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ABSTRACT in [6], the association of low-level representations and high-level
semantics is formulated as a probabilistic pattern recognition prob-
lem.

In this paper a knowledge-assisted domain-specific video anal-
ysis framework that uses a genetic algorithm to support efficient
‘object localization and recognition is presented. An initial seg-

Efficient video content management and exploitation requires ex-
traction of the underlying semantics, which is a non-trivial task in-
volving the association of low-level features with high-level con-
cepts. In this paper, a knowledge-assisted approach for extract

ing semantic information of domain-specific video content is pre- anation generates a set of over-segmented atom-regions and sub-
sented. Domain knowledge considers both low-level visual fea- goq,ently their low-level descriptors are extracted. Based on these

tures (color, motion, shape) and spatial information (topological yescriptors and the ones of the object prototype instances included
and directional relations). An initial segmentation algorithm gen- i, the domain ontology, a distance measure is estimated using a

erates a set of over-segmented atom-regions and a neural networkera| network that considers all employed descriptors with dif-
is used to estimate the similarity distance between the extractedserent weight on each. In the following, the genetic algorithm is
atom-region descriptors and the ones of the object models included,, 5jieq in order to decide how the initially generated atom-regions
in the domain ontology. A genetic algorithm is applied then in or- ghq14 be merged and labelled in order to form meaningful ob-
der to fl_nd t_he optimal interpretation according to the domain CON- iacts in compliance with the ones defined in the domain ontology.
ceptualization. The proposed approach was tested on the Tenn'%nalysis may then be performed by using the necessary process-
and Formula One domains with promising results. ing tools and by relating high-level symbolic representations of
the domain ontology to visual features extracted from the signal
1. INTRODUCTION domain. Following this approach, the detection of the important
objects depends largely on the knowledge base of the system and
Recent advances in computing technologies have made availabl&onsequently it can be easily applied to different domains provided
vast amount of digital video content resulting in a growing re- that the knowledge base is enriched with the respective domain
search interest in extracting semantic information from such con- knowledge.
tentin order to enable efficient management and exploitation. How- ~ The remainder of the paper is structured as follows: section
ever, due to the possible different interpretations and intended use€ considers domain ontology development, section 3 contains a
of video resources, the inherent ambiguity in visual information Ppresentation of the applied segmentation and descriptor extraction
renders the development of faster hardware or the evolution of algorithms, while in section 4 the implementation of the genetic
classic segmentation algorithms insufficient. The difficulty [1], in algorithm is discussed. The intelligent distance estimation based
mapping concepts as perceived by humans (e.g. objects, eventsyn low-level descriptors is presented in section 5. Experimental
into a set of automatically extracted image features can be alle-results are presented in section 6 and finally, conclusions are drawn
viated for a particular application domain by means of domain in section 7.
knowledge. Among the different approaches that have been used
for implementing particular parts of the_ domainjspecific knpwl- 2. DOMAIN KNOWLEDGE
edge are formal knowledge representation theories, semantic web

technologies, dynamic belief networks etc. In [2], for example, se- The knowledge about the examined domain has been encoded in
mantic web technologies are used for representing domain Knowl-ihe form of an ontology. The developed ontology includes the ob-

edge, while in [3] internal knowledge representation models have jects that need to be detected, their low-level visual features and
been developed. An object ontology coupled with a relevance iheijr corresponding spatial relations. Thus, the corresponding pro-
feedback mechanism is introduced in [4], while in [5] semantic t4type instances provide the system with the knowledge required
entities in the context of the MPEG-7 standard are defined for (g fing the optimal interpretation for each of the examined video

knowledge-assisted video analysis and object detection. Finally, scenes, i.e. the optimal set of mappings among the available atom-

This work was supported by the EU projects SCHEMA “Network of regions and the corresponding domain-specific semantic defini-
Excellence in Content-Based Semantic Scene Analysis and Informationtlons.' The domain ontology contains a!so information about .the
Retrieval” (IST-2001-32795) and aceMedia “Integrating knowledge, se- Mmaximum allowed number of detected instances for each object.
mantics and content for user centered intelligent media services” (FP6-In addition, support is provided for defining associations between
001765). the defined low-level visual and spatial descriptors and the algo-




rithms to be applied for their extraction. In the following, a brief for each atom-region as follows. For the extraction of the domi-
description of the main classes is presented. nant color descriptor, the MPEG-7 eXperimentation Model (XM)
ClassObject is the superclass of all objects to be detected dur- is employed [8]. Motion information calculation is based on the
ing the analysis process. When the ontology is enriched with the aforementioned block motion vector estimation using block match-
domain specific information, this class is subclassed to the cor-ing and the calculation of the norm of the averaged global-motion-
responding domain salient objects. Cl&Bject Interrelation compensated motion vectors for the blocks belonging to the re-
Description models the possible object spatiotemporal relations, gion. Global motion compensation is based on estimatingSthe
while Low-Level Description refers to the set of their represen- parameters of the bilinear motion model for camera motion, using
tative low-level visual features. Since real-world objects tend to an iterative rejection procedure [11]. To extract the compactness
have multiple different instantiations, it follows that each object descriptor, the area and the perimeter of the region are calculated.
prototype instance can be associated with more than one spatial
(temporal) description and respectively multiple low-level repre-
sentations. The different types of visual information, i.e. color,
motion etc,. comprise different classes, which are further sub-
classed to reflect the different ways to calculate a visual feature
(e.g. the color descriptor could be any of the color descriptors . > . )
standardized by MPEG-7, the distribution models of the respec- reglonsf. AssumingVr aItVom-reglgns and a qoma'“ onFoIogy of
tive color space etc.) The actual values that comprise the low-level o Objects, there aréV,© possible scene interpretations. To

descriptors (e.g. the DC value elements, color space etc. related t@Vercome the computational time constraints of testing all possi-
the MPEG-7 dominant color descriptor) are underltbe/-Level ble configurations, a genetic algorithm is used [12]. Genetic algo-
Descriptor Parameter class. rlth_ms_ (G_As) have been widely applied in many fields involving
optimization problems, as they have proved to outperform other
traditional methods. GAs are built on the principles of evolution

via natural selection: an initial population of individuals (chromo-

t somes encoding the possible solutions) is created and by iterative
color descriptor, the motion norm of the averaged global motion- e_lpplication _Of the gef‘e“? operators (select_ion, crossover, mu_ta-
compensated block motion vectors and compactness defined as thiion) an optlmal solution is reached, according to the defined fit-
ratio between a region’s area and the square of its perimeter. Fof1€SS function.

convenience, the following abbreviations are used for the rest of 1N our framework, each individual represents a possible inter-
the paper to refer to the above mentioned low-level and spatial pretation of the examined scene, i.e. the labels for the generated

4. GENETIC ALGORITHM

As previously mentioned, the initially applied color and motion
segmentation algorithms result in a set of over-segmented atom-

In the current implementation the supported spatial relations
are: adjacency, inclusion and the four relative directional relations
(right, left, above, below), built on Allen’s interval algebra [7].
The used visual low-level descriptors are the MPEG-7 dominan

descriptions: dominant color descripttPC), motion descrip- atom-regions. An object instantiation is identified by the concept
tor (MOV'), compactness descriptaf§' PS), adjacency relation label and an identifier used to differentiate instances of the same
(AD.J), below relation(BEW) and inclusion relatioi N C). concept. In order to reduce the search space, the initial population

Enriching the ontology with domain specific knowledge re- is genera_ted by aII(_)Wing each gene to associatt_a the correspon_ding
sults in populating the system knowledge base with prototype in- 30m-region only with those objects that the particular atom-region
stances of the objects to be detected. The proposed system interS MOst likely to represent. For example in the domain of Tennis a
prets the provided information, i.e. the low-level visual features 9r€en atom-region may be correspond to one of the Field, Wall or
and the spatial relations, as a conjunctive normal form clause con-Ynknown Object concepts but not to the Ball or Player ones. The
sisting of two clauses, one for each description category. Further-Set of valid candidates for each atom-region is estimated according
more, each conjunct is defined as the disjunction of the object pro-© the low-level descriptions included in the domain ontology.
totype descriptors belonging to the respective category. To tackle The following functhns are deflneo_l to estimate the snmllanty_
the inevitable loss of objects connectivity in tB image plane, ~ distance between a region and an object model in terms of their
atom-regions belonging to the same object are treated as a singléoW-level visual and spatial features respectively:

instance of the respective concept as long as they satisfy appropri- o the interpretation functioffas(g:) = Zas(Ri, om;). As-

ate topological conventions. suming thatg; associates region; with objecto, having
modelom;, Zr(gs) provides an estimation of the degree
3. INITIAL SEGMENTATION AND LOW-LEVEL of matching betweemwm; andr;. Za(Ri,om;) is cal-
DESCRIPTORS EXTRACTION culated using the descriptor distance functions realized in
the MPEG-7 XM and is subsequently normalized so that
Under the proposed framework, a set of over-segmented atom- Iy (Ri,om;) belongs tdo, 1].
regions is generated by combining the color and motion segmenta- 4 the interpretation functioiz, which provides an estima-
tion masks of the preprocessing step. Color segmentation is re- tion of the degree to which a relatidd holds between two
alized by identifying up to eight dominant colors in the frame, atom-regions.

as done by the MPEG-7 dominant color descriptor [8], and us-
ing them to initialize a simple K-means algorithm, as in [9]. Mo- Since each individual represents the scene interpretation, the Fit-
tion segmentation is based on extracting motion information for Ness function has to consider the above defined low-level visual
the image sequence [10], and then applying to this motion infor- and spatial matching estimations for all atom-regions. As a conse-
mation the segmentation methodology of [4]. If a motion-based duence the applied Fitness function is defined as follows:
segmented region consists of two or more color-based segmented > > >
atom-regions, then it is accordingly split. Fitness(G) = Ian(g:) + Ir, (9:,95)

The low-level descriptors defined in section 2 are extracted i k (95,95).9iRrg;



Atom-region Distance to object model

whereZy (g;) is the estimation function of geng regarding low- o Grass — Rosd — Sard

level visual similarity andZ, (g:, g;) is the estimation function Car 030 071 071 0093

of spatial similarity betweep; andg; in terms of Ry. It follows grasds 8-3; 8-32 8-572 8'76;_’
Y] . - . oal . . . .

from the above definitions that the optimal solution is the one that Sand 079 099 073 021

maximizes the Fitness function. This process elegantly handles the
merging of atom-regions: any neighboring such regions belonging
to the same object according to the generated optimal solution areTaple 1. Distances between atom-regions and object models esti-
simply merged. In ourimplementation, the following genetic oper- mated by the neural network

ators were used: roulette wheel selection, in which individuals are

given a probability of being selected that is directly proportionate

to their fitness and uniform crossover, where genes of the parent ) ] . )
chromosomes are randomly copied. To account for objects of no©ntelogy along with their low-level models and spatial relations
interest that may be present in a particular domain and for atom-are illustrated in table 2. In both domains, the low-level descrip-
regions that fail to comply with any of the object models included tors values included in the corresponding knowledge base were

in the ontology, the concept of unknown object is introduced. extracted from a training set of manually annotated images.
The time required for performing the previously described tests
5. INTELLIGENT LOW-LEVEL DESCRIPTORS was between 5 and 10 seconds per frame, excluding the process of
DISTANCE ESTIMATION motion information extraction via block matching for which effi-

cient and inexpensive hardware implementations exist [10]. More
The implementation of the interpretation functip used for the specifically, the_tlme to perform pl_xel-level segmentatlon was about
fitness function is explained in more details in this section. Match- 2 Séconds, while the time required by the genetic algorithm to
ing of an atom region with an object model is based on the esti- rea_ch an optimal solution varied dt_apendln_g onthe numberof_atom-
mation of the distance between the associated low-level descrip-"égions and the number of spatial relations. The extraction of
tors presented in section 2. When the task is to compare two re-the low-level and spatial descriptions is performed before the ap-
gions based on a single descriptor, several distance functions carplication of the genetic algorithm. In general, the proposed ap-
be used. In this approach however, the comparison should consideProach proved to produce satisfactory results as long as the ini-
all three low-level descriptors proposed in section 2, with different fial color-based segmentation did not segment two objects as one
weight on each. The problem is not trivial because there is not a &om-region. Additionally, the use of spatial relations proved ben-
unique way to compute this distance. eficial, especially for objects whose low-level visual descriptors

The proposed way to achieve this is based on a back-propagatiGe auite similar.

neural network with a single hidden layer. The network’s input

consists of the low-level descriptions of both of an atom-region —Concept Visual models Spatial relations
and an object model, while its output is the normalized distance Road DCl .,V DC? .,V DC3 . Road ADJ Grass,Sand
. . y 1 1
between the atom-region and the model, based on all available de- gard Jgg}/m Aglcjfm,T s S%’;‘%RDMR §
; [ ; ; ; an sand V Sand an rass, Roal
scnptfors. A t:lalr;mbg Isleé is constru_cted usiinghth?1 des_crlptorsfofha Grass  DCl.. Vaﬁcjmss sans 03 Grass ADI Road,Sand
set of manually labelled atom-regions and the descriptors of the —5 DCL,1g V DCE g VDO, 1 Field ADJ Wall
corresponding object models. The network is trained under the as- pjayer MOV}, Player INC Field
! . . player
sumption that the distance of an atom-region that belongs to the Line DC}.. NCPS),,. Line INC Field
training set is minimum for the associated object and maximum Ball DGl A CPSEa Ball INC Field
for all others. Wall DCl ..,V DC? ., v DC? Wall ADJ Field
When the unknown atom-regions are presented to the trained
network along with the description of the objects, the network re- Table 2. Formula One and Tennis domain definitions

sponds with an estimation of their distance. This distance is then

used for the interpretation functidhy,, which is used in the fit-

ness function proposed in section 4. An example of average dis-

tances between atom-regions and object models is depicted in 1.

Although in this case the network is trained only on 145 atom- 7. CONCLUSIONS

regions of two frames of a Formula One video sequence and tested

on 6_5 regions of anotherframe_ofadifferent sequence, itis evident| this paper, a knowledge-assisted domain-specific video analy-
that it can generalize and provide a robust estimator of a complexsjs approach which exploits the fuzzy inference capabilities of a
distance function. This is important, especially as manual labelling genetic algorithm is presented. Domain knowledge includes both

of the training set is not an easy task. low-level visual descriptors and spatial interrelations, and is en-
coded in the form of an ontology. The genetic algorithm provides a
6. EXPERIMENTAL RESULTS fundamentally different framework compared to knowledge-based

systems using formal rules. By encoding the object models de-
The proposed approach was tested on a variety of Formula One andined in the ontology in the form of constraints (fithess function
Tennis domain MPEG-2 videos. As illustrated in figures 1 and 2, definition), a global optimal interpretation of the examined scene
the system output is a segmentation mask outlining the semanticis reached. The developed domain ontology provides a flexible
interpretation, i.e. a mask where different colors representing the conceptualization that allows the easy addition of new low-level
objects defined in the ontology are assigned to each of the pro-and spatiotemporal descriptors, i.e. supports different abstraction
duced regions. The objects of interest included in each domainlevels, and the adaptation to different domains.
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