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Abstract about the scene. This is quite sufficient when we deal with
scenes having large field of view and simple human activ-

This paper describes a new adaptation of a cognitive vi- ities. But, we often do not have enough information to ac-
sion system in biology field. Our goal is to monitor Tri- curately determine more complex behaviors and especially
chogramma activities from image sequence. More preciselynon-human activities. Moreover, we need to process visual
we aim at recognizing several scenarios of the parasitoid features characterizing the shape of the mobile objeciado th
behavior when it parasites the eggs of the Mediterranean we can identify its behavior.
flour moth Ephestia kuehniella Zeller (crops-harmful but-
terfly). The main advantage of our current work is the
use of accurate features for characterizing mobile objects ~ Ouraimis to adapt an automatic video interpretation sys-
shapes. We first establish different requirements to descri tem to recognizélrichogrammabehaviors which is com-
Trichogramma activities involved in the laboratory experi  posed of a vision module and a scenario recognition mod-
ment context. We second explain the steps taken to adapt &le. The system takes two types of inputs: (1) a video
general video understanding framework containing a sce- Stream acquired by camera(s) and (2) a priori knowledge

nario recognition algorithm to reach our objective. concerning scenario models predefined by experts and the
3D geometric and semantic information of the observed en-
1. Introduction vironment. The output of the system is the set of recognized

scenarios at each instant.
Activity monitoring is an important field of research but it
usually deals with human activities. We are interested in ap
plying it to the biology field Trichogrammaspecies are rec- In general words, the system performs through three
ognized as important biological control agents to subtstitu  Steps. First, a low-level image processing algorithm sub-
pesticides in field crops, forests and fruits. As a parasitoi tracts the current frame with the background frame and de-
of caterpillar pests, it protects several vegetables ssch a tects moving regions. Then a tracking algorithm tracks the
corn, rice and sugarcane. Current studies are focused on a,{detecte_d regiong f';md computes th_e?r trajectory. Findly, t
alyzing the variations of handling-time and on understand- Scenario recognition module identifies the tracked moving
ing their foraging mechanisms for screening better agents'€gions as mobllg obJect§ and interprets the scenarios that
for biological control and improving their efficiency to con ~ are relative to their behaviors.
trol their hosts when they are released in the field. To con-

duct this works, it is essential to understand the parakitoi .
. . To reach our goal, we use VSIP (Video Surveillance In-
behavior. Currently, the video sequences of laboratory ex-, . . : : ; )
eriments (see Fig. 1 for sample) are analyzed manually b telligent Platform), described in [1], including a scewari
P 9. P y y yrecognition module based on [15]. We also integrate a mod-

experts. Due to the hugeness of the data to collect from : o ) .
. : . . _ule to handleTrichogrammaspecific behaviors. In this pa-
plentiful video sequences, we are interested on automatin
er we focus on the wrapper module and on the set of pa-

this task by using scenario recognition techniques. . . - .
. L rameters required for tuning the vision module. We first
Unfortunately, video understanding is focused generally . .
o L .7 present the state of art in the related fields. Second, we
on recognizing human activities. Furthermore, behaviors .
. ; . introduce the proposed method. Third, we show the early
are usually recognized through the study of trajectories an

. . : . o results and discuss them. Finally, we conclude by summa-
positions of studied objects and using a priori knowledge .~ - :
rizing the contributions and exposing our future work.



representation of the phase space which supports a more

1 . ‘ 'I ‘ | a priori knowledge in such methods. In [11], an alternative
| |
| | efficient use of the different constraints is proposed. This

7 t | method needs a frontoparallel view of the camera.
1 | To handle ambiguities in such methods and to estimate
| precisely the depth, several cameras may be used. For

a Trichogramma female

‘ ; instance, [10] proposes a system using three cameras all
- L | around the person. The method compares the projections
(a) Background with hosteggs  (b) Trichogrammain drilling of 3D model of a person on an image with the detected sil-

houettes. This process is iterated by computing a force that
Figure 1: The figure shows the background of a sample im-will move the 3D model towards the current silhouette. The
age sequence and a sample frame from the video. Image (afinal parameters of the 3D model constitute an estimation
illustrates the nine hosts eggs and their shadows. Image (bpf the real posture. The main drawbacks of these methods

Eggs Shadows

illustrates arrichogrammaemale in drilling phase. are the utilization of too many parameters difficult to tune
and the requirement of several cameras to obtain a better
precision.

2. State of Art In this work, we combine the 2D methods described in

2.1. Shape Features [9] and [6] to extract features characterizing a hon-human

shape. Methos using 3D models are ill-adapted since only
ne camera has been provided in the experiment afdino
hogramma&D model is available for the current time.

There are two main categories of methods studying the vi-
sual features of the shape of a mobile object: methods base
on 2D appearances and methods using 3D models. The ma-
jority of the methods based on 2D appearance use the samg . -
schema. First they detect the principal extremity parthef t 2. Scenario Recognition
body. Then, based on these detections, they search for théutomatic Video Interpretation has been a problem of fo-
secondary parts of the body which are the articulations. Thecus in cognitive vision in the last decade. The last years
method proposed by [9] proceeds in three steps: determinwitnessed a more practical and user-centered development
ing the center of gravity of the human silhouette, computing of this field. However, it remains focusing on people and
the orientation of the upper half of the body and finally es- vehicle tracking. Through several approaches which aim
timating the significant points such as feet, hands, elbowsat recognizing temporal scenarios we can retain two main
and knees by using a heuristic contour analysis of the hu-categories based on (1) a probabilistic/neural network-com
man silhouette. Reference [18] is a real time system whichbining potentially recognized scenarios and (2) a symbolic
uses a multi-class statistical model of color and shape-+o ob network.
tain a 2D representation of head and hands in a wide range As a computer vision researcher, the probabilistic/neural
of viewing conditions. network [12] is an adequate approach. The nodes of such
Another approach, described in [6], segments the silhou-network correspond usually to scenarios that are recodnize
ette from the background and computes the vertical and hor-at a given instant with a computed probability. For example,
izontal projections of the silhouette to determine the glob [8] proposed an approach to recognize a scenario based on
posture of a person (standing, sitting, crawling-bendimdya  a neural network (time delay Radial Basis Function). Ref-
laying) and his/her orientation relative to the camerar(fro erence [7] proposed a scenario recognition method that uses
view, left side view and right side view). To recognize the concurrence Bayesian threads to estimate the likelihood of
posture the system compares the current projections to thepotential scenarios. These probabilistic methods are use-
model of projections realized for a set of predefined pos- ful, in the case of noisy images, to give an interpretation of
ture and point of view. Then it determines the body parts by the scene while taking into account the stochastic vanatio
analyzing the contour of the silhouette. The principal draw of the analysis. For our work, we choose classical filter-
backs of these methods are the dependency on the point oing techniques to get rid off these variations and to obtain
view and their focus mostly on human-shapes. coherent data that can be associated with symbolic values.
Concerning methods using 3D models, a model is de- In artificial intelligence, researchers use symbolic net-
fined as a set of geometrical objects such as parallelepipedsvorks; their nodes correspond usually to the boolean recog-
spheres or truncated cones and parameters which define theition of scenarios. For example, [14] used a declarative
relations between these objects such as spatial constraint representation of scenarios defined as a set of spatiotempo-
This modelis defined in a high dimensional phase space (di-ral and logical constraints. To reduce the processing time
mension depends on the degrees of freedom of the model)for the recognition step, they proposed to check the consis-
Several pre-established and known 3D Models are used asency of the constraint network using the AC4 algorithm.



More recently, [4] defined a method to recognize a scenario Video Stream

based on a fuzzy temporal logic. Concurrently, [16] present

an approach to optimize the temporal constraint resolution * '_

by ordering in time the sub-scenarios of the scenario to be A Priori Knowledge

recognized. The common characteristic of these approaches Vision Module [«

is to store all totally recognized scenarios (recognizetién v 3D geometric and

past). semantic information
Another approach consists in using a symbolic network Trichogramma of the observed

and to store partially recognized scenarios (to be receghniz Visual Features [ environnement

in the future). For example, [5] has expressed a tempo- Algorithm

ral scenario as a chronicle which is represented as a set of V

temporal constraints on time-stamped events. The recogni- Scenario Recogpnitio i— Scenario models

tion algorithm keeps and updates partial recognition of sce Module predefined by exper

narios using the propagation of temporal constraints based ¢

on the RETE algorithm. The applications are dedicated to

the control of turbines and telephonic networks. Reference Recognized Scenarios

[3] made an adaptation of temporal constraints propagation
for video surveillance. In the same period, [13] have used
Allen’s interval algebra to represent scenarios and hage pr
sented a specific algorithm to reduce its complexity.

Therefore, we extend the method shown in [15] by adapt-
ing the optology usgd by the scenario re_cognition algorithm 4 the number of moving regions that compose the mobile
as described in [2] in order to recogniBchogrammebe-  piact. To adapt this video understanding platfornTiis

haviors. Our choice is justified by the ability of this method chogrammabehavior recognition, we have performed three
to limit the amount of scenarios stored by symbolic network (5<ks. First. we have tuned the vision module parameters

Figure 2: Flowchart of the proposed Automatic Video In-
terpretation System.

based methods. and a priori knowledge to adjust the context initialization
and the segmentation process. Second, we have designed a
3. proposed Method visual feature algorithm dedicated to the recognition af pa

asitoid (such a3richogramma and to the computation of

In VSIP, an image processing module detects the movingits specifics properties. Finally, we have extended the sce-
regions and computes several measures (e.g. their size, lorario recognition module (as shown on Fig. 2) to take into
cation). Then a tracking module tracks the detected regionsaccount the visual feature module outputs.
within the whole video. Because of detection errors, a mov-
ing region can either correspond to a noise, to a part of a . . .
mobile object (e.g. part of the wings offaichogramma 3.1. Trichogramma Behavior Description
or to a mobile object (e.g. &richogramma. Then the sce-  Studies on parasitoids behaviors are conducted since the
nario recognition module generates hypothesis to considessixties. Reference [17] shows one of the researches on
the tracked moving regions as a mobile object composedTrichogrammabehavior which analyses the variations of
of one or more regions. Finally the scenario recognition handling-time in the parasitoid activities. The experiten
module computes the properties of mobile objects and an-consists in offering groups of host eggs to isolaf&d
alyzes the scenarios relative to the behavior of the mobilechogramméemales that one observed under a microscope
objects based on their properties. Scenarios are recabnizeuntil all host eggs are parasitized. The output of the mi-
in a recursive manner. At level 0, an elementary scenariocroscope is digitalized and stored as a video stream. Our
(i.e. primitive state or event) is recognized directly frim goal is to build the history of siXrichogrammaactivities.
associate mobile object properties. At level n, a scenario i First, we detect every entry (“Enter” event) and exit (“Exit
recognized through a combination of sub-scenarios recog-event) in an experimental zone surrounding the host eggs;
nized at level n-1. To describe a scenario we use a modelindf the Trichogrammafemale exits from this zone and stays
formalism as proposed by [2]. out more than sixty seconds, the tracking is stopped. Then,

Before the current work, the system could only handle we recognize the “Walk” event which corresponds to the
human activities and detect only human and vehicles. Upwalking of theTrichogrammafemales in the experimental
to eight mobile object properties were computed: height, zone between host eggs. Finally, we focus on the duration
width, speed, motion direction, current location, tragegt and time-bound of the three phases of egg laying behavior.
(set of previous location), the distance to a referencecbbje The three phases are: (1) antennal drumming, (2) ovipositor



drilling and (3) oviposition. The blobs associated with their 3D features are called MO-
The first three actions can be easily detected in VSIP be-BILE OBJECTS. We have adjusted the segmentation com-
cause they can be computed using only mobile object po-ponent parameters to adapt the quality of the segmented mo-
sition. However, the three phases of egg laying behaviorbiles in the scene observed through microscope equipment
are specific to th@richogrammaactivities. Thus, local de-  which implies a strong light intensity due to the experimen-
scriptors are needed to identify these three phases. Wist, tal conditions.
focus on the antenna positions and movements to identify The short-term tracking component links from a frame
the antennal drumming phase. Second, we detect the quasto the next frame all detected mobile objects. The output
immobility of the Trichogrammaemale during the drilling  of this module is a graph containing the detected mobile
and the oviposition phases. Finally, we distinguish betwee objects updated over time and a set of links between blobs
these two later phases by detecting the slight vibration of detected at time t and blobs at time t-1.
the Trichogrammaabdomen to insert, completely, its egg-

laying organ (i.e. ovipositor) into the host egg. 3.3. Trichogramma Visual Feature Algorithm
Nonetheless, due to the delay needed Bsichogramma

to be interested in host eggs, the experiment begins with 10 identify the three phases of tiigchogrammaegg laying
a phase where a glass dish is reversed to prevent behavior, we need to extract the visual features charaeteri
chogrammérom escaping. If thdrichogrammais not in- ing the inseqt shape and ir)terpret them as events. Hence,
terested in the host eggs, the experiment is stopped. Th&/e have designed an algorithm in order to handle these as-

glass dish reversing phase introduces a background modifiP€Cts: TheTrichogrammaVisual Feature Algorithm first
assifies the segmented mobile object asieshogramma

cation in the image sequence, thus the video understandingi X
process starts only after this phase. To extend the automat mqle by contrgllmg the alr'eady computed features such
s width and height. Then, it detects the antennas and the

analysis through the whole video, we need to modify the &S W0t 4 ) , . .
experiment steps. ovipositor of theTrichogrammaFinally, it determines their

events (e.g. Drumming, Drilling) by computing their posi-
. . . tions and monitoring their movements.
3.2. Detection and Tracking ofTrichogramma The Visual Feature Algorithm classifies the detected mo-
Basically, in case of one static observing camera, the Vi- bile object into two classesTrichogrammaor unknown.
sion module contains four main components: the acquisi-We have defined a specific probabilistic model which learns
tion component, the context and background componentthe 3D size of the insect in a preprocessing phass-
the segmentation component and the frame to frame (shorthogrammdemale is recognized by comparing the current
term) tracking component. 3D features to the predefined model. Then, the algorithm
The acquisition component manages the source of thecomputes additional visual features to be used by the sce-
video, the format of the captured image sequence and itsnarios recognition module.
frame rate (typically between 4 and 25 frames/second). It  |n order to detect the parts of the body of the parasitoid,
provides the current frame of the video to process at thewe proceed through five steps. First, we compute the cen-
current iteration. ter of gravity of the mobile object recognized as i
The context and background component detects the hosthogrammabody. Second, we compute its orientation by
eggs (using contextual information) and the mobile object calculating autocorrelations of pixels through x axi,«)
(using background information) in the current frame. This and y axis C,) and their intercorrelation{,,,): the orien-
component was adapted to treat sequences captured fronation is deduced by applying (1). Third, we normalize the
a camera view point enabling the computation of mobile blob corresponding to the parasitoid body with a rotation to
object height. However, in the experiment, the image se- position it horizontally in order to obtain a self-referiahof
quences are captured by a vertical camera with a non-focathe insect. Fourth, we calculate the main axis and orthogo-
lens. So, we have extended this component to handle thishal axis projections of the insect (self-referential) byeb
situation where only two dimensions can be observed. ing the number of pixels of each axis as shown by Fig. 3.
The segmentation component detects the moving regions
by subtracting the current image from the background im-
age. These moving regions, associated with a set of 2D fea- 0 — arctan Cay )
tures like moving pixel density or region position, are edll Cpo—Cp2+/(Cp2 — Cp2)2 + C2,
BLOBS. The 2D features correspond to image dimensions
measured in pixels. After noise removing, a set of 3D fea-  Finally, we determine the length and the position (in the
tures like 3D position, width and height, are computed for projections) of the antennas and the ovipositor by matching
each blob. The 3D features correspond to the physical worldthe extremities of the projections with a 3D template corre-
dimensions measured, in the current case, in micrometerssponding to their average size.
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Figure 3: Main axis projection of th€&ichogrammain its

) # Oviposition Scenario
self-referential

CompositeEven{Oviposition,
PhysicalObjectg(tricho : Insect),(z : Zone))

After that, we can locate these body parts in the blob and Componentg(drilling : CompositeEventDrilling(tricho,z)))
retrieve their positions in the scene. To generate the aaten ~ Constraints((!IsOvipositorMoving (tricho)))
drumming and ovipositor events, we maintain a history of ~Alarm (AText(*Trichogramma is in Oviposition in " + zt4ame)...)
the positions of the antennas and the ovipositor. By ana-)
lyzing this history, we can monitor the movements of these
parts of the insect and determine if the insect is in a drum- Figure 4: An extract from the description of the scenario
ming phase, in a drilling phase or in an oviposition phase. models representing the three phases of the egg laying be-
havior.

3.4. Recognition of Scenarios Revision

The scenario recognition module, given a priori knowledge We have extended the scenario description language by
of the scene and the scenario models, has to detect whicladding these states. The first state indicates whether the
scenario is happening from a stream of observed individualsTrichogrammaantennas are drumming a host egg. The sec-
tracked by a vision module at each instant. ond state corresponds to the quasi-immobility of the insect

The scenario models are based on the concepts of “state"during the drilling and oviposition phases. The last state
“event” and “scenario”. A state is a spatio-temporal prop- is relative to the slight movement of the ovipositor dis-
erty valid at a given instant or stable on a time interval. An criminating the two last phases of the egg laying behavior.
event is a meaningful change of state. A scenario is anyFig. ?? shows an extract from the description of drum-
combination of states and events and is represented as a coming, drilling and oviposition scenario models which define
straint network whose nodes correspond to sub-scenarioghe three added states. For instance, in Drumming scenario,
and whose edges correspond to temporal constraints. Temtwo physical objects are involved: an insect “tricho” and a
poral constraints are propagated inside the network tajavoi zone of interest z corresponding to an egg. To recognize
an exponential combination of previously recognized sub- this scenario, one component (sub-scenario) has to be rec-
scenarios. The scenarios are modeled in terms of “physicalognized indicating that th&richogrammas close to the egg
objects” (individual or zones of interest etc.), “compotsén  t0 parasitize and two constraints needs to be verified: First
(which can be primitive-states, composite-states, pianit that theTrichogrammaremains in motion and second that
events or composite-events) and “constraints” between thetheir antennas are in movement.
physical objects and/or the components (constraints can be The algorithm, part of the scenario recognition module,
temporal, spatial or logical). To describe the scenaribs re performs the recognition of the scenarios in two steps: (1)
ative to theTrichogrammabehavior, we use a declarative recognition of elementary scenarios (primitive-stated an
language specifying generic events which are defined in theprimitive-events) and (2) recognition of composite scenar
video event ontology detailed in [2]. ios (composite-states and composite-events).

In order to recognize the phases of the egg laying behav-  During the first step, all elementary scenarios are recog-
ior, we have matched the visual features computed by thenized. To recognize a given elementary scenario model, a
Visual Feature Algorithm with three new primitive-states. loop is performed on all possible sets of physical objects



followed by a verification of the corresponding atemporal ] . -
constraints until all combinations of physical objectsdav i'l;]atbhlg _}_ésl\tlk'/?;kéir of Occurence of the Parasitoid Activities

been tested. Once a set of physical objects satisfies all con- havi ;
straints, the elementary scenario is recognized and a sce- Behaviors  Number of occurence

nario instancep is generated and attached with the corre- Enter 18
sponding scenario model, the set of physical objects and the Exit 19
recognition timet. The scenario instance is then stored in Walk 49
the list of recognized scenarios. If at the previous instant Drumming 42
scenario instance of same type (same model, same physi- Drilling 25
cal objects) was recognized on a time intefvglt — 1], the Oviposition 21

two scenario instances are merged into a scenario instance
recognized on the time intervl, ¢].

For the second step we define a composite scenario as a
set of sub-scenarios ordered in time, as described in [15].
Each sub-scenario corresponds to a temporal variable in
the corresponding scenario model. To speed up recogni-  Table 2:TrichogrammeBehavior Detection Results

Total 194

tion process, a scenario model is decomposed in a prepro- Behaviors Precision  Sensibility
cessing phase into a set of simple scenario models contain-

ing at most two sub-scenarios. The recognition of a com-  ENter 100% 0%

posed scenario modgl is triggered by a scenario template, Exit 100% 0%

which has been generated when the last sub-scenatéo- Walk ) ] 100% 0%
minating S, has been recognized. The scenario template E99 laying behavior phases  85% 15%
containsS, and the scenario instanggwith its list of phys- Drumming 70% 5%

ical objects that partially instantiate.. As .S, is composed Drilling and Oviposition 15% 10%

of two sub-scenarios, only one sub-scenarictartingS.
remains to be found. If such scenario instance alreadysexist
in the past angh; andp, satisfyS. constraints, the scenario
S, is recognized and stored in the list of recognized scenar-

ios. ratio between the numbers of instances well detected au-

tomatically and the number of instances detected manually

. . . (Ground Truth). The sensibility is the ratio between false-
4. Evaluation and Discussion detected instances and manually-detected instances. The

To validate our work, we have conducted tests under rigor- CONtent of the test video is resumed by table 1.
ous conditions. This section describes and discusses the ex

perimental results. First, we describe the system and e te

set characteristics and the criteria for experimentaluasal

tion. Second, we show our early results. Finally, we discuss4-2- Results

our proposed method and its results. o
The outputs of the four components of the vision module

4.1 1Imol tion Detall at an instant are shown in Fig. 5: (a) The context and
-1 Implementation Details the backgroud image, (b) the cuurent frame to handle, (c)
The results are computed on a PC based on an Intel Penthe segmented current frame (blob identified) and (d) the
tium IV processor and Linux operating system. Our test settracked mobile object. Fig. 6 shows the ouput of the sce-
consists of a long video (46 minutes) representing a typical nario recognition module at two intants: When it recognize
laboratory experiment. The image sequence was captureé Walk scenario (a) and when it recognize a Drilling sce-
by a digital camera (color image 720x576 pixel at rate of 25 nario (b). As shown in table 2, we have obtained acceptable
frames/second) placed at the front-end of a microscope. Asresults as feasibility proof. The miss detection of Drum-
already explained, we truncate the first five minutes of the ming and Oviposition activities is first due to the segmen-
video to avoid the background modification caused by the tation. Besides, the distinction between these two phases i
glass dish reversing phase. The acquired video is annotateeven difficult for expert human. However, we have a low
manually by a human expert. These results are confrontedsensiblity which means that the system detects too many
to those obtained automatically by the extended cognitivefalse positive scenarios. This is due to the approximative
vision system. For each behavior we compute two indica- definition of the scenario models. A finer design of these
tors: the precision and the sensibility. The precision & th models is currently under development.



c. Segmentation Module d. Frame to Frame Tracking

Figure 5: Outputs of the four main components of the vision

module.

Figure 6:

b. Detection of Drilling

Output of the scenario recognition module.

4.3. Discussion

The first problem in this application is to discriminate the
egg laying phases which is not even possible for experts in
some cases. Moreover, when expert are able to distinguish
this phases, they are not always able to explain how they
manage to do it. Thus, there is a main problem of the mod-
elisation of the scenarios of interest. Another problem in
this method is the segmentation process. It still has some
imperfections: the anteneas and the ovipositor are some-
times not segmented which are the main causes of the detec-
tion problem of the three phases of egg laying behavior. In
addition, the descriptors of the walk behavior are not accu-
rate: it is defined by the transition between two states which
areTrichogrammais close to egg i and thefrichogramma

is close to egg j. Another definition of the walk behavior,
corresponding more to the expert definition, is thatThe
chogrammas in motion and is not overlap any egg zone.

5. Conclusion and Future Work

We have extended a cognitive vision system to moriiter
chogrammaactivities. Our approach computes the visual
features characterizing mobile object shape to distitguis
between the three phases of the egg laying behavior and
allow the recognition of the global activities. After exten

ing the vision module of this system, we have concieved a
module which extracts these visual features and bind them
to a scenario recognition module. In this paper, we have
shown that this behavior recognition approach can be ex-
tended over physical objects than human beings. The main
challenge is to be able to detect shape features characteriz
ing the body parts of physical objects. As a feasibility groo
we have obtained acceptable results according to the com-
plexity of the egg laying behavior. Previous work has con-
centrated on studying human behaviors. This paper sum-
marizes an attempt to generalize the utilization of cogeiti
vision system to monitor non-human activities such as in-
sect parasitoid activities.

This work can be improved by developing the following
aspects. First, we plan to improve the segmentation algo-
rithm in order to have a better determination of the three
egg laying behavior phases. Currently, we focus on apply-
ing program supervision techniques to dynamically tune the
parameters of the segmentation algorithm. A second task
consists in refining the definition of the walk activity by a
better understanding of the knowledge of th expert. Third,
in order to develop an operational system, we shall automate
the description of the context of the scene. For instance, we
have, now, to define the context of each new experiment
due to the variations of the background. We are planning
to develop a learning module for automating the acquisition
of the experimental context which will define the context
of the scene without expert help. Finally, in the long term,



we also plan to add a new front-end tool which will col- [11] T. B. Moeslund and E. Granum, “3D Human Pose Estima-

lect the output of the scenario recognition module for all tion using 2D Data and an Alternative Phase Space Represen-
experiments and mine these outputs to deduce the frequent  tation,” Procedure Humans 200@iilton Head Island, South
activities and their probabilistic law: it is claimed thatet Carolina, 2000.

behavior of theTrichogrammawhile selecting a host egg

; . [12] N. Oliver and A. Pentland, “Graphical Models for Drivige-
can be described by the dynamic game theory.

haviour Recognition in a SmartcaRtoceedings of IEEE Intl.
Conference on Intelligent vehicles 2QUDetroit, Michigan,
10/2000.

References

[13] C. Pinhanez and A. Bobick, “Human Action Detection us-
ing PNF Propagation of Temporal Constraintd, T.T. Media

1] A. Avanzi, F. Bremond, C. Tornieri and M. Thonnat, “De- .
[1] Laboratory Perceptual Section Repaxo. 423, 04/1997.

sign and Assessement of an Intelligent Activity Monitoring
Platform,” EURASIP Journal on Applied Signal Processing,

’ ' ’ ) [14] N. Rota and M. Thonnat, “Activity Recognition from Vide
Special Issue on “Advances in Intelligent Vision Systems:

Sequences using Declarative Model$4th European Con-

Methods and Applications”Vol. 2005:14, pp. 2359-2374, ference on Artificial Intelligence (ECAI'2000Berlin, W.
11/08/2005. Horn (ed.) 10S Press, Amesterdam, 20-25/08/2000.

[2] F. Bremond, N. Maillot, M. Thonnat and V. T. Vu, “On-  [15] V.T. Vu, F. Bremond and M. Thonnat, “Automatic Video
tologies for Video Events INRIA Research Report RR-5189 Interpretation: A Novel Algorithm based for Temporal Sce-
May 2004. nario Recognition, The Eighteenth International Joint Con-

ference on Atrtificial Intelligence (IJCAI'0O3)capulco, Mex-

[3] N. Chleg and M. Thonnat, “Real-time Image Sequence inter ico, 9-15/08/2003.

pretation for Video Surveillance Applicationdriternational
Conference on Image Processing (ICIP'96):Proceedings [16] V.T. Vu, F. Bremond and M. Thonnat, “Temporal Con-

IEEE ICIP’96, Vol 2, pp. 801-804, Switzerland, 09/1996. straints for Video Interpretation,The 15th European Con-
ference on Artificial Intelligence (ECAI'’2002)yon, France,
[4] R. Gerber, H. Nagel and H. Schreiber, “Deriving Textua-D 21-26/07/2002.

scriptions of Road Traffic Queues From Video Sequences,” . . . . o

The 15th European Conference on Artificial Intelligence 171 E. Wajnberg, qulyfls of Variations of Handling-time

(ECAI'2002) Lyon, France, 26/07/2002. TrichogrammaMaidis,” ENTOMOPHAGA \Vol.34 (3), pp.
379-407, 1989.

[5] M. Ghallab, “On Chronicles: Representation, On-lineBRg
nition and Learning,"The 5th International Conference on

Principles of Knowledege Representation and Reasonning
(KR'96), USA, 11/1996.

[18] C. Wren, A. Azarbayejani, T. Darrell and A. Pentland,
“Pfinder: Real-time tracking of the Human bodyEEE
Transactions on Pattern Analysis and Machine Intelligence
\ol. 19:7, pp. 780-785, 1997

[6] I. Haritaoglu, D. Harwood and L.S. Davis, “Ghost: A Human
Body Part Labelling System Using Silhouette$4th Inter-
national Conference on Pattern Recogniti@risbane, Aus-
tralia, 1998.

[7] S.Hongeng, F. Bremond and R. Nevatia, “Representation a
Optimal Recognition of Human ActivitiesJEEE Proceed-
ings of Computer Vision and Pattern RecognitibisA, 2000.

[8] A. J. Howell and H. Buxton, “Active Vision Techniques for
Visually Mediated Interactionmage and Vision Computing
2002.

[9] S. lwasawa, K. Ebihara, J. Ohya and S. Morishima, “Real-
time Estimation of Human Body Posture from Monocular
Thermal Images,Conference on Computer Vision and Pat-
tern Recognition1997.

[10] S.lwasawa, J. Ohya, K. Takahashi, T. Sakaguchi, S. kawa
K. Ebihara and S. Morishima, “Real-time, 3D Estimation of
Human Body Postures from Trinocular ImageBdculty of
EngineeringSeikei University, 2000.



