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Visual surveillance Visual surveillance systemssystems

• Steps
!!

� Event and Scenario 
recognition

� Object classification
� Tracking
� Motion detection
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PresentationPresentation

• Scenario recognition
– Probabilistic approach 

• Time-slices 
• Event-based 

• Logical architecture 
– Global architecture
– Temporal reasoning based on BN

• Examples
• Trajectory recognition based on Hmm
• Conclusion

Introduction
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Introduction

The scenario recognition The scenario recognition 
(activity recognition)(activity recognition)

Helpful for the video-surveillance operators for highlighting any 
abnormal situation. Video Indexing. 

Scenarios are a combination of spatial, temporal and interactive
events. 

The computer vision community: numerical approach 
probabilistic 
neural network approach

=>uncertainty of the low level vision tasks

Artificial Intelligence community 
symbolic approaches 
=> high level recognition capability
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GraphicalGraphical ProbabilisticProbabilistic ApproachesApproaches

• Bayesian networks have been widely used 
in the computer vision community for
- object detection, tracking, event or 
scenario recognition.

• HHMs (Hidden Markov Model), popular 
probabilistic approach, 
– initially used in speech recognition then in 

gesture or scenario recognition. 

Introduction
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BayesianBayesian Networks Networks 
• Advantage : ability to encode both qualitative and 

quantitative contextual knowledge, and their 
dependence. 

• The network topology represents a qualitative 
causal relation between variables, and the joint 
probabilities explain the quantitative part of the 
network. 

• Efficient inference structure for real time 
applications.

Introduction
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The time aspect in Bayesian NetworksThe time aspect in Bayesian Networks

Standard Bayesian networks, do not provide a direct 
mechanism for representing temporal dependencies

Existing “temporal” extensions :

“time-slices” (DBN, HMM)

assumes a Markov property : a single snapshot in the past 
is sufficient for predicting the future.

“event-based”
the occurrence of an event will trigger a reaction over the 

global system.

Introduction
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““TimeTime--slicesslices”” ApproachesApproaches

The main technique : Dynamic Bayes Networks  
DBN : an extension of Bayesian networks, 
also a generalization Hidden Markov Models.
Adapted with problem domains

– Succession of events ( ordered states, trajectory etc… ) 
– where the granularity of temporal representation is constant

Time slice  t
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““TimeTime--slicesslices””BayesianBayesian NetworksNetworks ::

limitation of DBN for complexe scenario  
recognition :

• When several temporal granularities =>all nodes are 
repeated for each time at the lower temporal granularity.

• No flexible temporal reasoning capability (naturally as 
Allen temporal relation)   
– ex : ‘’event A starts with B but ends before B ends’’.

• high complexity with multi–object activity recognition

Introduction
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Extensions of HMMExtensions of HMM

• Variable Duration HMM( Semi-Markov) : explicit duration 
on each state

• Coupled HMM (interaction between objects)
• Variable Length Markov Model (multiple scales)
• Hierarchical Bayesian Networks (also HHMM)

Hierarchical Bayesian Networks
incorporating a Bayesian network 
”inside” a node in another 
Bayesian network. 
(Koller & Pfeffer 1997) 

Hierarchical HMM ( Bui 2004)

Introduction
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““Event basedEvent based”” approachapproach

Use of  BN in “event based” approach :
Temporal Nodes Bayesian Networks (TNBN), [Arroyo-Figueroa, 99]
Net of Irreversible Events in Discrete Time (NIEDT), [Galan 00]
nodes represent events that can take place at a certain “time interval” . 

([Boudali 2005], relability modelling)

=> “Event based” uses mainly  “time Intervals”

(� time slice-approach “time points” )

The occurrence of a real physical event will 
trigger a reaction over the global system.
Largely used in CV in AI approaches at the symbolic level 

>   Active perception strategy 

Introduction
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A multiA multi--layer scenario recognition layer scenario recognition 
systemsystem

3 layers

• High level layer
• Temporal reasoning layer based on 

specific BN
• basic events recognition layer
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Use of BN : Temporal Relation NetworkUse of BN : Temporal Relation Network
bringsbrings the temporal the temporal reasonningreasonning capabilitiescapabilities

using a generic network structure  
to recognize Temporal relation between the lifespan of 

events H1 and H2 : Temporal Relation Network (TRN )

Example : “H1 equals H2” , 
the node Ds1s2 verifies the notion of start times 
equality of the events H1 and H2, (si = s2) 
and the node De1e2 verifies the end times equality 
of the events. In this example, the node Ds1s2 is 
true when the signed distance D(s1,s2)=0. 

⇒TRN contains Nodes for ranking time points 

Temporal Reasoning
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Estimation of the Estimation of the lifespanlifespan of of eventsevents
«« startstart »»&&«« end end »» datesdates

Illustration of the lifespan detector 
based on the event belief signal

The “start” date is obtained 
once the probability of the P(H) 
hypothesis > 80%. 
Then a “end” date when 
P(H)<80%.

The variance of the time 
estimator is fixed off-line for 
each category of event

s(m,σ) e(m,σ) 

Temporal Reasoning
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RankingRanking 2 time points2 time points

• A signed distance D(A,B) between two 
time points A(m,σ) and B (m,σ). 
– Mahalanobis distance 
– sign : difference between the means of the 

normal distributions. 
This signed distance permits to rank two time-points by 

taking into account their temporal uncertainty. 

Temporal Reasoning
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Global Global HHierarchicalierarchical HHybridybrid BNBN
Global Architecture
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Learning of the BN Learning of the BN parametersparameters
Supervised learning

from the experimental data, in particular the conditional probabilities tables.
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Learning by including the detector uncertainty
(incomplete data missing values or hidden variables) 
Parameters for a fixed network from incomplete data, are estimated by the EM 

Expectation-Maximisation algorithm. 

table of occurrence

Detectors level

Global Architecture
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First First exampleexample
Example
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A Model for A Model for ““Abandoned BaggageAbandoned Baggage”” scenarioscenario
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Example
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22ndnd exampleexample ABAB

•Reconnaissance scénario

Example
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TrajectoryTrajectory recognition (HMM)recognition (HMM)

• Vector quantization is based 
the standard K-Mean
Size of clusters #  trajectory
length 

• Baum-Welch algorithm for 
training of the models

• Partial trajectory recognition 
useful for the high level 
scenarios agents (in particular 
the start of a trajectory)

Iterative Viterbi algorithm for 
finding the most likely model 
from partial observations.

Trajectory recognition
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Trajectory recognition
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ConclusionConclusion

• Event based approach for temporal reasoning 
based on a specific BN : 

Temporal Relation Network 
• Combination of complementary approaches BN 

and HMM. 

Future works :
Active control of the recognition process 

(prediction)  (start events) 
Multi camera active cooperation for recognition 

and prediction  


