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Abstract

  In its full generality, motion analysis of 
crowded objects necessitates recognition and 
segmentation of each moving entity.  The 
difficulty of these tasks increases considerably 
with occlusions and therefore with crowding.  
When the objects are constrained to be of the 
same kind, however, partitioning of densely 
c rowded semi - r i g i d ob jec t s can be 
accomplished by means of clustering tracked 
feature points.
  We base our approach on a highly 
parallelized version of the KLT tracker in order 
to process the video into a set of feature 
trajectories. While such a set of trajectories 
provides a substrate for motion analysis, their 
unequal lengths and fragmented nature 
present difficulties for subsequent processing.  
To address this, we propose a simple means 
of spatially and temporally conditioning the 
trajectories. Given this representation, we 
integrate it with a learned object descriptor to 
achieve a segmentation of the constituent 
motions.

Feature Respawning

  The vertical axis represents time and each 
colored line represents the trajectory of a 
feature forward in time. The red dots 
represent the local maxima of the distance 
from a point to the closest trajectory, and 
hence the holes in which new features have to 
be re-spawned.

Problem

¥  Determine the number of moving objects.
¥ Perform motion segmentation in a scene 
where the objects are crowded but look alike.
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KLT tracker

  The driving principle behind the KLT tracker 
is to determine the motion parameters (e.g., 
affine or pure translation) of local windows     
from an image I  to an image J. Given a 
window            , the affine motion parameters A 
and d are chosen to minimize the dissimilarity:

Increased efficiency:
¥ normalized dissimilarity        only one 
window per feature
¥ several processes in parallel for different 
window sizes.
¥ integral images used for second order 
moment matrix computation with different      .
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Trajectory Conditioning

  Conditioning at time t of the diamond 
trajectory. Empty circles indicate feature 
trajectories that do not continue past t, while 
filled circles continue to time t+1 according to 
the depicted individual displacement vectors.  
The next coordinates of the conditioned 
trajectory are computed via the displacement 
vector, shown as a dotted  arrow, obtained by 
averaging the  vectors inside the box centered 
on the diamond.
Example:

This process is carried out for all trajectories 
in the sequence, and is run forward and 
backward in time.  The result is a set of 
longer, smoother  trajectories with reduced 
fragmentation.

Trajectory Conditioning

Connectivity Graph:
  At each time step, the present 
fea tu res fo rm the nodes o f a 
connectivity graph G , whose edges 
indicate possible  membership to a 
common object.

Edge Pruning:
  If two features do not stay in a certain 
box over time, they do not belong to 
the same object. The 3 parameters of 
this box are learned from training data.

RANSAC-based merging:
  We assume that if features share a 
similar movement during their whole 
life span, they belong to a rigid part of 
an object, and consequently to a 
common object.

Trajectory Clustering

  A set T  of features ! i  has a 3D rigid motion if it 
exists a family of 3x3 homogeneous affine motion 
ma t r i ces M t ! t !  such tha t ! τ

i " T  and 
! (t, t !) " Time2

:
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where ρ is the minimal distance between features.
  RANSAC is applied to sets of trajectories existing 
on the studied time window and connected in the 
connectivity graph G. By considering triadic 
connections, the corresponding affine motions 
through time are computed via least square 
minimization and tested with potential inliers.

Agglomerative Clustering:
  At each iteration, the two closest sets are 
considered and if all their features are linked to 
each other in the connectivity graph G, they are 
merged together. Otherwise, the next closest sets 
are considered

Results


