clusters of sequences representing spe-
cific patterns of the same concept that are regarded as spe-

cialization of the concept. Visual prototypes for each con-
cept specialization are automatically obtained as the centers
of these clusters. These prototypes are used in the annota-
tion process and can be exploited to perform queries (e.g.
searching videos whose content is similar to some visual
prototypes).

The first step of the multimedia ontology creation is to
define for each clip a feature vector V containing all the dis-
tinct components of the visual descriptors used to define the
concepts. Each component is a vector U that contains the
sequence of values of each visual descriptor. The length of
feature vectors U may be different in different clips, accord-
ing to their duration and to the content of the clips. Then the
clustering process groups the clips of the representative set
according to their visual descriptors. We have employed the
fuzzy c-means clustering algorithm to take into account the
fact that a clip could belong to a cluster, still being simi-
lar to clips of different clusters. The distance between two
different clips has been computed as the sum of all the nor-
malized Needleman-Wunch distances between the U com-
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Figure 6. Example of a cluster for players
close-up concept, created using generic vi-
sual descriptors. The visual prototype is
highlighted.

ponents of the feature vector V of the clips, to take into
account the differences in the duration and the temporal
changes of the descriptors values. This allows to take into
account the dynamic aspects of videos and the video editing
operations typically used (e.g. trimming, insertion, filter-
ing). The distance is a generalization of the Levenshtein edit
distance and has been used since the cost of character sub-
stitutions is an arbitrary distance function. In our case the
cost is used to weight differently some high level descrip-
tors, while the generic descriptors use the same cost. The
normalization is used in order to better discriminate differ-
ences between short and long sequences and is performed
dividing the Needleman-Wunch distance by the length of
the shorter sequence. The edit distance can be applied also
to the MPEG-7 based generic descriptors since, even if the
size of their “alphabet” is extremely large, in order to per-
form the calculation of the distance it is only required to
determine if two descriptors are the same or not, using the
appropriate metric described in the previous section. An
example of cluster used to identify a visual prototype for
the players close-up concept is shown in Fig. 6. Perfor-
mance evaluation of the generation of multimedia ontology
for high level concepts has been analyzed in our previous
work [3].

In Fig. 7 it is shown a simplified schema of the events and
actions that can be detected using a multimedia ontology
defined for the soccer domain, along with some examples
of the visual concepts. The more generic concepts, that are
represented in the upper part of the figure, are related to the
more generic visual descriptors. The concepts that are more
domain specific, as the different soccer highlights, can be
recognized using the more specific visual descriptors. Us-
ing the ontology it is possible to perform a refinement of
concepts analyzing only the video clips which may contain
the more specific highlights. For example the leftmost ex-
ample of “Play detected action” of Fig.7 can be further ana-
lyzed and then associated with the “Shot on goal” concept,
or a “Players close-up” concept can be refined performing

face recognition, and then associating the video clips of the
cluster to the corresponding players concepts.

Once created, the multimedia ontology can be effec-
tively used to perform automatic annotation of unknown se-
quences. This is made by checking the similarity of the
visual descriptors of clips that have to be annotated with
the descriptors of the visual prototypes and of their clus-
ter members. The annotation algorithm (described in de-
tail in [4]) aims at obtaining a high precision at the expense
of recall. This is due to the fact that while annotating the
videos the ontology is growing at the same time, adding
and changing the visual prototypes. Therefore, if a clip
is erroneously associated to the wrong concept (in partic-
ular if it becomes a prototype of that concept) the error
would propagate, attracting other clips to the wrong con-
cept. This is the reason why we have chosen to associate
clips to an “Unknown events” special class if there is some
uncertainty in their annotation. These clips can be anno-
tated at a later stage automatically, when the ontology con-
tains more knowledge about the concepts that they contain.
In fact the annotation algorithm tries to re-classify the “Un-
known events” clips when a certain number of new visual
prototypes are added to the ontology.

Once the videos have been classified and annotated
within the multimedia ontology, using only the visual fea-
tures, it is possible to refine the annotation exploiting the re-
lations between the concepts, for example defining domain
specific patterns of events and objects. Since the ontology
is expressed in OWL, a reasoner can be used to add to the
ontology the knowledge inferred from these relations. In a
similar way it is possible to define complex queries based
on visual prototypes and their relationships.

For instance, a temporal sequence of “Shot on goal” (ob-
tained as specialization of the generic play concept, through
analysis of domain specific features), followed by some
“Players close-up” and “Crowd” can be defined as possible
“Scored goal” event; a “Play” followed by a some “Players
close-up” and “Players medium views” can be defined as
possible “Foul” event. These concepts could not be detected
solely based on visual features, but can be detected through
reasoning on the ontology. For query purposes these tem-
poral sequences can be refined requiring some concepts vi-
sually similar to some particularly interesting visual proto-
types (e.g. a “Scored goal” that contains a “Shot on goal”
similar to a given sequence).

5. Experimental results

The videos used in our experiments were digitally
recorded and acquired at full PAL frame size and rate
(720 × 576 pixels, 25 fps) from 3 different matches (one
from UEFA Champions League and two from World Cham-
pionship 2006), for a total length of about 270 minutes.
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Figure 7. A simplified schema for the detected events and actions of the soccer ontology

Table 1. Precision and recall of generic soc-
cer concepts classification

Concept Miss Unknown False Precision Recall
Play 1% 0% 12% 90% 99%
Crowd 10% 0% 20% 82% 90%
Close-up 10% 43% 1% 98% 48%
Medium view 16% 18% 16% 79% 65%

Videos were automatically segmented using a Linear Tran-
sition Detector[8], a system based on color histograms and
motion features to detect and characterize scene changes,
and features vectors were extracted from each shot. Man-
ual ground truth of generic soccer concepts of these shots
has been created resulting in 711 play actions, 62 crowd ac-
tions, 905 players close-up and 492 players medium views.
A set of sequences representative of the above concepts was
selected as a training set for the multimedia ontology cre-
ation. In particular 50 different actions representative of the
play concept, 10 crowd events, 150 players close-up and
80 players medium views, were manually annotated. The
high number of close-up and medium views used to train
and build the ontology was required to cope with the great
diversity of the visual appearance of these concepts (e.g.
the different players faces and team shirts). The ontology
creation process performed using this training set led to the
selection of 8 visual concepts for the play, 3 for the crowd,
48 for the players close-up and 20 for the players medium
view. This ontology has been then used to automatically an-
notate the remaining video sequences. Results are reported
in table 1.

In Table 1 we have reported the percentage of clips an-
notated in the special “Unknown events” class instead of re-
porting them within the “Miss” column since, as explained

in Sect.4, these error can be automatically corrected at a
later stage, when more clips are fed to the system. How-
ever these figures have been taken into account to compute
the recall figure. Analysis of the results shows that close-
up and medium view are more critical than play and crowd,
that show good results for both precision and recall. The
relatively low recall figure of close-ups is partly due to the
fact that the majority of missed detections is wrongly clas-
sified as medium view; this is because a close-up sequence
is often zoomed out becoming a medium view. Moreover,
the high figure of close-up classified as “Unknown” is due
to the high variability in visual appearance related to all the
different players that are framed; however this problem may
be solved adding more videos to the ontology, thus learning
more prototypes of players close-ups. The figure of recall
for the medium views is due to the fact that some of these se-
quences are framed in such a way that the players are com-
pletely surrounded by the playfield, thus resulting in a scene
that is very similar to a play action scene. Also in this case
the figure of medium views classified as “Unknown” is due
to the high variability of this type of concept, and thus can
be solved as in the close-up case.

6. Conclusions

In this paper we presented an approach for HSV color
space analysis and enhanced histogram generation. The
proposed enhancement allows to better describe the chro-
matic area and to avoid meaningless assignment by hue for
low saturated and dark colors. In particular an achromatic
area detection has been defined. We have shown the ad-
vantages of using multimedia ontologies to perform video
annotation, and motivations to express them in a knowl-
edge representation language such as OWL. Multimedia on-
tologies can include both generic concepts, represented by
generic visual descriptors such as MPEG-7 descriptors, and
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high-level concepts represented by domain specific descrip-
tors. Experiments on automatic video annotation of soccer
videos using the generic concepts have been presented. This
approach allows to leverage the knowledge contained in the
ontology to perform more refined annotation that otherwise
would not be possible by means of visual data analysis only.
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