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Context

v Tracking
» Recursive localization of moving objects in video sequences.

» Use of the previous frames to determine the position of the
object in the current frame.

> Applications: video-surveillance, security, safety, traffic
analysis, robotics, military, etc.

v’ In practice:
> Noise in measurements (images)

— Robust tracking method: state-space approach

v" Aim of the paper:
> To evaluate tracking solutions based on Particle Filter
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v Particle filter tracking
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v'Results and interpretation
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v Particle filter tracking
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Bottom-up v. Top-down Tracking

v’ Bottom-up:
> Segmentation of the moving objects in each frame
» Matching segmented objects over time

v' Top-down:

> Estimation of the position and characteristics of an object given
its position and characteristics in the previous frame

New features
p| detection/
Image initialization
L Tracking
Estimation of Search of Description
feature new position >
position —» and update of
|_> the feature
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Top-down Tracking

v’ Top-down approches:
> Lucas-Kanade algorithm
» Mean-shift algorithm
> Particle filter tracking

v’ Differences:
»Type of features extracted
» Tracking techniques
v’ Similarity:
»The model of the target is available
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Particle filter Tracking

v’ Particle Filter:
» Sophisticated model estimation

» Estimation of a sequence of hidden parameters X,
based on observed data z,

v Applied to tracking:
» Tracked object described with the vector x.

» Observations described with the data z,

» Approximation of the probability distribution by a
weighted sample set S = {(s™, 7®™) | n=1....N}
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Particle filter Tracking
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Particle filter Tracking

v’ Interest of the method:
> Not only the most probable hypothesis is kept
» The tracker is able to maintain multi-hypothesis at the same
time
v Drawbacks:

» High number of particles
— not adapted to real-time implementation
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Content

v'Parameter variations
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Object Model

v’ Description of the object:
> 5 tracks used to describe one object
» Each contains a PF
> Test at each iteration to check the loss of tracks

— Aim: to be more robust to occlusions and appearance changes

v Feature/distance:
> Block of pixels: more accurate
» Histogram: more appropriate for non-rigid motion l
» Luminance / Color Feature
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Implementation

v’ Particle filter:
> Implementation based on the Bayesian Filtering Library (BFL)

v Initialization:
» Position and reference feature with Harris feature extractor

> Creation of the sets of particles in sampling the positions with
the prior noise.

v" Prediction:

> Prediction of the next position of the particles with the system
equation :

X, = AXiy W4

12 Effects of parameter variations in particle filter tracking. =, i




Implementation

v' Update weights:

> The Battacharahya distance for the distance between the 2 histograms

> The Minimum Mean Squared Error distance for the distance between
the 2 blocks

v’ State estimation : N
Elx ] =Y 7% "
v' Resampling

v' Update reference feature
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Parameter variations

Parameter variations we want to test :

v" Number of tracks: 1 or 5 tracks per target
v' Colors: Luminance / RGB
v Appearance model:  Histogram / block of pixels

v Motion model size:
> 2:model described with the position (x,y) of the particles
> 4:position + speed of the particles

v' Search:
> False: classical PF tracking
> True: enable a search around the position of the particles.
" Possibility to update the position of the particles
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v Performance evaluation
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Performance evaluation

v Metric:
> Criteria to evaluate the good functionality of the system
" Entries: GT and results

" Qutput: the distance between the GT and the Results

» The percentage of time until the tracking system loses the target:

" time of tracking / time of presence in the GT

GT
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A Video datasets

v' Caviar sequences: v" TricTrac sequences:

v Number of tested trajectories: ~2000
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v'Results and interpretation

18 Effects of parameter variations in particle filter tracking.



Results

Parameter =imageformat
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— Color enhances the tracking
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Results

parameter = number of tracks per target
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% of trackin
° g m 1 track

5 tracks

0-5s 5-10s 10-20s 20+s
Duration of GT track

— more tracks = more robustness and more computation
time

20 Effects of parameter variations in particle filter tracking.




Results
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Parameter = featuretype
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Duration of GT track

— block : more accurate
— histogram : more robust
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Results

Parameter = usesearch
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Duration of GT track

— mixture of block matching and PF : more robust
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Results

Parameter = statesize

08-

% of tracking

0-5s 5-10s 10-20s 20+s
Duration of GT track

— the speed does not seem to improve the tracking
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Conclusion

v’ Best solution:
> 5 tracks per object
> Feature = rgb histogram
> State model: position

v Conclusion:
> Results are specific to the application
» The PF depends on the final application
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Results of tracking
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Results of tracking
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YN\ Conclusion and future works

Multitel

v" Future works:
» New features: co-occurrence matrix, Gabor filters

> Evaluation of the resource consumption for the different
parameters

» Test on other types of context (crowded scenes...)
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ANNEXES
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Particle filter Tracking

v Initialization:
> Definition of the system equation: X, = AX,_; +W,_; (1)

v" Prediction:

» From the particles from the previous frame<t_1(i
the next position of the particles

' and (1), predict

v' Update weights:
» Compute the weight of each particle:

" ~expgl_2g—2))2E with N =1 (2),(3)

and o the similarity between 2 distributions
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Particle filter Tracking

v’ State estimation:
> The state position of an object is estimated at each time step

& exl=y x|

v" Resampling:
> Particles with high weights generate many particles
> Particles with low weights tend to disappear
— Prepare n particles for the next frame

v’ Interest of the method:
> Not only the most probable hypothesis is kept

» The tracker is able to maintain multi-hypothesis at the same
time
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