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Introduction

Requirement for practical person tracking:
Track accurately for long sequences
Self-start
Independent of activity
Be robust to drift
Track multiple people
Track through brief occlusions
Avoid background subtraction
Computational efficient



Introduction

Q: Why Is people tracking difficult?
Data association

e.g. Template learned in advance of
tracking



"
Overview of Ramanan’s Approach

Build models of people from the video and
then track them.

Buttom up appearance learning

Pros: simplifies data association, prevent
drift, recover from occlusion, count easily



"
Overview of Ramanan’s Approach

2D view of the human body
as a puppet of colored,
textured rectangles

9 segment tree model

Learn an appearance: ‘-

Detecting candidate body
segments

Clustering candidates
overtime

Prune clusters with unlikely
dynamics



"
Detecting segments

Initial detectors learn segment candidates, low accuracy
Parallel lines of contrast, suppressing non-maximum
Suffer from false positives and missed detections.




" J
Clustering Segments

Use a color histogram of associated segment
Represent the histogram with projections onto Lab space
Create a feature vector for each candidate segment

Candidate Segments

Fraoject anto
Lab space




Clustering Segments (cont.)

Clustering the candidate feature vectors
Modified mean-shift procedure

Arms: @




Pruning clusters

Prune clusters whose members’ dynamics violate the
bounded-velocity motion model or which stay completely

still
torso arm

Valid:

Invalid

never move too fast too fast



Tracking using learned appearance

Prune clusters with unlikely dynamics

Detecting new arm using learned
appearance



Performance

Recall the requirements for a practical people
tracker
Self-starting: None of these tracks were hand initialized

Example 1: Multiple Activities

Example 2 & Example 3:
Multiple people
Drift
Recovery from occlusion and error
Lack of background subtraction



Example 1

Two activities: Jumping Jacks and Walk
For Jumping Jacks:



Example 1 (cont.)



Example 2



Example 3



Probabilistic Model

How to formalize and realize these
functions?

First set up the probabilistic model for
segments candidates

Then conduct the tracking as inference



Probabilistic Model (cont.)

Three essential variables:
. Constant underlying appearance feature vector
. Position (and orientation) of segment |
. Collection of observed feature vectors for each
patch in frame |
IS distributed as (appearance model)

(motion model)



Probabilistic Model (cont.)

Figure (c): Full human body
consists of nine segments

Figure (d): Image model
for a limited torso and arm
subset.

Local additional potential

Constant C,,



Probabilistic Model — Tracking as inference

Perform inference on a set of embedded trees within the
model (recall last slide)

(a) Learn the torso appearance
model

(b) Learn the arm appearance
model

(c) apply the motion model
(velocity bounds)

(d) cluster with kinematics
constraints (check the length
of the sequence)



Algorithm Detalls

The algorithm infers with a single pass through each link in our
model.

By clustering candidate torsos to learn the torso appearance model
(corresponds to Figure (a))

Find a dynamically valid torso track sequence. (Figure (c))
Infer on lower limbs near the found torso track. (Figure (d))
Infer on tree to search upper limbs. (Figure (b))

Q: Why we first detect the lower limbs then the upper limbs?



Cutler’'s Approach - Overview

Robustly detect and analyze periodic motion
from both a static and a moving camera

Utilization of the symmetries of motion exhibited
In nature (periodicity) for object classification

Applications: Counting people, simple event
detection, estimating human stride



Method

First, segment the motion and track objects In
the foreground

Second, align each object along the temporal
axis

Compute the object’s self-similarity as it evolves
In time

For periodic motions, use Time-Frequency

analysis to detect and characterize the
periodicity.



Method — Motion Segmentation and Tracking

Motion sequence Gaussian Filterefl Stabilized with

v

Images and are differentiated and threshold to a binary
motion image:

To eliminate false motion at occlusion boundaries, do:

To reduce motion due to image noise, do:

Morphological open operation

»
»




Method — Motion Segmentation and Tracking
(cont.)

Spatial similar (in distance) connected components are merged and
then added to a list of objects O, to be tracked. Objects in O,and O,,,
are corresponded using spatial and temporal coherency.



Method — Periodicity Detection and Analysis

First, align the segmented object using the object’s
centroid and resize the objects to get the same
dimensions.

Second, noise of the segmentation is removed by using
the median of N frames.

Then, object O;’s self-similarity is computed at t; and t,
using absolute correlation:

( By Is the bounding box of object O)



Method — Periodicity Detection and Analysis
(cont.)

A plot of S’ for a walking
sequence

Similarity values have been
linearly scaled to gray-scale
Intensity range [0,255]

Similarity plot should be
symmetric along the main
diagonal

-



Method — Periodicity Detection and Analysis
(cont.)

Linearly detrend the columns of
the columns of S’ to estimate the
spectral power

Average the spectra of multiple t;s
to get a final power estimate P(f),
f.is the frequence

Periodic motion will show up as
peaks in this spectrum

Significant peak at frequency f:

Multiple peaks can be significant



Method — Time-Frequency Analysis

For stationary periodicity (single fundamental frequency)
we can use Fisher’s Test to detect periodicity

For nonstationary periodicity, we use Time-Frequency
analysis and the Short-Time Fourier Transformation

short-time analysis window

signal to analyze (S’)



Example — Symmetry of a Walking Person

From Figure

(dark line parallel to the main diagonal)

(dark lines perpendicular to the main diagonal)

We know that S’ encodes the phase of the person walking



Comparisons

Ramanan’s Approach Cutler’'s Approach

-Buttom-up appearance learning -Take a global view of the action
-Use appearance model and -Use the object’s self-similarity to
predefined motion model to detect detect

-Initial detector is low-accurate -Initial detector is accurate but

depends on the object’s property
-Learning process depends on -Learning process depends on
appearance rather than pose poses
Constraints:

Rely on the coherence on appearance Rely on self-similarity of object (not reliable)
Time to get stable tracking Drift, occlusion (change of pose)



Future work

Deal with more sophisticated motion
model and appearance model

More efficient initial tracking

User based tracking



Thank you!



