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Global framework for video understanding

Video Understanding: Approach
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Video processing

Processing Parameters : thresholds, reference image,…
Contextual Information : sensor, static scene model,…
Knowledge : physical object models, scenario models,…

Sensing data, signal

Interpretation at time t : 
moving objects, metadata, events, …
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5 Challenges in video understanding

Video Understanding: Approach
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Video processing

Processing Parameters : thresholds, reference image,…
Contextual Information : sensor, static scene model,…
Knowledge : physical object models, scenario models,…

Sensing data, signal

Interpretation at time t : 
moving objects, metadata, events, …

1) Robustnessof  Video Processing
depending on data domains

2) spatio-temporal 
reasoning, 
uncertainty and 
semantics

3) Evaluation,
Ground-truth,
Metrics, 
videos

4) Knowledge representation, learning 

5) Configuration, 
optimisation, 
system generation
from  specification
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• Strong impact for visual surveillance in transportation (metro station, trains, airports, aircraft, harbors)

• Control access, intrusion detection and Video surveillance in building

• Traffic monitoring (parking, vehicle counting, street monitoring, driver assistance) 

• Bank agency monitoring

• Risk management (3D virtual realty simulation for crisis management)

• Video communication (Mediaspace)

• Sports monitoring (Tennis, Soccer, F1, Swimming pool monitoring)

• New application domains : Aware House, Health (HomeCare), Teaching, Biology, Animal Behaviors, …

� Creation of a start-up Keeneo July 2005 (20 persons):     http://www.keeneo.com/

Video Understanding Applications
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Practical issues
• Video Understanding systems have poor performances over time, can be hardly 

modified and do not provide semantics
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Video Understanding: Issues
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Scene Models (3D)Scene Models (3D)
- Scene objects
- zones
- calibration 

matrices

Alarms
Multi-camera
Combination

BehaviorBehavior
RecognitionRecognition

-- StatesStates
-- EventsEvents
-- ScenariosScenarios

IndividualIndividual
TrackingTracking

GroupGroup
TrackingTracking

CrowdCrowd
TrackingTracking

-- Motion DetectorMotion Detector

-- F2F TrackerF2F Tracker

-- Motion DetectorMotion Detector
-- F2F TrackerF2F Tracker

-- Motion DetectorMotion Detector

-- F2F TrackerF2F Tracker

Mobile objects

Annotation

Scenario ModelsScenario Models

Video Understanding

Tools:
- Evaluation
- Acquisition
- Learning, …
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Barcelona Metro StationSagrada Famiglia  mezzanine
(cameras C10, C11 and C12)

Knowledge Representation: 3D Scene Model
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Knowledge Representation : 3D Scene Model

3D Model of 2 bank agencies
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Object (People) detection

Estimation of Optical Flow
• Need of textured objects

• Estimation of apparent motion (pixel intensity between 2 frames)
• Local descriptors(patches, gradients  (SURF, HOG), color histograms, moments 
over a neighborhood)

Object model

• Need of mobile object model 
• 2D appearance model (shape, color, pixel template)
• 3D articulate model

Reference image subtraction

• Need of static cameras
• Most robust approach (model of background image)
• Most common approach even in case of PTZ, mobile cameras
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People detection

5 levels of people detector / classification
• 3D ratio height/width 
• 3D parallelepiped
• 3D articulate humanmodel
• People classifier based on local descriptors
• Coherent 2D motionregions
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Difference between the current image and a reference image(computed) of the empty scene

People detection

�
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People detection

����������

Approach: Group the moving pixelstogether to obtain a moving region matching a 
mobile object model
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Classificationinto more than 8 classes(e.g. Person, Groupe, Train) based on 2D and 3D 
descriptors (position, 3D ratio height/width, …)

Example of 4 classes: Person, Group,  Noise, Unknown

People detection
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People detection

Utilization of the 3D geometric scene model
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People detection
People counting in bank agency
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Classificationinto 3 people classes: 1Person, 2Persons, 3Persons, Unknown

People detection(M. Zuniga)
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Standing Sitting Bending

Hierarchicalrepresentation of postures

Lying

Posture Recognition : Set of Specific Postures
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Posture Recognition : silhouette comparison

Real world Virtual world

Generated silhouettes
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Posture Recognition : results
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Posture Recognition : results
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Objective: access control in subway, bank,…

Approach: real-timerecognition oflateral shapessuch as 
“adult”, “child”, “suitcase”

• based on naiveBayesian classifiers 
• combiningvideoand multi-sensordata.

A fixed cameraat the height of 2.5m observes the 
mobile objects from the top.

Lateral sensors (leds, 5 cameras, optical cells)on the 
side.

Multi sensors information fusion:
Lateral Shape Recognition (B. Bui)
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Lateral Shape Recognition: Experimental Results

•Recognition of “adult with child”

Image from the top 

camera

3D synthetic view of 

the scene

•Recognition of “two overlapping adults”
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• Interest Point Detection : Corners

FAST features (Features from Accelerated Segment Test) :

Complex Scenes: interest point descriptors 
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• HOG : 2D Histogram of Oriented Gradient Descriptor

Descriptor bloc (3x3 cells):

Cell

Corner 
Point

5x5 or 7x7 
pixels

Complex Scenes: interest point descriptors 
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Results : Crowd Detection and Tracking
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People detector training - Find the most dominant HOG orientation

Input  
sample

48x96

Dominant 
Orientation

Argmaxb hc(b)

230 Dominant 
Orientations

Hc, c={1:230}

Cell 
c={1:230}

230 cells of 8 
bins HOG

HOG

hc(b)

...

8 Bins
voting

8 Integral
Images

Sobel
convolution

8x8 cell 
scanning every 

4 pixels
=

230 cells 

Complex Scenes: People detection
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People detector training –
Learning the dominant  cells Mc

Sample cell error
|| Hi,c-Mc ||

ei(c)

Most Dominant Orientation 
(MDO)

Mc= Argmaxb(mc,b)

wc= mc(Mc)/� bmc(b)

Mc

Extract 230 Dominant Orientations 
(DO) for sample i={1:N}

People training samples

... ...

H1,c H i,c HN,c

... ...

Histogram of DO per cell

mc(b)=
1 if Hi,c = b true� { 0 elsei

Complex Scenes: People detection



30

30

People detector training - Hierarchical trees training

Tree node 
training

training samples

For each sample i, extract MDO 
most dominant cell orientation 

& sample error

ei(c)

Split training samples 
according to Th

Ei = � c wcei,c / � c wc

� = �� Ei � , � = �� (Ei - � )2 �

Threshold = 2.8 * | Ei – � | / �

... ... ... ...

Iterative
Process

node

node node

node node node node

Learning 
threshold

Ei

Complex Scenes: People detection

With diff 
MDO

With same 
MDO
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• HOG descriptors as visual signature
– HOG extracted in cells of size 8x8 pixels
– During training (2000 + and – image samples):

– Automatic selection of the 15 cells i.e. giving the 
strongest mean edge magnitude

Complex Scenes: People detection

mean edge magnitude
over the + training image samples 
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• Tree of People Samples organized along the strongest mean 
edge magnitude HOG:

• Postures defines human global visual signatures
• Best cells location and content vary from one posture to another
• Postures categorized in a hierarchical tree

Complex Scenes: People detection

First most representative HOG 
cell

Average training samples. Using MIT dataset on a 3 levels tree
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Body part combination
• Body parts combination:

- Detected body parts (HOG detector trained onmanually 
selectedareas of the person)

- Example below in TrecVid camera 1

omega

left arm

right arm

torso

legs

person

Example of detected with 
corresponding HOG cells

Detection examples

Complex Scenes: People detection



34

34

Algorithm overview

background reference 
frame

Foreground pixel 
detection

HOG 
classification

Body part 
combination

Different resolution
scanning window

3D person 
candidate

2D motion 
filtering class

3D 
calibration 

matrix

3D class 
filtering

current frame

Complex Scenes: People detection
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Evaluation of people detection in video sequences

Method: Comparison with and without filtering scheme

Input : Caviar sequence ‘cwbs1’ and 5 sequences of TrecVid
camera1

algorithm False alarm rate:
FA

Missed Detection rate: 
MD

OpenCv HOG 0.68 1.42

Our HOG without filtering 0.22 1.57

Our HOG with filtering 0.19 1.61

FA – Number of false alarmsper frame
MD – number of missed detectedground truth per frame

Complex Scenes: People detection
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Head detection and tracking results

36

Training head database: selection of 32x32 head images from publicly available MIT, INRIA and 
NLDR datasets. A total of 3710 images were used

Training background dataset: selection of 20 background images of TrecVid and 5 background 
images of Torino ‘Biglietattrice.

Speed: Once integral images are computed, the algorithm reaches ~ 1fps for 640x480 pixels

Left: head detection examples and right: tracking examples in Torino underground
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Type of gestures and actions to recognize

Action Recognition (MB. Kaaniche)



38Gesture classifier based on 
motion descriptors (MB. Kaaniche)

Approach : 
• Track and Cluster  KLT feature points using HOG descriptors.
• Extract gesture code-wordsfor classification

Sit down Kick
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• Re-identification:
– The objective is to determine whether a given person of interest

has already been observed over a network of cameras

People re-identification
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• The re-identification system

Person detection Person re-identification

People re-identification
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• Foreground-background separation

People re-identification

Background

Foreground
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• Signature Computation
– Find features which have a discriminative power (identification)

concerning humans

• Co-variance matrices 
• Haar-based signature : 20x40 x 14 = 11200 features

People re-identification

20x40 variables
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• Dominant Color Descriptor (DCD) signature
– DCD definition

– Signature

People re-identification
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44
O. Tuzel, F. Porikli, and P. Meer. Region covariance: A fast
descriptor for detection and classification. In Proc. 9th European
Conf. on Computer Vision, pages 589–600, 2006.

F

• Extraction of covariance matrices 

People re-identification
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• Experimental results
– 15 people from CAVIAR data

People re-identification
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• Experimental results
– 40 people from i-LIDS (TRECVID) data

People re-identification
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• Experimental results

– i-LIDS data set (100 individuals) – automatically detected
V
I
D
E
O
-
I
D

A
N
R
-
0
7
-
S
E
C
U
-
0
1
0

People re-identification
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Scene Models (3D)Scene Models (3D)
-- Scene objectsScene objects
-- zoneszones
-- calibration calibration 

matricesmatrices

Alarms
MultiMulti--camerascameras
CombinationCombination

BehaviorBehavior
RecognitionRecognition

-- StatesStates
-- EventsEvents
-- ScenariosScenarios

IndividualIndividual
TrackingTracking

GroupGroup
TrackingTracking

CrowdCrowd
TrackingTracking

-- Motion DetectorMotion Detector

-- F2F TrackerF2F Tracker

-- Motion DetectorMotion Detector
-- F2F TrackerF2F Tracker

-- Motion DetectorMotion Detector

-- F2F TrackerF2F Tracker

Mobile objects

Annotation

Scenario ModelsScenario Models

Video Understanding

Tools:
- Evaluation
- Acquisition
- Learning, …
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A video event is mainly constituted of five parts:
• Physical objects: all real world objects present in the scene observed by the 

cameras
Mobile objects, contextual objects, zones of interest

• Components: list of states and sub-events involved in the event

• Forbidden Components: list of states and sub-events that must not be 
detected in the event

• Constraints: symbolic, logical, spatio-temporal relations between components 
or physical objects

• Action: a set of tasks to be performed when the event is recognized

Event Representation
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Event Representation

Example: a “Bank_Attack” scenario model

composite-event (Bank_attack ,
physical-objects ((employee : Person ), (robber : Person )) 

components (
(e1 : primitive-state inside_zone (employee, "Back"))
(e2 : primitive-event changes_zone (robber, "Entrance", "Infront"))
(e3 : primitive-state inside_zone (employee, "Safe"))
(e4 : primitive-state inside_zone (robber, "Safe"))   )

constraints ((e2   during e1)
(e2 before e3)
(e1 before e3)
(e2 before e4)
(e4 during e3)  )   

action (“Bank attack!!!”) )
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Scenario recognition: Results
Bank agency monitoring : Paris (M. Maziere)
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Scenario Recognition: Brussels and Barcelona Metros

Exit 
zone

Jumping over
barrier

Blocking

Overcrowding

Fighting
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53Scenario Recognition: Results
Vandalism in metro in Nuremberg



54Scenario recognition: Results
Example: a “Vandalismagainst a ticket machine” scenario



55Scenario recognition: Results
Example: a “Disturbingpeople in a train” scenario
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• Aircraft Arrival Preparation (involving the GPU)

Scenario recognition:Results 
Example: “Aircraft Arrival Preparation ” event



57Scenario recognition: Results 
Parked aircraft monitoring in Toulouse (F Fusier)

• “Unloading Front Operation”



58Monitoring elderly activities at home

Goal: Increase independence and quality of life

• Enable elderly to live longer in their preferred environment

• Reduce costs for public health systems

• Relieve family members and caregivers

Approach:

• Detecting alarming situations (eg. Falls)

• Detecting changes in behaviour

(missing activities, disorder, interruptions, 

repetitions, inactivity, depression).

• Calculate the degree of frailty of elderly people.

• Estimate impact of a medicine/ therapy.

Example of normal activity: 
Meal preparation (in kitchen) (11h– 12h)
Eating (in dinning room) (12h -12h30)
Resting, TV watching, (in living room) (13h– 16h)
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Water sensor

Contact sensors to detect 
“open/close”

Presence sensor

Scenario recognition: Results 
HomeCare Monitoring (N. Zouba)
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Results: recognition of the “Fainting” activity

•• The person is recognized with the postures "standing” “ bending”, and 
“sitting on the floor with outstretched legs”. 

19



61Scenario recognition: Results 
HomeCare Monitoring (N. Zouba)

Visualization of a recognized event in the Gerhome laboratory

• The person is recognized with the posture "standing with one arm up”,  “located 
in the kitchen” and “using the microwave”.



62RecognitionRecognition
of the of the ““ Resting in livingResting in living--roomroom”” eventevent

• The person is recognized with the posture “sitting in the armchair” and  “located 
in the living-room”.

Visualization of a recognized event in the Gerhome laboratory
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Event recognition resultsEvent recognition results
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Event recognition resultsEvent recognition results
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Comparative event recognition resultsComparative event recognition results
Volontaires Volontaire 1 ( < 65 ans) Volontaire 2 ( > 80 ans)

Activités / s.ous activités
Temps 
moyen 
(min)

Durée 
totale (min)

Nb 
instances

Temps 
moyen 
(min)

Durée 
totale (min)

Nb 
instances

� Utiliser le frigidaire 0 :12 2 :50 14 0 :13 1:09 5

� Utiliser les plaques chauffantes 0 :08 4 :52 35 0 :16 27:57 102

� Utiliser le micro-onde 0 0 0 0 0 0

� Utiliser l’eau chaude (cuisine) 0 :19 12:40 40 0 :09 3:31 22

� Utiliser l’eau froide (cuisine) 0 :28 9:36 20 0 :03 0:58 19

� Utiliser le tiroir haut 0 :51 21:34 25 4 :42 42:24 9

� Utiliser les toilettes 0 0 0 0 :56 0 :56 1

� TV allumée 42 :18 169:12 4 16 :19 65:18 4

� Assis sur la chaise1 0 0 0 92 :42 185:25 2

� Assis sur la chaise2 6 :07 73:27 12 0 0 0

� Assis sur le fauteuil 0 0 0 0 :01 0:06 6

� Etre debout immobile 0.09 30 :00 200 0.16 12 :00 45

� Se baisser 0.04 2 :00 30 0.20 5 :00 15

� Entrer dans le salon 1 :25 25 :00 20 2 :68 35 :00 13

� Entrer dans la cuisine 2 :45 12 :00 5 2 :66 8 :00 3

� Entrer dans la chambre 1 :25 5 :00 4 3 :28 23 :00 7

� Entrer dans la salle de bain 1 :00 2 :00 2 1 :00. 5 :00 5

� Etre dans l’entrée 2 :00 8 :00 4 1 :83 11 :00 6
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Comparative event recognition resultsComparative event recognition results
Volontaires Volontaire 1 ( < 65 ans) Volontaire 2 ( > 80 ans)

Activités / s.ous activités
Temps 
moyen 
(min)

Durée 
totale (min)

Nb 
instances

Temps 
moyen 
(min)

Durée 
totale (min)

Nb 
instances

� Utiliser le frigidaire 0 :12 2 :50 14 0 :13 1:09 5

� Utiliser les plaques chauffantes 0 :08 4 :52 35 0 :16 27:57 102

� Utiliser le micro-onde 0 0 0 0 0 0

� Utiliser l’eau chaude (cuisine) 0 :19 12:40 40 0 :09 3:31 22

� Utiliser l’eau froide (cuisine) 0 :28 9:36 20 0 :03 0:58 19

� Utiliser le tiroir haut 0 :51 21:34 25 4 :42 42:24 9

� Utiliser les toilettes 0 0 0 0 :56 0 :56 1

� TV allumée 42 :18 169:12 4 16 :19 65:18 4

� Assis sur la chaise1 0 0 0 92 :42 185:25 2

� Assis sur la chaise2 6 :07 73:27 12 0 0 0

� Assis sur le fauteuil 0 0 0 0 :01 0:06 6

� Etre debout immobile 0.09 30 :00 200 0.16 12 :00 45

� Se baisser 0.04 2 :00 30 0.20 5 :00 15

� Entrer dans le salon 1 :25 25 :00 20 2 :68 35 :00 13

� Entrer dans la cuisine 2 :45 12 :00 5 2 :66 8 :00 3

� Entrer dans la chambre 1 :25 5 :00 4 3 :28 23 :00 7

� Entrer dans la salle de bain 1 :00 2 :00 2 1 :00. 5 :00 5

� Etre dans l’entrée 2 :00 8 :00 4 1 :83 11 :00 6
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Comparative event recognition resultsComparative event recognition results
Volontaires Volontaire 1 ( < 65 ans) Volontaire 2 ( > 80 ans)

Activités / s.ous activités
Temps 
moyen 
(min)

Durée 
totale (min)

Nb 
instances

Temps 
moyen 
(min)

Durée 
totale (min)

Nb 
instances

� Utiliser le frigidaire 0 :12 2 :50 14 0 :13 1:09 5

� Utiliser les plaques chauffantes 0 :08 4 :52 35 0 :16 27:57 102

� Utiliser le micro-onde 0 0 0 0 0 0

� Utiliser l’eau chaude (cuisine) 0 :19 12:40 40 0 :09 3:31 22

� Utiliser l’eau froide (cuisine) 0 :28 9:36 20 0 :03 0:58 19

� Utiliser le tiroir haut 0 :51 21:34 25 4 :42 42:24 9

� Utiliser les toilettes 0 0 0 0 :56 0 :56 1

� TV allumée 42 :18 169:12 4 16 :19 65:18 4

� Assis sur la chaise1 0 0 0 92 :42 185:25 2

� Assis sur la chaise2 6 :07 73:27 12 0 0 0

� Assis sur le fauteuil 0 0 0 0 :01 0:06 6

� Etre debout immobile 0.09 30 :00 200 0.16 12 :00 45

� Se baisser 0.04 2 :00 30 0.20 5 :00 15

� Entrer dans le salon 1 :25 25 :00 20 2 :68 35 :00 13

� Entrer dans la cuisine 2 :45 12 :00 5 2 :66 8 :00 3

� Entrer dans la chambre 1 :25 5 :00 4 3 :28 23 :00 7

� Entrer dans la salle de bain 1 :00 2 :00 2 1 :00. 5 :00 5

� Etre dans l’entrée 2 :00 8 :00 4 1 :83 11 :00 6
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Comparative event recognition resultsComparative event recognition results
Volontaires Volontaire 1 ( < 65 ans) Volontaire 2 ( > 80 ans)

Activités / s.ous activités
Temps 
moyen 
(min)

Durée 
totale (min)

Nb 
instances

Temps 
moyen 
(min)

Durée 
totale (min)

Nb 
instances

� Utiliser le frigidaire 0 :12 2 :50 14 0 :13 1:09 5

� Utiliser les plaques chauffantes 0 :08 4 :52 35 0 :16 27:57 102

� Utiliser le micro-onde 0 0 0 0 0 0

� Utiliser l’eau chaude (cuisine) 0 :19 12:40 40 0 :09 3:31 22

� Utiliser l’eau froide (cuisine) 0 :28 9:36 20 0 :03 0:58 19

� Utiliser le tiroir haut 0 :51 21:34 25 4 :42 42:24 9

� Utiliser les toilettes 0 0 0 0 :56 0 :56 1

� TV allumée 42 :18 169:12 4 16 :19 65:18 4

� Assis sur la chaise1 0 0 0 92 :42 185:25 2

� Assis sur la chaise2 6 :07 73:27 12 0 0 0

� Assis sur le fauteuil 0 0 0 0 :01 0:06 6

� Etre debout immobile 0.09 30 :00 200 0.16 12 :00 45

� Se baisser 0.04 2 :00 30 0.20 5 :00 15

� Entrer dans le salon 1 :25 25 :00 20 2 :68 35 :00 13

� Entrer dans la cuisine 2 :45 12 :00 5 2 :66 8 :00 3

� Entrer dans la chambre 1 :25 5 :00 4 3 :28 23 :00 7

� Entrer dans la salle de bain 1 :00 2 :00 2 1 :00. 5 :00 5

� Etre dans l’entrée 2 :00 8 :00 4 1 :83 11 :00 6
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Preliminary results in Nice Hospital
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• CARETAKER/VANAHEIM: European projects to provide an efficient tool
for the management of large multimedia collections.

Video Understanding :  Knowledge Discovery 
(E. Corvee, JL. Patino_Vilchis)

Complex 
Events

Raw 
Data

Simple 
Events

Knowledge 
Discovery

•Object detection
•Object tracking
•Event detection

Acquisition
•Audio
•Video

Multiple 
Audio/Video 

sensors

Detection

��
����
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����
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•Trajectory characterization
(Agglomerative clustering)

•Object statistics 

•Activity discovery 
(Relational analysis)

Knowledge Modelling
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Event detection examples
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Contextual Object Analysis
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Trajectory feature weight optimization : Results

Before: two close clustersAfter: merge of the clusters

Before: a too large cluster After: split of the cluster
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Results : Trajectory Clustering

 Cluster 38 Cluster 6 
Number of objects 385 15 
Object types types: {'Crowd'} 

   freq: 385 
    types: {'Person'} 
     freq: 15 

Start time (min) [0.1533, 48.4633] [28.09, 46.79] 
Duration (sec) [0.04, 128.24] [2.04, 75.24] 
Trajectory types     types: {'4'  '3'  '7'} 

     freq: [381 1 3] 
    types: {'13'  '12'  '19'} 
     freq: [13 1 1] 

Significant event     types: {'void '} 
     freq: 385 

    types: {'inside_zone_Platform '} 
     freq: 15 
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Trajectory Clustering: rare events in Roma subway
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• Objective : a tool to automatically learn algorithm parameters based on experimental data

• Used for learning the segmentation parameters with respect to the illumination conditions

• Method
• Identify a set of parameters of a task 

• 18 segmentation thresholds 
• depending on environment characteristics

• Image intensity histogram

• Study the variability of the characteristic
• Histogram clustering -> 5 clusters

• Determine optimal parameters for each cluster
• Optimization of the 18 segmentation thresholds

Video Understanding: Learning Parameters   (B.Georis)



78Video Understanding:Learning Parameters

Camera View
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Learning Parameters
Clustering the Image Histograms
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80Scenario recognition: Results
Video Understanding forTrichogramma Monitoring
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81/21

Wifi Video Camera sensing a    
sticky trap ( Curiosity : PULSAR/INRIA)

Scenario recognition: BIOSERRE
Early detection of infestation in greenhouses in the framework of Integrated 

Pest Management Methods

Whitefly 
curiosity : Inra (Brun)

Greenfly 
curiosity: Inra (Brun)
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82/21

Scenario recognition: BIOSERRE
Early detection of infestation in greenhouses
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Bobines toroïdales 
supraconductrices 

(1,8°K)
Bobines poloïdales

Antenne FCI Antenne HybridePlasma

BtBt
BpBp BrBr

Circuit magnétique

Tore Supra description

Real-Time Monitoring of Imaging Diagnostics 
Applied to Tore Plasma Operation (ITER)

1.5 m
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Precursors of 
disruption

Electrical ArcsHot Spot

Thermal Events:
tdisrupt– 1.38 s

tdisrupt– 860 ms

tdisrupt

Real-Time Monitoring of Imaging Diagnostics 
Applied to Tore Plasma Operation (ITER)

Goal 1: real time detection of thermal events for the protection of plasma facing 
components

Goal 2: multimodal knowledge discovery for modelling precursors of critical thermal 
events (e.g. disruptions)
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Thermal Events: Precursors of disruption

tdisrupt– 1.38 s

tdisrupt– 860 ms

tdisrupt

Real-Time Monitoring of Imaging Diagnostics 
Applied to Tore Plasma Operation (ITER)
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Thermal Events: UFO with visible, ultra fast camera (15000 frame per s.) 

Real-Time Monitoring of Imaging Diagnostics 
Applied to Tore Plasma Operation (ITER)
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Conclusion
A global framework for building video understanding systems:

• Hypotheses:
• mostly fixed cameras
• 3D model of the empty scene
• predefined behavior models

• Results:
• Video understanding real-time systems for Individuals, Groups of People, Vehicles, 

Crowd, or Animals …

• Perspectives:
• Finer human shape description: gesture models, face detection 
• Design of learning techniques to complement a priori knowledge: 

• visual concept learning

• scenario model learning
• Scaling issue: managing large network of heterogeneous sensors (cameras, PTZ, 

microphones, optical cells, radars….)



88EndEnd--usersusers
There are There are several endseveral end--usersusersin homecare:in homecare:

•• DoctorsDoctors(gerontologists):(gerontologists):
•• Frailty measurement (depression, Frailty measurement (depression, ……))
•• AlarmAlarm detection (falls, gas, dementia, detection (falls, gas, dementia, ……).).

•• CaregiversCaregiversand and nursing homenursing home::
•• CostCostreduction: no false alarm and reduction employee involvement.reduction: no false alarm and reduction employee involvement.
•• Employee protection.Employee protection.

•• Persons with special needsPersons with special needs, including young children, disabled and elderly people: , including young children, disabled and elderly people: 
•• Feeling safe at home.Feeling safe at home.
•• AutonomyAutonomy: at night, lighting up the way to bathroom.: at night, lighting up the way to bathroom.
•• Improving life: smart mirror, summary of user day, week, month, Improving life: smart mirror, summary of user day, week, month, in terms of walking in terms of walking 

distance, TV, water consumption.distance, TV, water consumption.

•• Family membersFamily membersand and relativesrelatives: : 
•• Elderly Elderly safetysafetyand protection.and protection.
•• Social connectivity.Social connectivity.



89Social problems and solutionsSocial problems and solutions
ProblemsProblems SolutionsSolutions

PrivacyPrivacyconfidentialityconfidentialityand ethics: video (and and ethics: video (and 
other data) recording, processing and other data) recording, processing and 
transmission.transmission.

No video recording and transmission, No video recording and transmission, only textualonly textual
alarms.alarms.

AcceptabilityAcceptabilityfor elderlyfor elderly UserUserempowerment.empowerment.

UsabilityUsability Easy ergonomic Easy ergonomic interfaceinterface(no keyboard,  large (no keyboard,  large 
screen), friendly usage of the system.screen), friendly usage of the system.

CostCosteffectivenesseffectiveness The right service for the The right service for the rightright priceprice, large variety , large variety 
of solutions.of solutions.

LegalLegal issues, no certificationissues, no certification Robustness, benchmarking, on site Robustness, benchmarking, on site evaluationevaluation

Installation, Installation, maintenancemaintenance, training, interoperability , training, interoperability 
with other home deviceswith other home devices

Adaptability, XAdaptability, X--Box integration, wireless, Box integration, wireless, 
standardsstandards(OSGI, (OSGI, ……))

Research Research financingfinancing ? France, ? France, EuropeEurope(delay), US, Asia.(delay), US, Asia.


