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Commercial and Transportation Applications

A Efficiency
T What are the traffic bottlenecks?

I How can we coordinate arrival schedules to minimize
congestion?

A Marketing
I How do in-store marketing campaigns effect behavior?
I Are shoppers stopping at the sales booth?

A Loss prevention
I How can we detect customer theft?
I How can we detect employee theft?



Security Applications

A Threat detection A Recognition
I Unauthorized access I Is this person authorized?
i Violence i)YO OEEO A OxA
i Theft
I Tailing

A Activity understanding

' Loitering - | i What are the common
I Sudden widespread panic traffic patterns?

I How can we deploy
security resources more
effectively?



Applications & Typical Scenes
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e o WQ - e Activity modeling in
General tracking [ |Mixed: boats, cars, people large public spaces




Automatic Site Monitoring Pipeline

Detection
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Analysis




Automatic Site Monitoring Pipeline
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Automatic Site Monitoring Pipeline

A Background subtraction
Stauffer and GrimsonCVPRL999.
Boykov, Veksler, andZabih, PAMI2001.

Detection i
[
I Mittal and Paragios,CVPR2004.
.
[

Sheikh and ShahCVPR2005.
Dalley, Migdal, and Grimson, WACV2008.

A Feature points
I Shi andTomasi, CVPRL994.

Analysis A Strong models

I Gavrila, ECC\2000.

I Leibe, Seeman and SchieleCVPR2005.
I Dalal and TriggsCVPR2005.
.
[

Tracking

Zhu,Yeh Cheng, and\vidan, CVPR006.
Wojek, Dorkoé, Schulz, and SchieleAGM2008.



Automatic Site Monitoring Pipeline

A Kalman filter
A Meanshift
A8

Detection

Tracking

Analysis

Time windowing: for rendering purposes only
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Automatic Site Monitoring Pipeline

A Identifying individual people
i Phillips et al. ICPR2002.
I Sundaresan RoyChowdhury, andChellapg ICIP2003.
i Lee, Dalley, and Tieu, ICCV2003.
I Veeraraghavan RoyChowdhury, andChellappg PAMI
: 2005.
Tracking A Recognize events (loitering, theft, etc.)
i Ivanonv and Bobick, PAMI2000.
i Vu, Bremond, andlrhonnat, ECAI2002.
. I PETS 2006 and PETS 2007 workshops (many papers)
AnaIySIS A Dalley, Wang, and Grimson, PETS2007 .

A Model flow patterns and site usage
i Stauffer, CVPRL999.
I Andrade,Blunsden, and Fisher] CPR2006.
'
'

Detection

Wang, Ma, and GrimsorGCVPR2007.
Wanget al.,CVPR2008.



Thesis Contributions

A Background subtraction
I Waving trees, rippling water 5.5% drop in false positive rate

A Large-scale monitoring
I Clustering of path segments
I Dalal and Triggs on a GPU Up to 76x faster than CPU

A Gait recognition

I Model-based silhouettes 6%? 44% boost In
recognition rates

A Event detection

I Integrated detection and tracking  Only system to complete
the PETS 2007 challenge



Site Activity Model
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Outline

A Activity model overview

A Weak model detectors

A Strong model detector

A Data parallel implementation

A Summary



Outline

A Activity model overview



High Level

A Goal
I Cluster trajectories to find common paths

A Approach

I Infinite mixture model



Hierarchical Dirichlet Processes (HDPs)

A HDPs:TehJASA 2006 0.06
A wi/ trajectories: Wang CVPR 2008
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Outline

A Weak model detectors
I Background subtraction
I Feature point detection



Background Subtraction




Background Subtraction:

PrecisionRecall
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Background Subtraction:

Problems

glare, too frequent foreground“I

Merged blobs:
shadows, crowds




Alternative:
Shi & TomasiFeature Point Detection

B true posiives [l false positives false negatives
B true negatives ATT806 AAOA




Improved Recall, but Low Precisior
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Clustering Feature Point Trajectories

0 5 10 15 20 25
Cluster Index
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Perplexity

(cluster uncertainty given observed location)

e perplexity= 1.5

b
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Crowded bidirectional traffic
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N

Most Tracks Just Going East and Wes
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A Few Bad Tracks Couple East and West

@J m Normal westbound track

Bad track #1

Westbound & #2

associated /
#1 & #2
/ associated

Eastbound &
Normal eastbound track #1 associated

x Track starting point
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Outline

A Strong model detector
I Dalal and Triggs' HOG detector
I Classification results
I Activity modeling results



Dalal & Triggs HOG Features

Voting mﬁ

Stencill

Input Gamma Block | Gradients Descr

Window Correct Descr
Locs. |Atevery block

descriptor location

At every possible pedestrian location Descriptor
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Sufficient Precision and Recall
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Better Perplexity

-4;_.1; i.I.F 4+

Pedestrian Detector Tracks
mean = 2.6
median = 2.4

Point Tracking
mean =1.5

median = 1.1




Selected Clusters
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Breaking up
Merged Paths

More permissive priors A
Can separate the 6 paths
from west to escalators

—

\
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