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Sparse scenes in a single camera view

V Objects can be detected and tracked

V Trajectories of objects are used for activity analysis
V Cluster trajectories into different activity categories
V Detect abnormal trajectories




Camera 1 Camera 2 Topology

Activity 1 Activity 2 Activity 3

Sparse scenes in multiple camera views

V Objects can be detected and tracked in each of the camera views

V It is challenging to track objects across camera views

V The topology of camera views may be arbitrary and unknown

V Cluster trajectories observed in different camerienwiewscking objects
@ across camera viewandwithout knowing the topology of camera views
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Local motions
Crowded Scenes

V It is challenging to detect and track objects in crowded environments

V Many different types of activities happen simultaneously in crowded sce
V Learn the models of activitiesifagiriets (highly fragmented trajectories) or

local motions (optical flows)
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Near Fields

V In far fields, objects are small in size and their activities are mainly distin
their positions and velocities

V In near fields, objects are in larger sizes, and more features such as sha
and motions can be used for activity analysis

V Use spadene interest points as features for activity analysis




/\/Vhy topic models?

Unsupervised
A Save labeling effort

A Suitable for processing large scale datasets
A Easy to transfer across different scenes

- Topic models are hierarchical Bayesian models

A Model complex activities in a principled way

Jointly model simple activities and complex activities at different
hierarchical levels

A Add priors to hierarchical Bayesian models

Dynamically update the models of activities over time
Learn the models of activities across camera views




/\/Vhy topic models? h

- Can be extended to nonparametric Bayesian models

A Automatically learn the number of activity categories driven b)
data

- Model the eoccurrence of motion features

A Co-occurrence of motion features widely exists in many types
of activities

A No other strong constraints on the distributions of activity
models

A Can be well applied to different scenes and different types of
activities
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/T opic models
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Figure 8: An example article from the AP corpus. Each color codes a different factor from which

From Blei, Journal of Machine Learning Research, 2003
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(Applying topic models to activity analysis

. Features = ?

- Words = ?

- Documents = ?

- Topics = ?

- How to extend the models by adding priors which capture
the spatial and temporal information?
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(Activity analysis In sparse scenes

- Words =points on trajectories

Features positions and velocities of points on trajectories

Documents trajectories
Topics ssemantic regidirtersections of paths commonly taken by obi

ldentity canccurrencawo feature values are observed on the same trg
and they are related to the same object

Semantic region 2A

Semantic region 1

Semantic region

B

X.Wang, K. Ma, G. Ng, anGimson o0 Tr aj ect ory Anal ysi s
Using A Nonparametric Bayesian Model//




/Two-level parametric topic model
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/Dual Hierarchical Dirichlet Processes (DuaHDP) A
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Parametric hierarchical Bayesian model DualHDP
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luster trajectories and learn models of paths

40,453 trajectories for our experiments




7))
-
O
(@)
()]
S
©
I
C
®
&
D
7))
(-
@)
v
D
©
@)
=




Clusters of trajectories
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utlier trajectories
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/Dynamic models of semantic regions in a parking lot h
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/Cluster trajectories in multiple camera views h

Correspondence free: doesnot
No camera calibration

Unsupervised

The topology of camera views is unknown and arbitrary (overlaf
nonroverlapping)

Add smoothness prior according to the temporal co
occurrence of trajectories observed In different camera views

Topology of
camera views

Four camera views

Trajectories observed in four camera viev




/Build a Trajectory Network h
ldentity co-occurrence + temporal ccoccurrence
Camera lV ) )\, ty t, C C
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(a) Trajectories in three camera viewls) Temporal extents of (C) The network
trajectories connecting trajectories
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Model

@ An example to describe the high level picture of our model

™

Codebook is the concatenation of the local codebooks of all the

views. Feature valyeardera_id, location, moving_direction).
A semantic region has a joint distribution in all camera views.

If two trajectories are connected by an edge on the network, the

smoothness constraint on their distribution over semantic regiol
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Models of paths and clusters of trajectories

amer | Camera 4
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Activity 1 Activity 2 Activity 3
Topology
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Trackletdragments of trajectories obtained by weak trackers. Th
short and very noisy.

Trajectories extracted from the videos of the New York Grand C
Station: 95% trajectories are highly fragmented

P

£




C

lustering results using topic models
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andom field topic model

- MRF models the dependency bétacaatbased on their spatial ar
temporal consistency and velocity similarity

. Model the sources and sinks

B. Zhou, X. Wang, and X. Tang, oOR

@ CVPRO11. y
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/Learned Models of Paths




(Activity Analysis Based on Moving Pixels
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(Activity Analysis Based on Moving Pixels

Features positions and velocities of moving pixels
Words =moving pixels

Documents short video clips

Topics matomic activities

Temporal cooccurrence: if two feature values are related to the

atomic activities, they ofteacouir in the same video clips and he
strong temporal correlation

Moving pixels in Spatial distribution of
a short video clip an atomic activity
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/I—Iigh level picture of our approach

Motion Features

(@)

Atomic activities
modeled as
distributions over
the feature codebook

(b)

Global behaviors
modeled as
distributions over
atomic activities
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/Parametric hierarchical Bayesian model
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Learned atomic activities from a traffic scene










/Global behavior I. green light for south/north traffic
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/Global behavior Il: green light for east/west traffic
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/Global behavior lll: left turn signal for east/west traffic
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/Global behavior IV: walk sign
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/GIobaI behavior V: northbound right turns
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/Temporal video segmentation

- green light for east/west traffic walk sign

| green light for south/north trafficjjjjj northbound right turns
@ left turn signal for east/west traffic /




Abnormality detection results

Top four abnormal video clips
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