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GRAPHICAL OBJECT MODELS FOR DETECTION AND TRACKING

This application claims priority to U.S. Provisional
Application Serial No. 60/574,799, filed on May 27, 2004,

which is herein incorporated by reference in its entirety.

BACKGROUND OF THE INVENTION

1. Technical Field:
The present invention relates to image processing, and
more particularly to automatic detection and tracking of

objects in images.

2. Discussion of Relatéd Art:

The problem of describing and recognizing categories
of objects (e.g.; faces, people, cars) is important to
domputer vision applications. It is éommon to represent
objects as collections of featu;es with distinctive
appearance, spatial extent, and position. There is however
a large variation in how many features.arg needed and how
these features are detected and represented.

Therefore, a neéd existé for a system and method of
detecting and tracking an object, implementing component

detection and performing inference over space and time.
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SUMMARY OF THE INVENTION

According to an embodiment of thé bresent disclosure,
a computer implemented method for object detection
comprises providing a spatio-temporal model for an object
to be detected, broviding a video comprising a plurality of
images including the object, and measuring the object as a
collection of components in each iﬁage. The method further

comprises determining a probability that the object is in

-each image, and detecting the object in any image upon

comparing the probaﬁilities for each image to a threshold
for detecting the object.

| Providing the spatio—tempéral model for the object to
be detected comprises providiﬁg'detectors for each of the'
collection of components.

The spatio—temporél model is a graphical model
comprising nodes correspondihg to each of the coilection of
components and to thé object.

| Determining\thé probability that the object is in each
image compfises detecﬁing the object in a current image
according to_measuremehts of the object as a collection of
components deterﬁined from a prior image and a later image
relative to the current imageﬂ

Providing the spatio-temporal model for the object to

-be detected further comprises providing a temporal window

2

Meta 1002
p-6



10

15

20

Attorney Docket No.: 2004P09036US01 (8706-817)

defining a plurality of images in which‘meésurements of
components detected therein are passed to components
detected in the current image.

Determining the probability that the object is in each
image comprises determining the probability for a position
and a size of the object in each image.

The threshola is provided for-the object to be
detected, wherein the threshold is determined empiric;lly.

A joint probability distribution for the spatio—temporél

model with N components is:

£ o 5y e w O Oy s wExy —
I (.x[] ,XD j;X& EIREREY XU ,.,...‘,Xﬁ",xT' :X:rt ,--«¢Xr1:  —

1 i € S , ol
7 [1 9 (X0, XF) [T (X2, X7 [T v (XE*, X7 T 00(XE) [T 6:(X5%)
i ik ki _ i ik

According to an embodiment of the present disclosure,
a program storage device is provided readable by machine,
tangibly embodying a program of instructions executable by
the machine to perform method steps for object detection.
The method steps compriéing providing a spatio-temporal
model for an object to be_detectéd, providing a video
comprising a plurality of images including the object, and
measuring the object as a collection of components in each
image. The method further comprises determining a

probability that the object is in each image, and detecting
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the object in any image upon comparing the probabilities

for each image to a threshold for detecting the object.

BRIEF DESCRIPTION OF THE DRAWINGS

Preferred embodiments of the present invention will be
described below in more detail, with reference to the
accompanying drawings:

Figure 1 is a system according to an embodiment of the
present disclosure;

Figu;es ZA and 2B are graphic models for a pedestrién
and vehicle, respectively, according to an embodiment.of
the present disclosure;

Figure 3 is an illustration of a pedestrian and
identified components of the pedestrian according to an
embodiment of thé present disclosure;

Figure 4 is a flow chart of a method for message

~passing in graphic models according to an embodiment of the

present disclosure; and

Figure 5 is a flow chart of a method according to an

embodiment of the present disclosure.

Meta 1002
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DETAILED DESCRIPTION OF PREFERRED EMBODIMENTS

According to an embodiment of the present disclosure, a
probabilistic. framework for automatic component-based
detection and tracking of>objects in images and/or video
combines object detection with tracking in a unified
framework. Tracking makes use of object detection for
initialization and re-initialization during transient
failures for occlusions. Object detectién considers the
consistency of the detection over time. Modeling.ébjects by
an arrangement of image-base, and possibly overlapping, |
components- facilitates detection of complex articulated
objects as well as helps in handling partial object
occlusions or local illumination changes.

Referring to Figures 2A and 2B, object detection and

‘tracking is formulated as an inference in a two-layer

graphical model in which a coarse layer node represents the
whole object and fine layer nodes represent multiple
components of the object. Directed edges between nodes
represent learned spatiél and temporal probabilistic
constraints. Each node in the graphical model corresponds

to a position and scale of the component or the object as a

whole in an image at a given time instant. Each node also

has an associated Adaptive Boosting (Adaboost) detector

5
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that is used to define the locél image likelihood and a
proposal process. Typically the likelihoods and
dependehcies are not Gaussian. To infer the 2D position and
scale at éach node a non-parametric belief propagation (BP)
is implemented thatluses a.Qariation of particle filtering
and can be applied over a loopy graph.

It is to be understood that the present invention may
be implemented in various forms of hardware, software,
firmware, speciél purpose processors, Or a combination
théreof. In one embodiment, the present invention may be
implemented in software as an application program tangibly
embodied on a program storage device. The application
program méy be uploaded to, and executed by, a machine
comprising any suitabie architecture.

‘ Referring to Figure 1, according to an embodiment of
the present disclosure, a computer system 101 for
implementing‘aﬁ object detection and tracking method can
comprise, inter alia, a central processing unit (CPU) 102,
a'memory 103 and an input/output (I/O) interface 104. The
computer system 101 is generally coupled through'the I/0°
interface 104 to a display 105 and various input devices
106 such as a moﬁse and keyboard. The support circuits can
include circuits such as cache, power supplies, clock

circuits, and a communications bus. The memory 103 can

6
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include random access memory (RAM), read only memory (ROM),
disk drive, tape drive, etc., or a combination thereof. The
present invention can be implemented as a routine 107 that
is stored in memory 103 and executed by the CPU 102 to
process the signal from ﬁhe signal source 108. As such, the
computer system 101 is a general purpose computer system
that becomes a specific purpose computer system when
executing the routine 107 of the present invention.

The computer platform 101 also includes an operating
system and micro instruction code. The various processes.
and functiéns described herein may either be part of the
micro instruction code or part of the application program
(or a cpmbination thereof), which is executed wvia the
operating system. In addition, various other peripheral
devices may be connected to the computer platform such as
an additional data storage device and a printing device.

It is to be‘further understood that, because some of
the constituent system components and method steps depicted
in the accompanying figures may be implemented in software,
the aétual connections between the system components (or
the process steps) may differ depending upon the manner in
which the present invention is programmed. Given the
teachings of the present invention-provided herein, one of
ordiﬁary skill in the rélatgd art will be able to

-7
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contemplate these and similar implementations or
configurations of the present invention.

Graphical Object Models;.An object, such as an
automobile (see Figure 2B), is modeled as a spatio-temporal
directed graphical model. Each node in the graph represents

either the object or a component of the object at time t.

Nodes have an associated state wvector XT:(ngﬂ defining the

component’s real-valued position and scale within an image
(where x,y,5,€ R). The joint probability distribution for
this spatio-temporal graphical object model with N

components can be written as:

P{X Xgo, X5 x;::\,..,;...xf} X5, xm [ XSx) =
Z H%?ixq _)(‘J}sz; (X7, XQ H‘vu(x‘“& X”)H@(XQ]H%&X(’*)

ki

“where X? and Xf" is the state of the object, O, and

object’s n-th component, C,, at time ¢ respectivgly (ne (LN)
and te(LT»; ¢%(X?,X?) is the temporal‘compatibility of
object state between frames i and j; y,(X°,X%) is the
spatial compatibility of the object and it’s components at
frame i; ¥ (X*,X5) is the spatial compatibility between

object components at frame i and @(X?)mulQLX?)denote the
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local evidence for the object and component states
respectively.

According to an embodiment of the present disclosure, a
system comprises the following modules: a graphical model
modules, an inference module providing the ability to infer
a state of each node in the graph; a local evidence
distribution (or image 1ike1ihooa) module, a proposal
process module for some or all nodes in a graphical model,
and a module qomprising a set of spatial and/or temporal
constraints corresponding to the edges in a graph.

Building the Graphical Model; For a single frame,
objects are represented using a two-layer spatial graphical
model, for example as shown_in Figures 2A and 2B. The fine,
component, layer 201 includes a set of loosely connected
parts, e.g., 202. The course, objeét, iayér 203 corresponds
to an entire appearance model pf the object and is
connected to all constituent components, e.g., 202.
Exémpleé of such models for pedestrian and vehicle
detection are shown in the shaded regions of Figure 2A and
2B, respectively! In both cases objects are modeled ﬁsing
four overlapping image components. For the wvehicle the
components are: top-left (TL) 204, top-right (TR) 205,
bottdm—right (BR) 206 and bottom-left (BL) 207 corners;

while for an image 301 of the pedestrian, they are: head

9
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(HD) 208, left arm (LA) 209, right arm (RA) 210 and legs
(LG) 202 (see Figure 3).

To integrate temporal constraints the spatial graphical
models are extended over time to an arbitrary length

temporal window. The resulting spatio-temporal graphical

.models are shown in Figures 2A and 2B. Having a two-layer

graphical model allows the inference process to reason
explicitly about the object as a whole, e.g., 203, and
reduce the complexity of the graphical model by allowing
the assumption of the conditional independence of
components, e.g., 202 and 208-210, over time given the
overall object appearance. Alternatively, a single object
layer model can be built with bi-directional temporal
constraints.

As can be seen in Figures 2A and 2B, an object at a
current time is denoted as O,, with an earlier model denoted

as 0,44, and a later model denoted as O -

Learning Spatial and Temporal Constraints; Each directed
edge between components i and j has an associated potential

function v (XX ) that encodes the compatibility between
pairs of node states. The potential y,(X,X;) is modeled using

a mixture of M, Gaussians:

. ’ .'\I,‘j .
i (X X5) = AN (X3 5, i) o+ (1= 2 Y GV (X5 Figm (X, X5, G (X, X))

Froest

10
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where A is a fixed outlier probability, K; and A, are the

mean and covariance of the Gaussian outlier process, and

F. () and G,

ijm ijm

() are functions that return the mean and
covariance matrix respectively of the m-th Gaussian mixture
p :

component. d, is the relative weight of an individual

ijm

component and Y 5.:1¥ For experiments described herein

m=1"ijm

M; =2 mixture components were used.

Given a set of labeled images, where each component is
associated with a single reference point, an iterative
Expectation-Maximization (EM) method with K-means

initialization is implemented to learn () of the form:

ym

| T
L I 3 &
ijw (X‘ x?) =X+ g_{;{_{_ —Lzi g
rté_}’l’f? ‘tt)?gg ( 1 )

where /g .0 .M, is the mean position and scale of component

() is assumed to be diagonal

or object j relative to i. G,
matrix, representing the variance in relative position and
scale.

AdaBoost Image Likelihoods; A likelihood ¢,(X,) ﬁodels
the probabiiity of obeerving the image conditioned on the
stateAX; of the node i. A likelihood model according to an

embodiment of the present disclosure uses a boosted

classifier and is robust to partial occlusions and the

11
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variability of image statistics across many different
inputs. |

Boosted detectors are trained for each component. For
simplicity Adanost may be used without a cascade. Training

with a cascade would likely improve the computational

‘efficiency of the system. To reduce the number of false

positives produced by the detectors, a bootstrapping method
iteratively adds false positives that are collected by
running the trained strong classifier over the set of
background images (e.g., those not containing the desired
object) and the detectors are retrained using the old
positive and_the new extended negative sets.

Given a set of labeled patterns the AdaBoost procedure

"learns a weighted combination of base weak classifiers,

hU):ZﬁgnhAD, where I is an image pattern, and h,(I) is the
weak classifier chosen for the round k of boosting, and ¢,

is the corresponding weight. A weak classifier method is

implemented: hk(I)=pk([(fk(I))ﬂk]”ﬁk <0k) where fi(I) is a

feature of the pattern I computed by convolving [ with the
delta function over the extent of a spatial template; 6, is

a threshold, p, is the polarity indicating the direction of
inequality, and pf, € {1,2} allo&ing for a symmetric two sided

pulse classification.

¢

12
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The output of the AdaBoost classifier is a confidence

hAD that the given pattern [ is of the desired class. An

object is considered present if A(I)2iXf &, . This confidence

is converted into a likelihood function by normalizing the

a,'s, so that h(l)e [0]1], and exponentiating:

&; (I1X;) x exp(h(I)/T) (2)

where T is a temperature parameter that controls the
smoothness of the likelihood function, with smaller values
of T leading to a peakier distribution. Consequently the

likelihood can be annealed by deriving a schedule with

which T changes. An exponential annealing schedule TH:IBUK

has been detefmined where 7, is the initial temperature, v
is a fraction € (0,), and k is the annealing iteration, to
work well in practice.

Depending on an objeét one may or may not have a
1ikelihobd or a proposal process for the object layer
nodes. For.example, if the whole appearance of an object is
too complicated to model as a whole (e.g., arbitrary size
vehicles) and can only be modeled in terms of components, a
uniform likelihood can be assumed over the object state
space. In such cases the object layer nodes simply fuse the
componeﬁt information to produce estimates for the object

state that are consistent over time.

13
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Non-parametric BP; Inferring the state of the object and

its components in a framework is defined as estimating
belief in a graphical model. A form of non-parametric
belief propagation PAMPAS (proposed by M. Isard in “PAMPAS:
Real-valued graphical models for computer vision”, in the
Proceedings of IEEE International Conference on Computer
Vision and Pattern Recognition, vol. I, pp. 421-428, 2004.)
is implemented to deal with this task. The approacﬁ.is a
generalization of particle filtering, which allows
inference over arbitrary graphs rather then a simple chain.
In this generalization the message used in belief
propagation is approximated with a kernel density, formed
by propagating a particle set through a mixture of
Gaussians density, and the conditional distribution used in
standard particle filtering is replaced by product of
incoming messages. Most of the computational complexity
lies in sampling frém a product of kernel densities
required for message passing and belief estimation; we use
efficient sequential multiscale Gibbs sampling and epsilon-
exact -sampling to address this problem.

Individual messages may not constrain annode well,
however the product over all incoming messages into the
node tends to produce a very tight distribution in the

state space. For example, any given component of a vehicle

14
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is incapable of estimating the height of the vehicle
reliably, however once information from all components is
intergraded in the object layer node, an estimate for the
overail object size can be determined.

More formally a message m; is written as

my(X )= [y, (XX )pX) TI my(X)dX,  (3)

ke{A;\j)
where A, is the set éf neighbors of node i, {A\j} is the set
of neighbors of node i except node j, and ¢,(X,) is the local
evidence (or likelihood) associated with the node i, and
¥;(X,,X;) is the potential designating the compatibility
between the states of node i and Jj. The details of how the
message updates can be carried out by sﬁratified sampling
from belief and proposal function is illustrated in Figure
4,

Referring to Figure 4, a method for passing messages
between nodés of the graphical model includes determining a
likelihood associated with node i 401, observing an image
conditioned on the state ofbnode i 402,'determining a
poteﬁtial designating the compatibility between states of
nodes { and j, nodes i and k énd nodes i and [ 403. Messages
405 are passed between nodes to propagate information about

what states neighboring nodes would be 404.

15
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While it is possible to perform inference over thé
spatio-temporal model defined for the entire image
sequence, there are many applications for which this is not
an option due to the lengthy off-line processing needed. A
w-frame windowed smoothing algorithm is used where w is an
odd integer 21. There are two ways one can do windowed
smoothing: in an object-detection centric way or a tracking
centric way . In the former all nodes are re-initialized
every timé a window is shifted, hence the temporal
integration is only applied in the window of size w. In the
tracking centric way only the nodes associated with a new
frame are initialized, which tends to enforce temporai
consistency from before t—(w—lﬂ2.'Whi1e the tracking-

centric way tends to converge faster and produce more

- consistent results over time, it is also less sensitive to

objects entering and leaving the scene. Note that with w=1,
the algorithm resembles single frame component-based
fusion.

Proposal Process; To reliably detect and track the
object non—parametric BP makes use of the bottom-up
proposal process, that constantly looks for and suggests
alternative hypothesis for the state of the object and
components. Proposal distribution is modeled using a

weighted particle set. To form a proposal particle set for

16
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a component, a corresponding AdaBoost detector is run over
an image at a number of scales to produce a set of
detection results that score above the %Zﬁﬁn threshold.

While this set tends to be manageable ﬁor the entire
appearance model, it is large for non-specific component
detectors (e.g.,.a few thousand locations can easily be
found) . To reduce the dimensidnality only the top P scoring
detections are kept, where P is on the order of a 100 to
200. To achieve breadth of search sample pérticles from the
proposal were imporped using uniform distribution.
Referring to Figure 5, a computer implemented method for
objéct detection includes providing a spatio-temporal
model, e.g., see Figures 2A and 2B, for an object 501,
providing a video including a plurality of images including

the object 502, and measuring the object as a collection of

‘components in each image of the video 503. The method

further includes determining a probability that the object
is in each image 504 by using message passing between |
components represented as nodes of the spatio—temporal
model, and detecting the object in any image upon comparing

the probabilities for each image to a threshold for

~detecting the object 505.

Experiments; Tests were performed using a set of images
collected with a single car-mounted grayscale camera. The
17
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result of vehicle detection and tracking over a sequence of
55 consecutive frames was evaluated. A 3-frame spatio-
temporal object model was used and was shifted in a
tracking centric way over time. BP was run with 30
particles for 10 iterations at every frame. For comparison
a simple fusion scheme was implemented that averages the
best detection result from each of the four components to
produce an estimate for the vehicle position and scale
independeﬁtly at évery frame. The performance of the simple
fusion detection is poor suggesting that the noisy
component detectors often do not have the global maximum at
the correct positionAand scale. In contrast, the spatio-
temporél objéct model consistently combines the evidence
for accurate estimates throughout the sequeﬁce.

A 3-frame spatio-temporal ébject model was run at a
single instance in time for two pedestrians in two
different scenes. Similar to the vehicle detection BP was
run with 30 particles for 10 iterations. For both
experiments the temperature of the likelihood is set to
1,=0.2.

According to an embodiment of the present disclosure, an
object detection and tracking framework exploits boosted"
classifiers and non-parametric belief'propagation. The

approach provides component-based detection and integrates

18
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temporal information over an arbitrary size temporal
window. The performance of the framework'is illustrated
with two classes of objects: vehicles and pedestrians. In
both cases position and scale of the objects and their
components can be reliably inferred.

Having described embodiments for a system and method
for a object detection and tracking, it is noted that
modifications and variations can be made by persons skilled
in the art in light of the abo&e teéchings. It is therefore
to be understood that changes may be made in the particular
embodiments of the invention disclosed which are within the
scope and spi?it of the invention as defined by the
appended claims. Having thus described the invention(with
the details and particularity required by the patent laws,
what is claimed and desired protected by Letters Patent is

set forth in the appended claims.

19
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WHAT IS CLAIMED IS:

1. A computer implemented method for object detection
comprising:

providing a spatio-temporal model for an object to be
detected;
| providing a video comprising a plurality of images
including the object;

measuring the cbject as a collection of components in
each image;

determining a probability that the object is in each
image;.and

detecting the object in any image upon comparing the
probabilities for each image to a threshold for detecting

the object.

2. The computer implemehted method of claim 1, wherein
providing the spatio-temporal model for the object to be
detected comprises providing detectors for each of- the

collection of components.

20
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3. The computer implemented method of claim 1, wherein
the spatio-temporal model is a graphical model comprising
nodes corresponding to each of the collection of components

and to the object.

4. The computer implemented method of claim 1, wherein
determining the probability that the object is in each
image comprises detecting the object in a current image
according to measurements of the object as a collection of
components determined from a prior image and a later image

relative to the current image.

5. The computer implemented method of claim 1, wherein
providing the spatio—teﬁporal model for the object to be
detected further comprises providing a temporal window
defining a plurality of images in which measurements of
components detected therein are passed ta components

detected in the current image.

6. The computer implemented method of claim 1, wherein
determining the probability that the object is in each
image comprises determining the probability for a position

and a size of the object in each image.
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7. The computer implemented method of claim 1, wherein
the threshold is provided for the object to be detected,

wherein the threshold is determined empirically.

8. The computer implemented method of claim 1, wherein a
joint probability distribution for the spatio-temporal
model with N components is:
TS IR o T o e vO wCo w0 Cay _
1?{'X0,xl~,§’$xgi,...,x.m ,-:«.-._;X‘]’,X}FC,XTi3-u,}Xfi* ) —_
1 O w0 O i r Cr O o O
3 [ (X XT) [ [ n (KT, XE5) [ [ e (XE5, XE) [ [ (X9 [ [ 0:(XE%)
ij ik ik

ik i

9. A program storage device readable by machine, tangibly
embodying a program of instructions executablg by the
machine to perform method steps for object detection, the
method steps comprising:

providing a spatio-temporal model for an objeét to be
detected;

providing a video comprising a plurality of images

‘including the object;

measuring the object as a collection of components in
each image;
determining a probability that the object is in each

image; and
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detecting the object in any image upon comparing the
probabilities for each image to a threshold for detecting

the object.

10. The method of claim 9, wherein providing the spatio-
temporal model for the object to be detected comprises
providing detectors for each of the collection of

components.

11. The method of claim 9, wherein the spatio-temporal
model is a graphical model comprising nodes corresponding

to each of the collection of components and to the object.

12. The method of claim 9, wherein determining the
probability that the object is in each image comprises
detecting the object in a current image according to

measurements of the object as a collection of components

determined from a prior image and a later image relative to

the current image.

13. The method of claim 9, wherein providing the spatio-
temporal model for the object to be detected further
comprises providing a temporal window defining a plurality

of images in which measurements of components detected
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therein are passed to components detected in the current

image.

14. The method of claim 9, wherein determining the
probability that the object is in each image comprises
determining the probability for a position and a size of

the object in each image.

15. The method of claim 9, wherein the threshold is
provided for the object to be detected, wherein the

threshold is determined empirically.

16. The method of claim 9, wherein a joint probability
distribution for the spatio-temporal model with N

components is:

[ [0 [ C:;g (2 s O R fjm :
P(XE, X5, X, XE¥, L XD, XG0 XS, L XSy =

I : ) O O v Ca , e €y TT 4 et 5
5 [T X XP) [T (X, X7 [ [ XE, X5 [T s (X [ 66X
i ik : ikl i ik '
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GRAPHICAL OBJECT MODELS FOR DETECTION AND TRACKING

Abstract of the Disclosure

A computer implemented method for object detection
includes providing a spatio-temporal model for an objectAto
be detected, providing a video including a plurality of
images including the object, and measuring the object as a
collection of components in each image. The method further
includes determining a probability that the object is in
each image, and detecting the object in any image upon
comparing the probabilities for each image to a threshold

for detecting the object.
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Abstract

We pose the problem of 3D human tracking as one of in-
ference in a graphical model. Unlike traditional kinematic
tree representations, our model of the body is a collection of
loosely-connected limbs. Conditional probabilities relating
the 3D pose of connected limbs are learned from motion-
captured training data. Similarly, we learn probabilistic
models for the temporal evolution of each limb (forward
and backward in time). Human pose and motion estimation
is then solved with non-parametric belief propagation us-
ing a variation of particle filtering that can be applied over
a general loopy graph. The loose-limbed model and decen-
tralized graph structure facilitate the use of low-level vi-
sual cues. We adopt simple limb and head detectors to pro-
vide “bottom-up” information that is incorporated into the
inference process at every time-step; these detectors per-
mit automatic initialization and aid recovery from transient
tracking failures. We illustrate the method by automatically
tracking a walking person in video imagery using four cal-
ibrated cameras. Our experimental apparatus includes a
marker-based motion capture system aligned with the coor-
dinate frame of the calibrated cameras with which we quan-
titatively evaluate the accuracy of our 3D person tracker.

1 Introduction

We present a fully automatic method for tracking human
bodies in 3D. Initialization and failure recovery are facili-
tated by the use of a loose-limbed body model [22] in which
limbs are connected via leamed probabilistic constraints.
The tracking problem is formulated as one of inference in a
graphical model and belief propagation is used to estimate
the pose of the body at each time-step. Each node in the
graphical model represents the 3D position and orientation
of a limb (Figure 1). Directed edges between nodes repre-
sent statistical dependencies and these constraints between
limbs are used to form messages that are sent to neighbor-
ing nodes in space and time. Additionally, each node has an
associated likelihood defined over a rich set of image cues
using a learned Gibbs model [19, 28]. The combination of

Figure 1: Graphical model for a person. Nodes represent limbs
and arrows represent conditional dependencies between limbs. For
clarity only a few temporal dependencies have been shown: in our
model each part ¢ at time ¢ is connected by an edge to part i at
timest ~1land ¢+ 1.

highly non-Gaussian likelihoods and a six-dimensional con-
tinuous parameter space (3D position and orientation) for
each limb makes standard belief propagation algorithms in-
feasible. Consequently we exploit a form of non-parametric
belief propagation that uses a variation of particle filtering
and can be applied over a loopy graph [13, 25].

There are a number of significant advantages to this ap-
proach as compared to traditional methods for tracking hu-
man motion. Most current techniques model the body as a
kinematic tree in 2D {14], 2.5D [17], or 3D [2, 5, 21, 23]
leading to a high-dimensional parameter space (25-50 di-
mensions is not uncommon). Searching such a space di-
rectly is impractical and so current methods typically rely
on manual initialization of the body model. Additionally,
they often exploit strong priors characterizing the types of
motions present. When such algorithms lose track (as they
always do), the dimensionality of the state space makes it
difficult to recover.

While the full body pose is hard to recover directly, the
location and pose of individual limbs is much easer to com-
pute. Many good head detectors exist and limb detectors
have been used for some time (e.g. [18]). The approach
we take here can use bottom up information from feature

Meta 1002

p- 41



detectors of any kind and consequently should be able to
cope with a rich variety of input images. In our imple-
mentation we exploit background/foreground separation for
computational simplicity but part detectors which perform
well against arbitrary backgrounds are becoming standard
[18, 26].

With a kinematic tree model, exploiting this partial,
“bottom-up” information is challenging. If one could
definitively detect the body parts then inverse kinematics
could be used to solve for the body pose, but in practice
low-level part detectors are noisy and unreliable. The use
of a loose-limbed model and belief propagation provides an
elegant framework for incorporating information from part
detectors. Because the inference algorithm operates over a
general graph rather than a forward chain as in traditional
particle filter trackers, it is also straightforward to perform
forward-backward smoothing of the limb trajectories with-
out modifying the basic approach.

A loose-limbed body model requires a specification of
the probabilistic relationships between joints at a given time
instant and over time. We represent these non-Gaussian re-
lationships using mixture models that are learned from a
database of motion capture sequences. It is worth noting
that these models encode information about joint limits and
represent a relatively weak prior over human poses, which
is appropriate for tracking varied human motions.

The model also requires an image likelihood measure for
each limb. Using training data of known limb poses in im-
ages, we learn a novel likelihood model that captures the
joint statistics of first and second derivative filter responses
at multiple scales. We formulate and learn the likelihoods
using a Gibbs model based on the maximum entropy prin-
ciple [28].

We test the method by tracking a subject viewed from
four calibrated cameras in an indoor environment with no
special clothing. Quantitative evaluation is performed using
a novel motion capture testbed that provides “ground truth”
human motion from a commercial motion capture system
that is synchronized with the video streams !. In particular
we compare the accuracy of our method with that of a more
standard kinematic tree body tracker using annealed particle
filtering [5]. We find that the traditional approach looses
track rapidly compared with the loose-limbed model when
the image quality is poor.

Previous work

Disaggregated models are not new for finding or tracking
articulated objects and date back at least to Fischler and
Elschlager’s pictorial structures [8]. Variations on this type
of model have been recently applied by Burl er al. [I1],
Felzenszwalb and Huttenlocher [7], Coughlan and Ferreira

! Available at http://www.cs.brown.edu/research/vision/motioncapture/.

[3], Ioffe and Forsyth [10, 11, 12] and Ramanan and Forsyth
[18]. Ioffe and Forsyth [10, 11] first find body parts and
then group them into figures in a bottom-up fashion. The
approach exploits the fact that they have a discrete set of
features that need to be assembled, but it prevents them
from using rich likelihood information to ‘““co-operate” with
the body model when estimating the pose. Ramanan and
Forsyth [18] propose an elegant estimation of appearance
models jointly with the body’s trajectory, but their inference
algorithm relies on the fact that the 2D model has a rela-
tively low-dimensional state-space for each body part. A
similar approach to ours has been adopted in [27] for track-
ing a 2D human silhouette using a dynamic Markov net-
work. A much simplified observation model was adopted in
[27] and their system does not perform automatic initializa-
tion. They adopt a somewhat different inference algorithm
and a comparison between the two methods merits future
research.

In previous work [22] we presented the general loose-
limbed body model and belief propagation algorithm but
only addressed the problem of human pose estimation at a
single time instant; here we extend the inference method
over time to perform visual tracking. In [22], the potential
functions linking limbs were constructed manually whereas
here they are learned from training data and are also ex-
tended in time. Here we also propose a multi-view eigen-
method to implement bottom-up body part detectors and we
exploit a learned Gibbs likelihood model [19].

2 Loose-limbed body model

Following the framework in [22] the body is represented by
a graphical model in which each graph node corresponds to
a body part (upper leg, torso, etc.). Each part has an asso-
ciated configuration vector defining the part’s position and

orientation in 3-space. Placing each part in a global coor- .

dinate frame enables the part detectors to operate indepen-
dently while the full body is assembled by inference over
the graphical model. Edges in the graphical model corre-
spond to position and angle relationships between adjacent
body parts in space and time, as illustrated in Figure 1.

In order to describe the body parts in a graphical model,
we assume the variables in a node are conditionally inde-
pendent of those in non-neighboring nodes given the values
of the node’s neighbors. Each part/limb is modeled by a ta-
pered cylinder having 5 fixed and 6 estimated parameters.
The fixed parameters ®; = (I;, wf, wd, of, of) correspond
respectively to the part length, width at the proximal and
distal ends and the offset of the proximal and distal joints
along the axis of the limb as shown in Figure 2. The esti-
mated parameters X7 = (xT, ©7) represent the configura-
tion of the part 7 in a global coordinate frame where x; € R3
and ©; € SO(3) are the 3D position of the proximal joint
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Figure 2: Parameterization of part 1.

and the angular orientation of the part respectively. The ro-
tations are represented by unit quaternions.

Each directed edge between parts ¢ and j has an as-
sociated potential function ;;(X;, X;) that encodes the
compatibility between pairs of part configurations and intu-
itively can be thought of as the probability of configuration
X of part j conditioned on the X; of part i. The poten-
tial ¥;;(X;, X;) is in general non-Gaussian and is approxi-
mated by a mixture of M;; Gaussians:

¥ii (Xi, X5) = AN (X5 5, Aij) + 1)
M;;
(1=2%) 3 8jmN (Xj: Fijm (Xs), Gijm (X1))
m=1

where A° is a fixed outlier probability, p;; and A;; are the
mean and covariance of the Gaussian outlier process, and
Fijm(-) and G;jm(-) are functions that return the mean and
covariance matrix respectively of the m-th Gaussian mix-
ture component. 8;;, > 0 is the relative weight of an indi-

vidual component and "M dijm = 1.

2.1 Learning limb conditionals

Given a ground truth parameter vector X ; for part j, we can
construct the 3D object-to-world transform M (X;) defin-
ing the pose of the limb j as

M(X;) = M(X;)M(X;;5) 2)

where M (X;) is the pose of the neighboring spatial or tem-
poral part, and X;; encodes the position and orientation of
part j in ¢’s coordinate frame. We can approximate the po-
tential compatibility functions:

¥i (X X5) =~ p(X,;1Xs)
= p(M(X;)|M(Xy))
= p(MX)M(Xy)|M(X))
~ p(M(Xi;)) =p(Xi5) 3)
by leaming the distribution over X;; to fix the Fijm(-)

and Gijm(-) functions from (1). We model all spatial
and temporal potentials using mixtures of Gaussians with

temporal

Figure 3: Learned Spatial and Temporal Potentials. Spatial and
temporal potentials are illustrated by sampling from them. The
potentials for the lower limbs (arms and legs) and head are shown.
The spatial potentials show the distribution of limb positions and
orientations conditioned on the neighboring limb. Green spheres
indicate the joint position of a sample while the red spheres in-
dicate the distal end of the limb for each sample. The spread of
these samples illustrates the learned distribution encoded by the
potentials. The temporal potentials shown are for the forward time
direction.

M;; = 3 components, and for example the first compo-
nent F,‘jl (X]) = M‘l(M(X,-)M(X,-ﬂ)) where X,‘jl is
the mean of the first learned component of p(X;;). The dis-
tributions are learned using S = 4928 ground truth motion
capture frames of walking data collected at 60 Hz.

We use a standard iterative Expectation-Maximization
(EM) algorithm with K-means initialization for learning the
Gaussian mixture model (GMM), however care must be
taken to estimate the mean and covariance of the quater-
nion orientations. Given a set of S unit quaternions Q) =
{90,91,--.,95} where ¢ = [qiz,i,y» i,zr Giu]s We €X-
tend the approximation presented in [4] to approximate the
mean of @ by

~l J Qix 2 iy 2 gi,z
EfQl~ 5 Z—,Z—q_ B2 sl @
i=0 HW

im0 Tiw im0 Tiw

This approximation suffers from a singularity when any
gi,w — 0. To mitigate the effect of this singularity we com-
pute E¢[Q] in a normalized quaternion space constructed
to minimize maxg,eq(gi - [0,0,0,1]7). Similarly we ap-
proximate the covariance of Q by computing the deviations
G = ¢ * E,[Q)] and set Cov,[Q] ~

t

LS ([Giz Gy Gic ) [ie Gy G

iy [———][————} L ®
S\ LGiw Giw Giwl] [Giw Giw Giw

While our learning algorithm is general enough to learn
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distributions that have couplings between positional and ro-
tational components of the state space, resulting in block-
diagonal covariance matrices, for computational purposes
we restrict ourselves to the diagonal-covariance distribu-
tions. For sampling and evaluating the probability of the
GMM we refer the reader to [4].

Figure 3 shows a few of the learned potential distribu-
tions. Samples are shown from several limb-to-limb po-
tentials. For example, the lower leg distribution is shown
conditioned on the pose of the upper leg. The proximal end
of the shin (green circle) is predicted with high confidence
given the thigh location, but there is a wide distribution over
possible ankle locations, as expected.

3 Image Likelihoods

The inference algorithm outlined in the next section com-
bines the body model described above with a probabilistic
image likelihood model. We define ¢;(X;) to be the likeli-
hood of observing the image measurements conditioned on
the pose of limb . Ideally this model would be robust to
partial occlusions, the variability of image statistics across
different input sequences, and variability among subjects.

To that end, we combine a variety of cues including
multi-scale edge and ridge filters following [20]. However,
we explicitly model the conditional dependencies between
the various filter responses by learning the joint density us-
ing a Gibbs model [19, 28] of the form

p(f | Xi) X exp (_ Z(’\(i)’ {(i) (fv X‘l))) )

where f represents a vector of filter responses, the £(*) are
functions selecting various marginals and the A(¥) are their
learned weights. Since this likelihood is trained also in sit-
uations where the limb is partially or fully occluded, it is
fairly robust to these conditions.

Separate foreground models are learned for the appear-
ance of each limb. In addition, a pooled background model
is learned from non-limb patches sampled from the training
images. These are combined into a limb likelihood by tak-
ing the likelihood ratio [19]. These likelihood ratios along
with background subtraction information are then combined
across views, assuming independence of the views condi-
tioned on the limb position.

4 Non-parametric BP
Inferring the body pose in our framework is defined as esti-

mating belief in the graphical model. To cope with the con-
tinuous 6D parameter space of each limb, the non-Gaussian

,é‘
i

% A
Left Leg to irom e Right Leg u;Torso

Figure 4: Message Product. The head, upper arms, and upper

legs send messages to the torso. Samples from these messages

are illustrated by showing the predicted torso location with green
balls. The distribution over the orientation of the torso is illustrated
by showing a red ball at the distal end of the torso for each sample.
While any single message respresents uncertain information about
the torso pose, the product of these messages tightly constrains the
torso position and orientation.

conditionals between nodes, and the non-Gaussian likeli-
hood, we use a form of non-parametric belief propagation
[13, 25]. The approach is a generalization of particle filter-
ing [6] which allows inference over arbitrary graphs rather
than a simple chain. In this generalization the “message”
used in standard belief propagation is approximated with a
particle set, and the conditional distribution used in stan-
dard particle filtering is replaced by a product of incom-
ing message sets. The two formulations [13, 25] have dif-
ferent strengths; we adopt the PAMPAS algorithm [13] be-
cause it maps better to our models where the potentials are
small mixtures of Gaussians and the likelihoods are simple
to evaluate up to an unknown normalization. NBP [25] is
more suitable for applications with complex potential func-
tions. We use the Gibbs sampler from [25] to evaluate prod-
ucts of D > 2 messages.

The message passing framework is illustrated in Figure 4
where the head, upper arms and upper legs all send mes-
sages to the torso. These messages are distributions that are
represented by a set of weighted samples as in particle fil-
tering. Belief propagation requires forming the product of
these incoming messages. As Figure 4 shows, the individ-
ual limbs may not constrain the torso very precisely. The
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product over all the incoming messages however produces
a very tight distribution over the torso pose.
A message m;; from node i — j is written

mei ;) = [ 9% X)) ] mu(Xi)ax,

ke Ai\j

where A; is the set of neighbors of node i and ¢;(X;)
is the local likelihood associated with node i. The mes-
sage m;;(X;) can be approximated by importance sam-
pling N’ = (N — 1)/M;; times from a proposal function
f(X,), and then doing importance correction. As discussed
in [13] the N’ samples may be stratified into groups with
different proposal functions f(-), so some proportion Ag N’
of samples come from the product of all incoming messages
A; into the node, A\; N’ come from A;\j (i.e. A; excluding
7) and AgN' from an importance function Q;(X;) which
is in general a function of the time-step ¢ — we use a limb
proposal distribution based on local image measurements
desribed in Section 5. For algorithmic details see [13].

The basic algorithm leaves open the question of what
proportions to use in the stratified sampler and what or-
der to update the messages in. We use a 3-frame win-
dowed smoothing algorithm for our tracking results where
the estimates at time ¢ are based on observations at times
(t — 1,t,t + 1). There are 30 nodes in the graph (10 body
parts at each time-step) and 94 edges (18 between adjacent
body parts within each time-step and two between each part
at each consecutive time-step). All the messages are up-
dated in batch, and this batch update takes place 4 times in
4 belief-propagation iterations. For the first iteration, the
proportion of limb proposal samples is Ag = 0.50 and this
proportion halves for each subsequent iteration. In each it-
eration the proportion of samples taken from the belief esti-
mate is A\g = 1/2(1 — Ag) and the remainder A; are taken
from the incoming message product.

The algorithm must sample, evaluate, and take products
over Gaussian distributions defined over SO(3) and repre-
sented in terms of unit quaternions. We adopt the approx-
imation given in [4] for dealing with rotational distribu-
tions by treating the quaternions locally linearly in R* —
this approximation is only valid for kernels with small rota-
tional covariance and can in principle suffer from singulari-
ties if product distributions are widely distributed about the
sphere, but we have not encountered problems in practice.

S Bottom-up Part Detectors

Occlusion of body parts, changes in illumination, and a
myriad of other situations may cause a person tracker to
lose track of some, or all, parts of a body. We argue that re-
liable tracking requires bottom-up processes that constantly

Figure 5: Multi-view Eigenfeatures. We learn the correlations be-
tween the projections of an object in our fi xed cameras by concate-
nating the four views at each time-step into a single ‘multi-view”

image vector. Top row: mean multi-view head. Next three rows:
fi rst three principal components.

search for body parts and suggest their location and pose to
the tracker; we call these “shouters” 2.

One expects shouters to be noisy in that they will some-
times fail to detect parts or will find spurious parts. Fur-
thermore they will probably not be able to differentiate be-
tween left and right arms. Both of these behaviours can
be seen in Figure 6a. Even these noisy “guesses” provide
valuable low-level cues, however, and our belief propaga-
tion framework is designed to incorporate this bottom-up
information in a principled way. As described in Section 4
we use a stratified sampler for the messages to graph node
i at time ¢ that draws some samples from an importance
function Q¢(X;). This importance function is constructed
by the node’s shouter process, and draws samples from lo-
cations in pose space (3D location and orientation) near the
detected body parts.

Multi-View Eigenspaces

There are many approaches to body-part detection in single
or multiple images. We have implemented simple eigen-
template detectors for the head, upper arms, and lower legs;
other shouters could be added as desired. Given calibrated
training images with known body-part locations, we build
a set of multi-view training images. Specifically, we con-
struct a single training sample from the four camera views
by concatenating the image regions of the part in each view.
We perform PCA on these multi-view images as described
in [16], keeping 9-40 principal components, depending on
the detector, which describe approximately 80% of the vari-
ation in the training data. Figure 5 shows the first few prin-
cipal components of our head detector model; each part de-
tector is orientation independent.

2This term came from discussions with A. Jepson and D. Fleet.
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Using the training data we construct a bounding box in
3-space where we expect each part to appear. We exploit
the fact that the background is static, model it using a mix-
ture model at each pixel, and perform standard foreground
detection [24]. Selecting any camera view, we examine all
foreground pixels within the projected bounding box region
for the given body part. Each pixel defines a ray in 3D
and we search along this ray for matches to our orientation-
independent eigen-model, rejecting any location on the ray
which does not project to a foreground pixel in every view.
For each of the 10 most probable 3D locations we find the
5 closest multi-view matches from the training set and use
their orientations to construct 50 candidate poses for the
proposal mixture distribution Q. (X;).

6 Experiments and Evaluation

Figure 6a shows the automatic initialization of the 3D body
model using bottom-up part detectors. Note that we use
only detectors for the head, upper arms, and calfs and that
these detectors are very inaccurate. While they give a rough
3D location and orientation for the limbs, they cannot differ-
entiate left from right limbs reliably. Note also that the right
calf was not detected. For body parts with no bottom-up de-
tector, the initialization is random (Figure 6b). After several
iterations of belief propagation, the algorithm “finds” the
limbs and has a reasonable distribution over the limbs poses
(Figure 6¢ and d). Figure 7 shows the results of tracking
over 25 frames after automatic initialization.

There are no standard performance metrics for video-
based 3D human tracking. Ramanan and Forsyth [18] report
tracking success whenever there is any overlap between a
limb and the ground truth; this seems overly generous. We
propose a quantitative evaluation of accuracy based on the
absolute distance of true and estimated marker locations on
the limbs. We chose 15 markers corresponding roughly to
the locations of the joints and “ends” of the limbs. For each
limb we sample from the belief and compute the normalized
likelihood of each sample to obtain a weight. These weights
are then used to compute an expected absolute distance in
mm for the markers associated with the limb. The expected
deviations are then summed over all defined virtual markers
to produce the final distance-based error measure.

Figure 8 shows accuracy of the intialization (left) and
tracking results (right). After a few iterations of belief prop-
agation, the initialization error decreases and stays stable.
We also observe that the error in the estimated pose in-
creases only slightly over the tracking sequence.

To compare our method against the state of the art, we
independently implemented a kinematic tree based tracker
that uses annealed particle filtering [5]. This allows a quan-
titative performance comparison between the methods. Our
implementation of [5] uses the same image likelihood as’

Otutancs
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Figure 8: Quantitative tracking evaluation. (left) Automatic ini-
tialization error as a function of iterations of the belief propagation
algorithm. (right) Tracking error over a 50-frame sequence. The
dotted black and dashed blue lines show the error for the loose-
limbed method with and without shouters respectively. The red
solid line shows the error for the kinematic tree method [5].

used with the loose-limbed model and both trackers are ini-
tialized with the same ground-truth pose obtained by the
motion capture system. As suggested in [5] the annealing
process uses 10 layers and 200 particles. The distance error
was computed using the same markers but here we sampled
from the particle set, computed the likelihood, and normal-
ized to obtain the weights used in computing the expected
absolute marker distance. We found that the performance
of the tracker was much poorer than that obtained in [5] and
posit that this was due to the more complex image data in
our experiments and the lack of contrast between the fore-
ground and background; see Figure 8.

In Figure 8 the performance of the loose-limbed tracker
is shown with and without body part detectors. Due to
the stochastic nature of the algorithms, the mean and the
standard deviation of the error was computed over 10 runs.
Initially the kinematic tree model appears more accurate.
This is due to the fact that the “ground truth” has the same
kinematic structure while the loose-limbed model is able
to deviate from that. The annealed particle filter however
steadily moves away from the ground truth and becomes
lost. Both versions of the loose-limbed tracker outperform
the competing algorithm after the first three frames. Loose-
limbed tracking with part detection slightly outperforms the
tracker that does not rely on the part detection. In most cases
the variance of the latter is slightly higher. We predict that
this difference would be more significant if we had better
part detectors.

7 Conclusion

We present a probabilistic method for fully automatic 3D
human detection and tracking. We show that a “loose-
limbed” model with continuous-valued parameters can ef-
fectively represent a person’s location and pose, and that
inference over such a model can be tractably performed us-
ing belief propagation over particle sets. The belief prop-
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Figure 6: Automatic Initialization from bottom-up detectors. Each row corresponds to a different camera view (2 of the 4 views
shown). The initialization used two frames but only the fi rst frame is shown for brevity. (a) Samples from the shouter proposal distribution
(head, upper arms, calves only). Notice that they completely fail to detect one calf while the other is detected by both left and right calf
detectors. The upper arms are found but the edge is not well determined. The head is well localized. (b) Samples from the full proposal
distribution. The body parts not constrained by shouters are sampled from a uniform distribution in position and orientation. (c) Samples
from the belief distribution after 30 iterations of belief propagation. (d) Most likely limb poses after 30 iterations.

agation framework allows us to avoid distinguishing be-
tween initialization and tracking, but instead to use bottom-
up part detectors to stabilize the motion estimation and pro-
vide “initialization” cues at every time-step.

The main advantages of our approach are: the complex-
ity of the search task is linear rather than exponential in the
number of body parts; bottom-up processes are integrated
at every frame allowing automatic initialization and recov-
ery from transient tracking failures; the conditional proba-
bilities between limbs in space and time are learned from
training data; a novel Gibbs likelihood model is learned
from training data and models conditional dependencies be-
tween image measurements (filter responses); and forward-
backward smoothing, either over a time-window or an en-
tire sequence, is straightforward. Additionally, we exploit
a novel data set with synchronized 3D “ground truth” and
video data for the quantitative evaluation of performance.
We also compared our method with the state of the art as
proposed in [5].

While our preliminary results are promising, details of
our implementation could be improved. We have used
simple detectors for the head and limbs, but we expect
that hands and feet would provide valuable additional cues.
Other machine learning methods such as AdaBoost [26],

might prove faster and more robust than the eigenfeatures
we adopt. For greater applicability the method must be ex-
tended to use monocular image data and to allow a moving
camera.

There are also limitations imposed by our use of a loose-
limbed model. Since we assume independence of, for ex-
ample, the left and right arms conditional on the torso loca-
tion, it is cumbersome to fully avoid poses where one limb
penetrates another. These problems are much easier to ad-
dress with a full kinematic tree body model, and therefore
one might think of the loose-limbed model as an interme-
diate stage between the bottom-up part detectors and a full
kinematic model. The details and implementation of such a
scheme are postponed to future research.
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Abstract. The problem of tracking a varying number of non-rigid ob-
jects has two major difficulties. First, the observation models and target
distributions can be highly non-linear and non-Gaussian. Second, the
presence of a large, varying number of objects creates complex inter-
actions with overlap and ambiguities. To surmount these difficulties, we
introduce a vision system that is capable of learning, detecting and track-
ing the objects of interest. The system is demonstrated in the context of
tracking hockey players using video sequences. Qur approach combines
the strengths of two successful algorithms: mixture particle filters and
Adaboost. The mixture particle filter [17] is ideally suited to multi-target
tracking as it assigns a mixture component to each player. The crucial
design issues in mixture particle filters are the choice of the proposal
distribution and the treatment of objects leaving and entering the scene.
Here, we construct the proposal distribution using a mixture model that
incorporates information from the dynamic models of each player and the
detection hypotheses generated by Adaboost. The learned Adaboost pro-
posal distribution allows us to quickly detect players entering the scene,
while the filtering process enables us to keep track of the individual play-
ers. The result of interleaving Adaboost with mixture particle filters is a
simple, yet powerful and fully automatic multiple object tracking system.

1 Introduction

Automated tracking of multiple objects is still an open problem in many settings,
including car surveillance [10], sports [12, 13] and smart rooms [6] among many
others [5,7,11]. In general, the problem of tracking visual features in complex
environments is fraught with uncertainty [6]. It is therefore essential to adopt
principled probabilistic models with the capability of learning and detecting the
objects of interest. In this work, we introduce such models to attack the problem
of tracking a varying number of hockey players on a sequence of digitized video
from TV. :

Over the last few years, particle filters, also known as condensation or se-
quential Monte Carlo, have proved to be powerful tools for image tracking (3,
8,14, 15]. The strength of these methods lies in their simplicity, flexibility, and
systematic treatment of nonlinearity and non-Gaussianity.
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Various researchers have attempted to extend particle filters to multi-target
tracking. Among others, Hue et. al [5] developed a system for multitarget track-
ing by expanding the state dimension to include component information, as-
signed by a Gibbs sampler. They assumed a fixed number of objects. To manage
a varying number of objects efficiently, it is important to have an automatic
detection process. The Bayesian Multiple-BLob tracker (BraMBLe) [7] is an
important step in this direction. BraMBLe has an automatic object detection
system that relies on modeling a fixed background. It uses this model to identify
foreground objects (targets). In this paper, we will relax this assumption of a
fixed background in order to deal with realistic TV video sequences, where the
background changes.

As pointed out in [17], particle filters may perform poorly when the posterior
is multi-modal as the result of ambiguities or multiple targets. To circumvent this
problem, Vermaak et al introduce a mixture particle filter (MPF), where each
component (mode or, in our case, hockey player) is modelled with an individual
particle filter. that forms part of the mixture. The filters in the mixture interact
only through the computation of the importance weights. By distributing the
resampling step to individual filters, one avoids the well known problem of sample
depletion, which is largely responsible for loss of track [17].

In this paper, we extend the approach of Vermaak et al. In particular, we use
a cascaded Adaboost algorithm [18] to learn models of the hockey players. These
detection models are used to guide the particle filter. The proposal distribution
consists of a probabilistic mixture model that incorporates information from
Adaboost and the dynamic models of the individual players. This enables us to
quickly detect and track players in a dynamically changing background, despite
the fact that the players enter and leave the scene frequently. We call the resulting
algorithm the Boosted Particle Filter (BPF).

2 Statistical Model

In non-Gaussian state-space models, the state sequence {x;;t € N}, x; € R™*, is
assumed to be an unobserved (hidden) Markov process with initial distribution
p(x0) and transition distribution p(x:|x;—1), where ny is the dimension of the
state vector. In our tracking system, this transition model corresponds to a
standard autoregressive dynamic model. The observations {y:;t € N*},y; €
R™v, are conditionally independent given the process {x:;t € N} with marginal
distribution p(y¢|x:), where ny is the dimension of the observation vector.

2.1 Observation model

Following [14], we adopt a multi-color observation model based on Hue-Saturation-
Value (HSV) color histograms. Since HSV decouples the intensity (i.e., value)
from color (i.e., hue and saturation), it is reasonably insensitive to.illumination
effects. An HSV histogram is composed of N = NyN; + N, bins and we denote
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Color histogram of a player (LEFT: white uniform RIGHT: red uniform)

Fig. 1. Color histograms: This figure shows two color histograms of selected rect-
angular regions, each of which is from a different region of the image. The player on left
has uniform whose color is the combination of dark blue and white and the player on
right has a red uniform. One can clearly see concentrations of color bins due to limited
number of colors. In (a) and (b), we set the number of bins, N = 110, where N, N;,,
and N, are set to 10.

b:(d) € {1,... N} as the bin index associated with the color vector y;(k) at a
pixel location d at time t. Figure 1 shows two instances of the color histogram.
If we define the candidate region in which we formulate the HSV histogram as

R(x;) 2 1; + s;W, then a kernel density estimate K(x;) £ {k(n;x¢)}n=1,.. .~ of
the color distribution at time t is given by [1,14]:
kx)=n Y Ofbi(d)—n] )

deR(x:)

where ¢ is the delta function, n is a normalizing constant which ensures k to
be a probability distribution, ZnN.__l k(n;x:) =1, and a location d could be any
pixel location within R(x;). Eq. (1) defines k(n; x;) as the probability of a color
bin n at time .

If we denote K* = {k*(n;X0) }n=1,...,~ as the reference color model and K(x;)
as a candidate color model, then we need to measure the data likelihood (i.e.,
similarity) between K* and K(x;). As in [1,14], we apply the Bhattacharyya
similarity coefficient to define a distance £ on HSV histograms. The mathematical
formulation of this measure is given by [1]:

N 3
EK*, K(a)] = |1 YV (ni %0)k(n; x;) (2)
n=1

Statistical properties of near optimality and scale invariance presented in [1]
ensure that the Bhattacharyya coeflicient is an appropriate choice of measuring
similarity of color histograms. Once we obtain a distance £ on the HSV color
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histograms, we use the following likelihood distribution given by [14]:
p(ye|x:) e K" K(x.)] 3)

where A = 20. X is suggested in [14,17], and confirmed also on our experiments.
Also, we set the size of bins Ny, Ny, and N, as 10.

The HSV color histogram is a reliable approximation of the color density
on the tracked region. However, a better approximation is obtained when we
consider the spatial layout of the color distribution. If we define the tracked
region as the sum of r sub-regions R(x:) = Z;=1 Rj(x¢), then we apply the
likelihood as the sum of the reference histograms {k']* }i=1,...,r associated with
each sub-region by [14]:

P(ye|xe) oc eXZi=1 —3 K5 K, (xe)] @

Eq. (4) shows how the spatial layout of the color is incorporated into the data
likelihood. In Figure 2, we divide up the tracked regions into two sub-regions
in order to use spatial information of the color in the appearance of a hockey
player.

Fig. 2. Multi-part color likelihood model: This figure shows our multi-part color
likelihood model. We divide our model into two sub-regions and take a color histogram
from each sub-region so that we take into account the spatial layout of colors of two
sub-regions.

For hockey players, their uniforms usually have a different color on their
jacket and their pants and the spatial relationship of different colors becomes
important.

2.2 The Filtering Distribution

We denote the state vectors and observation vectors up to time ¢t by xg.. £
{x0...x:} and yo.:. Given the observation and transition models, the solution
to the filtering problem is given by the following Bayesian recursion (3]:

P(yelxe)p(x:yo.e-1)

p(ytlyo:t—1)
_ p(ye|xe) fp(xtlxt-l)P(xt—l|y0;t_1)dxt_1
- I o(yelxe)p(xelyo.e—1) dx:

P(Xt|)’o:t) =
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To deal with multiple targets, we adopt the mixture approach of [17]. The
posterior distribution, p(x:|yo.¢), is modelled as an M-component non-parametric

mixture model:
M

P(xt|)’0:t) = Z Hj,tpj(xt|YO:t) (6)
i=1

where the mixture weights satisfy E:{:l I, ; = 1. Using the the filtering dis-
tribution, p;(x¢-1|yo:t~1), computed in the previous step, the predictive distri-

bution becomes
M

p(x¢|yot-1) = Z It 1p;(%t|y0:t—1) (M
i=1

where pj(xt|yo:t-1) = [ P(%t|x¢—1)pj(Xt—1|Yo:t—1)dx¢—1. Hence, the updated
posterior mixture takes the form

Zjﬂil IT; s 1 p; (¥4 }%e)p5 (Xe|Yo0:t-1)
EkM=1 Hk,t-—l ka()’t |xt)Pk (Xt|)'o:t—1) dx,
_ i [ I 11 [ pj(ye|%e)ps(xe|yoe—1) dxe ]
Eﬁil M-y [ pr(yelxe)pr(%e]yo:e—1) dx;

p(xt|y0:t) =

= (8)
» [ P;(ye|%e)pj(xt]y0:6-1) ]
J i (ye|xe)pj(%e|yo:e—1) dxe
M
= ZHj,tpj(xtIYO:t)
i=1

where the new weights (independent of x;) are given by:

i, = | it J P (ye|%e)p; (Xe|yo:e—1) dxe
” ZkM=1 I i1 [ Pr(ye|xe)pr (xe|yo:t—1) dxe

Unlike a mixture particle filter by [17], we have M different likelihood distri-
butions, {p;(y¢|x¢)};j=1...m. When one or more new objects appear in the scene,
they are detected by Adaboost and automatically initialized with an observa-
tion model. Using a different color-based observation model allows us to track
different colored objects.

3 Particle Filtering

In standard particle filtering, we approximate the posterior p(x¢|yo:t) with a
Dirac measure using a finite set of N particles {x}}i=1...~. To accomplish this,
we sample candidate particles from an appropriate proposal distribution X} ~

q(x¢[%0:t-1, Yo:t) (In the simplest scenario, it is set as g(x¢|X0.t—1, Yo:t) = p(xe[x¢-1),
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yielding the bootstrap filter (3]) and weight these particles according to the fol-
lowing importance ratio:
2iV (2 |y
o = wi_lp(yflthp(&I&_l) ©)
q(xt |x0:t—l’ yO:t)

We resample the particles using their importance weights to generate an un-
weighted approximation of p(x¢|yo.¢)- In the mixture approach of [17], the parti-
cles are used to obtain the following approximation of the posterior distribution:

M
p(xe|y1:e) = Z I Z Wby (xt)

J=1 i€T;

where T; is the set of indices of the particles belonging to the j-th mixture
component. As with many particle filters, the algorithm simply proceeds by
sampling from the transition priors (note that this proposal does not use the
information in the data) and updating the particles using importance weights
derived from equation (8); see Section 3 of [17] for details.

In [17], the mixture representation is obtained and maintained using a simple
K-means spatial reclustering algorithm. In the following section, we argue that
boosting provides a more satisfactory solution to this problem.

4 Boosted Particle Filter

The boosted particle filter introduces two important extensions of the MPF.
First, it uses Adaboost in the construction of the proposal distribution. This
improves the robustness of the algorithm substantially. It is widely accepted
that proposal distributions that incorporate the recent observations (in our case,
through the Adaboost detections) outperform naive transition prior proposals
considerably [15, 16]. Second, Adaboost provides a mechanism for obtaining and
maintaining the mixture representation. This approach is again more powerful
than the naive K-means clustering scheme used for this purpose in [17]. In par-
ticular, it allows us to detect objects leaving and entering the scene efficiently.

4.1 Adaboost Detection

We adopt the cascaded Adaboost algorithm of Viola and Jones [18], originally
developed for detecting faces. In our experiments, a 23 layer cascaded classifier
is trained to detect hockey players. In order to train the detector, a total of 6000
figures of hockey players are used. These figures are scaled to have a resolution
of 10 x 24 pixels. In order to generate such data in a limited amount of time,
we speed the selection process by using a program to extract small regions of
the image that most likely contain hockey players. Simply, the program finds
regions that are centered on low intensities (i.e., hockey players) and surrounded
by high intensities (i.e., rink surface). However, it is important to note that the
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data generated by such a simple script is not ideal for training Adaboost, as
shown in Figure 3. As a result, our trained Adaboost produces false positives
alongside the edge of the rink shown in (c) of Figure 4. More human intervention
with a larger training set would lead to better Adaboost results, although failures
would still be expected in regions of clutter and overlap. The non-hockey-player
subwindows used to train the detector are generated from 100 images manually
chosen to contain nothing but the hockey rink and audience. Since our tracker
is implemented for tracking hockey scenes, there is no need to include training
images from outside the hockey domain.

i - E’&aﬁf

Fig. 3. Training set of images for hockey players: This figure shows a part of
the training data. A total of 6000 different figures of hockey players are used for the
training.

The results of using Adaboost in our dataset are shown in Figure 4. Adaboost
performs well at detecting the players but often gets confused and leads to many
false positives. -

(a) (b) (c)

Fig. 4. Hockey player detection result: This figure shows results of the Adaboost
hockey detector. (a) and (b) shows mostly accurate detections. In (c), there are a set
of false positives detected on audience by the rink.
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4.2 Incorporating Adaboost in the Proposal Distribution

It is clear from the Adaboost results that they could be improved if we consid-
ered the motion models of the players. In particular, by considering plausible
motions, the number of false positives could be reduced. For this reason, we in-
corporate Adaboost in the proposal mechanism of our MPF. The expression for
the proposal distribution is given by the following mixture.

g5(Xt|X0:t-1, ¥1:t) = @Qada(Xe[Xe—1,¥:) + (1 — o) p(xe|x¢-1) (10)

where ¢o40 is a Gaussian distribution that we discuss in the subsequent para-
graph (See Figure 5). The parameter o can be set dynamically without affecting
the convergence of the particle filter (it is only a parameter of the proposal
distribution and therefore its influence is corrected in the calculation of the im-
portance weights). When a = 0, our algorithm reduces to the MPF of {17]. By
increasing a we place more importance on the Adaboost detections. We can
adapt the value of a depending on tracking situations, including cross overs,
collisions and occlusions.

Note that the Adaboost proposal mechanism depends on the current obser-
vation y;. It is, therefore, robust to peaked likelihoods. Still, there is another
critical issue to be discussed: determining how close two different proposal dis-
tributions need to be for creating their mixture proposal. We can always apply
the mixture proposal when ¢,4, is overlaid on a transition distribution modeled
by autoregressive state dynamics. However, if these two different distributions
are not overlapped, there is a distance between the mean of these distributions.

If a Monte Carlo estimation of a mixture component by a mixture particle
filter overlaps with the nearest cluster given by the Adaboost detection algo-
rithm, we sample from the mixture proposal distribution. If there is no overlap
between the Monte Carlo estimation of a mixture particle filter for each mixture
component and clusters given by the Adaboost detection, then we set @ = 0 so
that our proposal distribution takes only a transition distribution of a mixture
particle filter.

5 Experiments

This section shows BPF tracking results on hockey players in a digitized video
sequence from broadcast television. The experiments are performed using our
non-optimized implementation in C on a 2.8 GHz Pentium IV.

Figure 6 shows scenes where objects are coming in and out. In this figure, it is
important to note that no matter how many objects are in the scene, the mixture
representation of BPF is not affected and successfully adapts to the change. For
objects coming into the scene, in (a) of the figure, Adaboost quickly detects a
new object in the scene within a short time sequence of only two frames. Then
BPF immediately assigns particles to an object and starts tracking it.

Figure 7 shows the Adaboost detection result in the left column, a frame
number in the middle, and BPF tracking results on the right. In Frame 32
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Fig. 5. Mixture of Gaussians for the proposal distribution.

and 33, a small crowd of three players in the middle of the center circle on
the rink are not well detected by Adaboost. This is an example of the case

in which Adaboost does not work well in clutter. There are only two windows

detected by Adaboost. However, BPF successfully tracks three modes in the
cluttered environment. Frames 34 and 35 show another case when Adaboost
fails. Since Adaboost features are based on different configurations of intensity
regions, it is highly sensitive to a drastic increase/decrease of the intensity. The
average intensity of the image is clearly changed by a camera flash in Frame 34.
The number of Adaboost detections is much smaller in a comparison with the
other two consecutive frames. However, even in the case of an Adaboost failure,
mixture components are well maintained by BPF, which is also clearly shown in
Frame 205 in the figure.

6 Conclusions

We have described an approach to combining the strengths of Adaboost for ob-
ject detection with those of mixture particle filters for multiple-object tracking.
The combination is achieved by forming the proposal distribution for the par-
ticle filter from a mixture of the Adaboost detections in the current frame and
the dynamic model predicted from the previous time step. The combination of
the two approaches leads to fewer failures than either one on its own, as well as
addressing both detection and consistent track formation in the same framework.

We have experimented with this boosted particle filter in the context of
tracking hockey players in video from broadcast television. The results show
that most players are successfully detected and tracked, even as players move in
and out of the scene. We believe results can be further improved by including
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more examples in our Adaboost training data for players that are seen against
non-uniform backgrounds. Further improvements could be obtained by dynamic
adjustment of the weighting parameter selecting between the Adaboost and dy-
namic model components of the proposal distribution. Adopting a probabilistic
model for target exclusion [11] may also improve our BPF tracking.
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frames after

L

(c) Before two players disappear (d) 8 frames after

Fig. 6. Objects appearing and disappearing from the scene: This is a demon-
stration of how well BPF handles objects randomly coming in and out of the scene.
(a) and (b) show that a new player that appears in the top left corner of the image is
successfully detected and starts to get tracked. (c) and (d) show that two players are
disappearing from the scene to left.

Meta 1002
p- 59



— %
3

- : . 205
(a) Adaboost detection result

Fig. 7. BPF tracking result: The results of Adaboost detection are shown on the
left, with the corresponding boosted particle filter results on the right.
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Abstract

In applications of graphical models arising in fields such as com-
puter vision, the hidden variables of interest are most naturally
specified by continuous, non—Gaussian distributions. However, due
to the limitations of existing inference algorithms, it is often neces-
sary to form coarse, discrete approximations to such models. In this
paper, we develop a nonparametric belief propagation (NBP) algo-
rithm, which uses stochastic methods to propagate kernel-based
approximations to the true continuous messages. Each NBP mes-
sage update is based on an efficient sampling procedure which
can accomodate an extremely broad class of potential functions,
allowing easy adaptation to new application areas. We validate
our method using comparisons to continuous BP for Gaussian net-
works, and an application to the stereo vision problem.

1 Introduction

Graphical models provide an efficient, powerful framework for modeling probabilis-
tic relationships. Most existing applications of graphical models employ hidden
variables which take values from a discrete, finite set. In some fields, such as er-
ror correcting codes [1], these discrete models are entirely appropriate. However,
in areas such as computer vision [2-5], they typically arise from quantizations of
continuous variables. Computional costs invariably limit the accuracy of such quan-
tizations, leading to biases and artifacts in the resulting estimates.

The popularity of discrete graphical models can be traced to the existence of effi-
cient algorithms for solving learning and inference problems [6]. For discrete models,
the difficulties associated with inference are purely computational, and involve find-
ing ways to efficiently decompose and/or approximate sums of exponentially many
terms. Although exact inference in general discrete graphs is NP hard [7], approxi-
mate inference algorithms such as loopy belief propagation (BP) [1,8, 9] have been
shown to produce good results for a wide range of interesting models (2, 5].

For graphical models containing continuous hidden variables, there is an additional
representational challenge. The conditional distributions sought by inference algo-
rithms are not finite vectors but continuous functions. Unfortunately, even if the
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potential functions specifying the graphical model have simple parametric forms,
the integral equations used to propagate information across the graph rarely have
tractable analytic solutions [10]. A notable exception occurs when all variables are
jointly Gaussian, so that distributions may be parameterized by their mean and
covariance [9]. However, many real-world phenomena exhibit significant outliers,
bimodalities, and other statistical features which are far from Gaussian.

Since the conditional densities arising in non-Gaussian graphical models lack
tractable parametric forms, it is natural to consider nonparametric approximations.
For temporal inference problems defined on Markov chains, a variety of density rep-
resentations have been explored. Gaussian sum filters [11] use local linearizations
to deterministically propagate Gaussian mixture models. In contrast, particle fil-
ters [12] use Monte Carlo methods to stochastically update a set of weighted point
samples. The stability and robustness of particle filters can often be improved by
regularization methods [12, Chapter 12] in which smoothing kernels [13, 14] explic-
itly represent the uncertainty associated with each point sample.

For more general graphs, the junction tree representation [15] has been used to de-
velop structured approximate inference techniques. A wide variety of algorithms can
be specified by combining an approximate clique variable representation with local
methods for updating these approximations [16, 17]. For example, distributions over
large cliques of discrete variables can be approximated by a set of weighted point
samples, and then related to neighboring nodes using standard message—passing re-
cursions [18,19]. Koller et al. [17] propose a more sophisticated framework in which
the current clique potential estimate is used to guide message computations, allow-
ing approximations to be gradually refined over successive iterations. However, the
sample algorithm they provide is limited to networks containing mixtures of discrete
and Gaussian variables. In addition, for many graphs (e.g. nearest—neighbor grids)
the size of the junction tree’s largest cliques grows exponentially with problem size,
requiring the estimation of extremely high—dimensional distributions.

The nonparametric belief propagation (NBP) algorithm we develop in this paper ex-
tends this earlier work in two key ways. First, for graphs with cycles we do not form
a junction tree, but instead iterate our local message updates until convergence as
in loopy BP. This has the advantage of greatly reducing the dimensionality of the
spaces over which we must infer distributions. In addition, we provide a message up-
date algorithm specifically adapted to graphs containing continuous, non—Gaussian
potentials. Each message is represented by a kernel-based nonparametric density
estimate, and message products are found by an efficient local Gibbs sampling algo-
rithm. We validate the NBP algorithm on a small Gaussian network, and present
stereo vision results demonstrating its effectiveness.

2 Undirected Graphical Models

An undirected graph G is defined by a set of nodes V, and a corresponding set of
edges £. The neighborhood of a node s € V is defined as I'(s) £ {t|(s,t) € £},
the set of all nodes which are directly connected to s. Graphical models associate
each node s € V with an unobserved, or hidden, random variable z;, as well as a
noisy local observation y,. Let z = {z;}sev and y = {y;s}scyv denote the sets of
all hidden and observed variables, respectively. To simplify the presentation, we
consider models with pairwise potential functions, for which p (x, y) factorizes as

. H 1/)3,: (1‘,,.’1:1,) H Vs (1'31 ys) (1)

(s,t)EE seV

p(zay) =

N
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However, the nonparametric updates we present may be directly extended to models
with higher-order potential functions.

In this paper, we focus on the calculation of the conditional marginal distributions
p(zs | y) for all nodes s € V. These distributions may be used to calculate the
best estimates of the hidden variables z; relative to a wide range of criteria. For
example, the conditional mean FE [z | y] provides the Bayes’ least squares estimate.
More generally, conditional distributions are useful because they provide informa-
tion about the degree of uncertainty in the estimate of each hidden node.

2.1 Belief Propagation

For graphs which are acyclic or tree-structured, the desired conditional distributions
p(zs | y) can be directly calculated by a local message—passing algorithm known as
belief propagation (BP) [1,6]. At iteration n of the BP algorithm, each node t € V
calculates a message mg, (zs) to be sent to each neighboring node s € I'(¢):

m, (Ts) = 0‘/ Vst (Ts, Tt) Y (Te, Y1) H miy ! (z¢) dr, (2)

u€l(t)\s

Here, a denotes an arbitrary proportionality constant. At any iteration, each node
can produce an approximation p"(z, | y) to the marginal distributions p (z; | y) by
combining the incoming messages with the local observation potential:

P (s | y) = s (25, Ys) H mg, (zs) (3)

ter(s)

For tree-structured graphs, the approximate marginals, or beliefs, p™(z; | y) will
converge to the true marginals p (z, | y) once the messages from each node have
propagated to every other node in the graph. Conceptually, the steady state BP
message my, () is a sufficient statistic of the observations in the subgraph which
node t separates from node s.

Because each iteration of the BP algorithm involves only local message updates,
it can be applied even to graphs with cycles. For such graphs, the statistical de-
pendencies between BP messages are not properly accounted for, and the sequence
of beliefs p"(z, | y) will not converge to the true marginal distributions. In many
applications, however, the resulting loopy BP algorithm exhibits excellent empirical
performance [2,5]. Recently, several theoretical studies have provided insight into
the approximations made by loopy BP, partially justifying its application to graphs
with cycles [1,8,9].

2.2 Nonparametric Representations

Exact evaluation of the BP update equation (2) involves an integration which, as dis-
cussed in the Introduction, is not analytically tractable for most continuous hidden
variables. An interesting alternative is to represent the resulting message m,, (z;)
nonparametrically as a kernel-based density estimate [13,14]. Let N(z;u,A) de-
note the value of a Gaussian density of mean p and covariance A at the point z.
We may then approximate m,, (z;) by a mixture of M Gaussian kernels as

M
My (T5) = ZW;N(I’S; .’E'_;, As) (4)
i=1
where w! is the weight associated with the i** kernel mean z%, and A, is a bandwidth

or smoothing parameter. Other choices of kernel functions are possible [14], but in
this paper we restrict our attention to mixtures of diagonal-covariance Gaussians.
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In the followmg section, we describe stochastic methods for determining the kernel
centers z§ and associated weights w}. The resulting nonparametric representatlons
are only meanmgful when the messages m,, (z,) are finitely integrable.! To guaran-
tee this, it is sufficient to assume that all potentials satisfy the following constraints:

/ 'd’s,t (zsvxt = i‘) dz, < 00 / Ys (zsyys = 17) dzs < 00 (5)

Under these assumptions, a simple induction argument will show that all messages
are normalizable. Heuristically, equation (5) requires all potentials to be “informa-
tive,” so that fixing the value of one variable constrains the likely locations of the
other. In most application domains, this can be trivially achieved by assuming that
all hidden variables take values in a large, but bounded, range.

3 Nonparametric Message Updates

Conceptually, the BP update equation (2) naturally decomposes into two stages.
First, the message product ¥ (z:,v:) [[, my; 1(z;) combines information from
neighboring nodes with the local evidence y; to produce a likelihood function for
x¢. Second, this likelihood function is combined with the compatibility potential
st (s, 2¢), and then integrated to produce likelihoods for x,. The nonparametric
belief propagation (NBP) algorithm stochastically approximates these two stages,
producing consistent nonparametric representations of the messages m,, (zs). Ap-
proximate marginals p(z, | y) may then be determined from these messages by
applying the following section’s stochastic product algorithm to equation (3).

3.1 Message Products

For the moment, assume that the local observation potentials v (zs, ;) are rep-
resented by weighted Gaussian mixtures (such potentials arise naturally from
learning-based approaches to model identification [2]). The product of d ‘Gaus-
sian densities is itself Gaussian, with mean and covariance given by

d d d
[IN (@5 i, As) o« N (2 5, A) A=At f\"ﬂ=ZA' i
=1 i— i=1

Thus, a BP update operation which multiplies d Gaussian mixtures, each containing
M components, will produce another Gaussian mixture with M® 4 components. The
weight w associated with product mixture component N (z; i, A) is given by

_ I'If=1 wilN (z; ps, As)
YT T N @A)

where {w;}2_, are the weights associated with the input Gaussians. Since integra-
tion of Gaussian mixtures is straightforward, in principle the BP message updates
could be performed exactly by repeated use of equations (6,7). In practice, however,
the exponential growth of the number of mixture components forces approximations
to be made. Given d input mixtures of M Gaussian, the NBP algorithm approxi-
mates their M“%-component product mixture by drawing M independent samples.

(7)

Direct sampling from this product, achieved by exphcxtly calculating each of the
product component weights (7), would require O(M?) operations. The complexity

!Probabilistically, BP messages are likelihood functions m., (zs) & p(y = 7 | z.), not
densities, and are not necessarily integrable (e.g., when z, and y are independent).

Meta 1002
p. 66



L =21l=1,l3=" L=%bL=1l3=1 L=2lb=11l3=2

Figure 1: Gibbs sampler for a product of 3 Gaussian mixtures, with 3 kernels each. New
indices are sampled according to weights (arrows) determined by the two fixed components
{solid). The final labels identify one of the 3% components of the product density (dashed).

associated with this sampling is combinatorial: each product component is defined
by d labels {1;}¢_,, where I; identifies a kernel in the 7*» input mixture. Although
the joint distribution of the d labels is complex, the conditional distribution of
any individual label I; is simple. In particular, assuming fixed values for {l;}ix;,
equation (7) can be used to sample from the conditional distribution of I; in O(M)
operations.

Since the mixture label conditional distributions are tractable, we may use a Gibbs
sampler [3] to draw asymptotically unbiased samples from the product distribution.
At each iteration, the labels {l;}ix; for d — 1 of the input mixtures are fixed, and
a new value for the j** label is chosen according to equation (7). At the following
iteration, the newly chosen [; is fixed, and another label is updated (see Figure 1).
Following the final iteration, the mean and covariance of the selected mixture com-
ponent is found using equation (6), and a sample point is drawn.

Assuming the number of iterations for the Gibbs sampler to equilibrate is indepen-
dent of M, we may draw M samples from the product mixture in O(dM?2) opera-
tions. Although formal verification of the Gibbs sampler’s convergence is difficult,
in our experiments we have observed good performance using far fewer computa-
tions than required by direct sampling. Note that in the NBP algorithm, the Gibbs
sampler only involves a few hidden variables, in contrast to the very large state
spaces of classic simulated annealing [3].

In some applications, the observation potentials v; (z:, y:) are most naturally spec-
ified by analytic functions. The previously proposed Gibbs sampler may be eas-
ily adapted to this case using importance sampling [12]. At each iteration, the
weights produced by equation (7) are rescaled by ¥: (&, y:), the observation like-
lihood at that kernel’s center. Then, the final sample z¢ is assigned weight
wi = v (2}, %) /¥ (B, y:) to account for variations of the analytic potential over
the kernel’s support. This procedure will be most effective when t; (z¢, y;) varies
slowly relative to the typical kernel bandwidth.

3.2 Message Propagation

In the second stage of the NBP algorithm, the information contained in the in-
coming message product is propagated by stochastically approximating the belief
update integral (2). To perform this stochastic integration, the pairwise potential
st (s, z:) must be decomposed to separate its marginal influence on z; from the
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conditional relationship it defines between z; and z;.

The marginal influence function ¢(z;) is determined by the relative weight assigned
to all x4 values for each z;:

g(l't) = / ws,t (z31 Zg) dz, (8)

The NBP algorithm accounts for the marginal influence of v, ¢ (zs, ;) by incorpo-
rating () into the Gibbs sampler. If 9, ¢ (x5, ;) is a Gaussian mixture, extraction
of ¢(x;) is trivial. Alternately, if {(z:) can be evaluated (or approximated) point-
wise, analytic pairwise potentials may be dealt with using importance sampling. In
the common case where pairwise potentials depend only on the difference between
their arguments (Y5 ¢ (z,Z) = ¥s,t (x — T)), {(z) is constant and can be neglected.

To complete the stochastic integration, each particle :cj produced by the Gibbs sam-
pler is propagated to node s by sampling zJ ~ ay; +(zs, :L‘z) Note that the assump-

tions of section 2.2 ensure that v, +(zs, z,) is normalizable for any :::’ The method
by which this sampling step is performed will depend on the specific functlonal form
of ¥, ¢ (zs, 2t), and may involve importance sampling or MCMC techniques.

Having produced a set of independent samples from the desired output message
my, (zs), NBP must choose a kernel bandwidth to complete the nonparametric
density estimate. There are many ways to make this choice; for the results in this
paper, we used leave-one—out likelihood cross-validation [14].

4 Gaussian Graphical Models

Gaussian graphical models provide one of the few continuous distributions for which
the BP algorithm may be implemented exactly [9]. For this reason, Gaussian mod-
els may be used to test the accuracy of the nonparametric approximations made by
NBP. Note that we cannot hope for NBP to outperform algorithms (like Gaussian
BP) designed to take advantage of the linear structure underlying Gaussian prob-
lems. Instead, our goal is to verify NBP’s performance in a situation where exact
comparisons are possible.

We have tested the NBP algorithm on Gaussian models with a range of graphical
structures, including chains, trees, and grids. Similar results were observed in all
cases, so here we only present data for a single typical 5 x 5 nearest—neighbor grid,
with randomly selected inhomogeneous potential functions. For each node s € V,
Gaussian BP converges to a steady-state estimate of the marginal mean p, and
variance o2 after about 15 iterations. To evaluate NBP, we performed 15 iterations
of the NBP message updates using several different particle set sizes M & [10, 400}.
We then found the marginal mean fi; and variance 62 estimates implied by the final
NBP density estimates. For each tested particle set size, the NBP comparison was
repeated 100 times.

Using the data from each NBP trial, we computed the error in the mean and variance
estimates, normalized so each node behaved like a unit—variance Gaussian:

~ ~2 2
~ Hs — Hs -2 05 — 0g

= 9
Hs Os \/" 02 ( )
Figure 2 shows the mean and variance of these error statistics, across all nodes and

trials, for different particle set sizes M. The NBP algorithm always provides unbi-
ased estimates of the conditional mean, but overly large variance estimates. This
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Figure 2: NBP performance for a 5 x 5 grid with Gaussian potentials and observations.
Plots show the mean (solid line) and standard deviation (dashed line) of the normalized
error measures of equation (9), as a function of particle set size M.

bias, which decreases as more particles are used, is due to the smoothing inherent
in kernel-based density estimates. As expected for samples drawn from Gaussian
distributions, the standard deviation of both error measures falls as M~1/2.

5 Stereo Vision

Stereo vision algorithms infer point correspondences between horizontally aligned
image pairs of the same three—dimensional scene [4,20]. The distance, or disparity,
between matching pixels is inversely proportional to the corresponding object’s dis-
tance from the camera. Estimation of accurate, dense disparity maps is complicated
by textureless regions, pixelization effects, and occlusions. For these reasons, prior
knowledge about disparity variations plays a critical role in stereo computation.

The prior assumptions underlying stereo vision algorithms are often represented by
grid—structured graphical models in which pairwise potentials correlate neighboring
disparity values, while observation potentials measure similarities between local
image features {5,20]. In [4], three types of potential functions are suggested, each
encoding different assumptions about the underlying disparity “worlds”:

World I Pairwise potentials assume disparity differences are Gaussian. Similarly,
observation potentials assign Gaussian distributions to image feature differences.
Note that the resulting disparity likelihoods are not Gaussian.

World II The Gaussian potentials of World I are augmented by binary outlier
processes to model occlusions and depth discontinuities. We instead use Gaussians
contaminated by uniform noise, as suggested by [21]. A similar model has been
used with the discrete BP algorithm [5].

World III Observation potentials are as in World II, but the hidden variable
at each node is augmented to model horizontal and vertical disparity gradients.
Uniform—contaminated Gaussian potentials model differences in adjacent gradients.

Our goal is not to present state—of—the—art stereo results, but to explore the char-
acteristics of the NBP algorithm using the unique features of each world.

5.1 WorldsI & II

Figure 3 compares the NBP algorithm’s performance to discretized BP on two
50x 50 patches containing interesting disparity features. The patches were extracted
from the standard “Venus” and “Sawtooth” stereo test images [20]. Discrete BP
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NBP Discrete BP NBP Discrete BP

Figure 3: NBP and discrete BP stereo results for the “Venus” and “Sawtooth” patches.
Top row: reference image and true disparities. Second row: World I. Third row: World II.

quantized the one-dimensional disparity space to 100 levels, while NBP used 100
particles sampled with 100 MCMC iterations. Because of the limited range of pos-
sible disparities, discrete BP’s results approximate the true continuous BP results
extremely accurately. We see that NBP accurately captures the qualitative features
of both worlds, matching the discrete BP results extremely well.

5.2 World III

- All of the objects in the Venus and Sawtooth images have slopes which are nearly
parallel to the image plane. For this reason, the gradient information used in World
III’s sophisticated prior does not significantly modify the World II results. We have
constructed a synthetic stereo problem, shown in Figure 4, consisting of a single
constant slope scan line. Both ends of the scan line contain good observations,
but the central section contains no disparity information, as would be caused by a
textureless image region. Figures 4(b,c) show that World II's bias towards horizontal
surfaces is inappropriate for this data set. Figure 4(d) shows performance attained
by discrete BP with slopes chosen to exactly match the true surface. However, in
practical situations it is not possible to discretize the three-dimensional World III
state space finely enough to achieve this. Figure 4(e) shows the heavy quantization
artifacts produced by discrete BP using 1000 (40 x 5 x 5) points. In contrast, using
only 100 points, NBP produces the high-resolution density estimates of Figure 4(f).

6 Discussion

We have developed a nonparametric sampling-based variant of the belief propaga-
tion algorithm for graphical models with continuous, non-Gaussian random vari-
ables. Our stereo vision results suggest that NBP achieves performance comparable
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(d) (f)

Figure 4: Stereo results for a synthetic scan line. Each plot is a columnwise representation
of the nodes’ marginal distributions. (a) Observation likelihoods. (b) World II discrete
BP. (c) World II NBP. (d) World III ideal. (e) World III discrete BP. (f) World III NBP.

to discretization for low—dimensional hidden variables, and may offer significant
advantages in higher dimensional spaces. In the future, the application of more
sophisticated Monte Carlo and density estimation techniques could improve the
statistical accuracy and computational efficiency of the message updates. We hope
that the nonparametric approach will allow richer, more realistic models to be de-
signed and used in applications in which continuous variables naturally arise.
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Abstract

This paper describes a machine learning approach for vi-
sual object detection which is capable of processing images
extremely rapidly and achieving high detection rates. This
work is distinguished by three key contributions. The first
is the introduction of a new image representation called the
“Integral Image” which allows the features used by our de-
tector to be computed very quickly. The second is a learning
algorithm, based on AdaBoost, which selects a small num-
ber of critical visual features from a larger set and yields
extremely efficient classifiers[6]. The third contribution is

a method for combining increasingly more complex classi- -

fiers ina “cascade” which allows background regions of the
image to be quickly discarded while spending more compu-
tation on promising object-like regions. The cascade can be
viewed as an object specific focus-of-attention mechanism
which unlike previous approaches provides statistical guar-
antees that discarded regions are unlikely to contain the ob-
Ject of interest. In the domain of face detection the system
yields detection rates comparable to the best previous sys-
tems. Used in real-time applications, the detector runs at
15 frames per second without resorting to image differenc-
ing or skin color detection.

1. Introduction

This paper brings together new algorithms and insights to
construct a framework for robust and extremely rapid object
detection. This framework is demonstrated on, and in part
motivated by, the task of face detection. Toward this end
we have constructed a frontal face detection system which
achieves detection and false positive rates which are equiv-
alent to the best published results [16, 12, 15, 11, 1]. This
face detection system is most clearly distinguished from
previous approaches in its ability to detect faces extremely
rapidly. Operating on 384 by 288 pixel images, faces are de-
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mjones@crl.dec.com
Compaq CRL
One Cambridge Center
Cambridge, MA 02142

tected at 15 frames per second on a conventional 700 MHz
Intel Pentium III. In other face detection systems, auxiliary
information, such as image differences in video sequences,
or pixel color in color images, have been used to achieve
high frame rates. Our system achieves high frame rates
working only with the information present in a single grey
scale image. These alternative sources of information can
also be integrated with our system to achieve even higher
frame rates.

There are three main contributions of our object detec-
tion framework. We will introduce each of these ideas
briefly below and then describe them in detail in subsequent
sections.

The first contribution of this paper is a new image repre-
sentation called an integral image that allows for very fast
feature evaluation. Motivated in part by the work of Papa-
georgiou et al. our detection system does not work directly
with image intensities [10]. Like these authors we use a
set of features which are reminiscent of Haar Basis func-
tions (though we will also use related filters which are more
complex than Haar filters). In order to compute these fea-
tures very rapidly at many scales we introduce the integral
image representation for images. The integral image can be
computed from an image using a few operations per pixel.
Once computed, any one of these Harr-like features can be
computed at any scale or location in constant time.

The second contribution of this paper is a method for
constructing a classifier by selecting a small number of im-
portant features using AdaBoost [6). Within any image sub-
window the total number of Harr-like features is very large,
far larger than the number of pixels. In order to ensure fast
classification, the learning process must exclude a large ma-
jority of the available features, and focus on a small set of
critical features. Motivated by the work of Tieu and Viola,
feature selection is achieved through a simple modification
of the AdaBoost procedure: the weak learner is constrained
so that each weak classifier returned can depend on only a
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single feature [2]. As a result each stage of the boosting
process, which selects a new weak classifier, can be viewed
as a feature selection process. AdaBoost provides an effec-
tive learning algorithm and strong bounds on generalization
performance [13, 9, 10].

The third major contribution of this paper is a method
for combining successively more complex classifiers in a
cascade structure which dramatically increases the speed of
the detector by focusing attention on promising regions of
the image. The notion behind focus of attention approaches
is that it is often possible to rapidly determine where in an
image an object might occur [17, 8, 1]. More complex pro-
cessing is reserved only for these promising regions. The
key measure of such an approach is the “false negative” rate
of the attentional process. It must be the case that all, or
almost all, object instances are selected by the attentional
filter.

We will describe a process for training an extremely sim-
ple and efficient classifier which can be used as a “super-
vised” focus of attention operator. The term supervised
refers to the fact that the attentional operator is trained to
detect examples of a particular class. In the domain of face
detection it is possible to achieve fewer than 1% false neg-
atives and 40% false positives using a classifier constructed
from two Harr-like features. The effect of this filter is to
reduce by over one half the number of locations where the
final detector must be evaluated.

Those sub-windows which are not rejected by the initial
classifier are processed by a sequence of classifiers, each
slightly more complex than the last. If any classifier rejects
the sub-window, no further processing is performed. The
structure of the cascaded detection process is essentially
that of a degenerate decision tree, and as such is related to
the work of Geman and colleagues [1, 4].

An extremely fast face detector will have broad prac-
tical applications. These include user interfaces, image
databases, and teleconferencing. In applications where
rapid frame-rates are not necessary, our system will allow
for significant additional post-processing and analysis. In
addition our system can be implemented on a wide range of
small low power devices, including hand-helds and embed-
ded processors. In our lab we have implemented this face
detector on the Compaq iPaq handheld and have achieved
detection at two frames per second (this device has a low
power 200 mips Strong Arm processor which lacks floating
point hardware).

The remainder of the paper describes our contributions
and a number of experimental results, including a detailed
description of our experimental methodology. Discussion
of closely related work takes place at the end of each sec-
tion.

2. Features

Our object detection procedure classifies images based on
the value of simple features. There are many motivations

(H]

Figure 1: Example rectangle features shown relative to the
enclosing detection window. The sum of the pixels which
lie within the white rectangles are subtracted from the sum
of pixels in the grey rectangles. Two-rectangle features are
shown in (A) and (B). Figure (C) shows a three-rectangle
feature, and (D) a four-rectangle feature.

for using features rather than the pixels directly. The most
common reason is that features can act to encode ad-hoc
domain knowledge that is difficult to learn using a finite
quantity of training data. For this system there is also a
second critical motivation for features: the feature based
system operates much faster than a pixel-based system.

The simple features used are reminiscent of Haar basis
functions which have been used by Papageorgiou et al. [10].
More specifically, we use three kinds of features. The value
of a rtwo-rectangle feature is the difference between the sum
of the pixels within two rectangular regions. The regions
have the same size and shape and are horizontally or ver-
tically adjacent (see Figure 1). A rhree-rectangle feature
computes the sum within two outside rectangles subtracted
from the sum in a center rectangle. Finally a four-rectangle
Jeature computes the difference between diagonal pairs of
rectangles.

Given that the base resolution of the detector is 24x24,
the exhaustive set of rectangle features is quite large, over
180,000 . Note that unlike the Haar basis, the set of rectan-
gle features is overcomplete!.

2.1. Integral Image

Rectangle features can be computed very rapidly using an
intermediate representation for the image which we call the
integral image.? The integral image at location z, y contains
the sum of the pixels above and to the left of x, y, inclusive:

Y i),

z'<z,y'<y

ii(z,y) =

A complete basis has no linear dependence between basis elements
and has the same number of elements as the image space, in this case 576.
The full set of 180,000 thousand features is many times over-complete.

2There is a close relation to “summed area tables” as used in graphics
[3]). We choose a different name here in order to emphasize its use for the
analysis of images, rather than for texture mapping.
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Figure 2: The sum of the pixels within rectangle D can be
computed with four array references. The value of the inte-
gral image at location 1 is the sum of the pixels in rectangle
A. The value at location 2 is A + B, at location 3 is A + C,
and at location 4 is A+ B + C' + D. The sum within D can
be computed as 4 + 1 — (2 + 3).

where #i(z, y) is the integral image and i(z, y) is the origi-
nal image. Using the following pair of recurrences:

s(:c,y - 1) + 1:(17, y) (1)
ii(z - lvy) + s(:c,y) (2)

s(z,y) =
ii(z,y) =

(where s(z,y) is the cumulative row sum, s(z,—1) = 0,
and 7i(—1,y) = 0) the integral image can be computed in
one pass over the original image.

Using the integral image any rectangular sum can be
computed in four array references (see Figure 2). Clearly
the difference between two rectangular sums can be com-
puted in eight references. Since the two-rectangle features
defined above involve adjacent rectangular sums they can
be computed in six array references, eight in the case of
the three-rectangle features, and nine for four-rectangle fea-
tures.

2.2. Feature Discussion

Rectangle features are somewhat primitive when compared
with alternatives such as steerable filters [5, 7]. Steerable fil-
ters, and their relatives, are excellent for the detailed analy-
sis of boundaries, image compression, and texture analysis.
In contrast rectangle features, while sensitive to the pres-
ence of edges, bars, and other simple image structure, are
quite coarse. Unlike steerable filters the only orientations
available are vertical, horizontal, and diagonal. The set of
rectangle features do however provide a rich image repre-
sentation which supports effective learning. In conjunction
with the integral image , the efficiency of the rectangle fea-
ture set provides ample compensation for their limited flex-
ibility. :

3. Learning Classification Functions

Given a feature set and a training set of positive and neg-
ative images, any number of machine leaming approaches

could be used to learn a classification function. In our sys-
tem a variant of AdaBoost is used both to select a small set
of features and train the classifier [6). In its original form,
the AdaBoost learning algorithm is used to boost the clas-
sification performance of a simple (sometimes called weak)
learning algorithm. There are a number of formal guaran-
tees provided by the AdaBoost learning procedure. Freund
and Schapire proved that the training error of the strong
classifier approaches zero exponentially in the number of
rounds. More importantly a number of results were later
proved about generalization performance [14]. The key
insight is that generalization performance is related to the
margin of the examples, and that AdaBoost achieves large
margins rapidly.

Recall that there are over 180,000 rectangle features as-
sociated with each image sub-window, a number far larger
than the number of pixels. Even though each feature can
be computed very efficiently, computing the complete set is
prohibitively expensive. Our hypothesis, which is borne out
by experiment, is that a very small number of these features
can be combined to form an effective classifier. The main
challenge is to find these features.

In support of this goal, the weak learning algorithm is
designed to select the single rectangle feature which best
separates the positive and negative examples (this is similar
to the approach of [2] in the domain of image database re-
trieval). For each feature, the weak learner determines the
optimal threshold classification function, such that the min-
imum number of examples are misclassified. A weak clas-
sifier h;(z) thus consists of a feature f;, a threshold 6; and
a parity p; indicating the direction of the inequality sign:

1 ifp,fi(z) < p;f;
= { 4 S <o
Here z is a 24x24 pixel sub-window of an image. See Ta-
ble 1 for a summary of the boosting process.

In practice no single feature can perform the classifica-
tion task with low error. Features which are selected in early
rounds of the boosting process had error rates between 0.1
and 0.3. Features selected in later rounds, as the task be-
comes more difficult, yield error rates between 0.4 and 0.5.

3.1. Learning Discussion

Many general feature selection procedures have been pro-
posed (see chapter 8 of [18] for a review). Our final appli-
cation demanded a very aggressive approach which would
discard the vast majority of features. For a similar recogni-
tion problem Papageorgiou et al. proposed a scheme for fea-
ture selection based on feature variance [10]. They demon-
strated good results selecting 37 features out of a total 1734
features.

Roth et al. propose a feature selection process based
on the Winnow exponential perceptron learning rule [11].
The Winnow learning process converges to a solution where
many of these weights are zero. Nevertheless a very large
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o Given example images (Z1,%1),...,(Tn,yn) Where
¥ = 0,1 for negative and positive examples respec-
tively.

o Initialize weights w1 s = 7=, % for y; = 0, 1 respec-
tively, where m and ! are the number of negatives and
positives respectively.

e Fort=1,...,T:
1. Normalize the weights,
We,i

— —_—
z:;":l Wej

so that wy is a probability distribution.

Wi

2. For each feature, j, train a classifier h; which
is restricted to using a single feature. The
error is evaluated with respect to wg, € =

> wi lhj(@s) — wil-
3. Choose the classifier, k¢, with the lowest error €;.
4. Update the weights:

1—e;
Weg,i = Weify

where e; = 0 if example z; is classified cor-
rectly, e; = 1 otherwise, and B¢ = 1—17
o The final strong classifier is:

h(z) = 1 Ef:l athg(z) Z % 23;1 o
0 otherwise

where a; = log Fle-

Table 1: The AdaBoost algorithm for classifier learn-
ing. Each round of boosting selects one feature from the
180,000 potential features.

number of features are retained (perhaps a few hundred or
thousand).

3.2. Learning Results

While details on the training and performance of the final
system are presented in Section 5, several simple results
merit discussion. Initial experiments demonstrated that a
frontal face classifier constructed from 200 features yields
a detection rate of 95% with a false positive rate of 1 in
14084. These results are compelling, but not sufficient for
many real-world tasks. In terms of computation, this clas-
sifier is probably faster than any other published system,
requiring 0.7 seconds to scan an 384 by 288 pixel image.
Unfortunately, the most straightforward technique for im-
proving detection performance, adding features to the clas-
sifier, directly increases computation time.

For the task of face detection, the initial rectangle fea-
tures selected by AdaBoost are meaningful and easily inter-
preted. The first feature selected seems to focus on the prop-
erty that the region of the eyes is often darker than the region

-Figure 3: The first and second features selected by Ad-

aBoost. The two features are shown in the top row and then
overlayed on a typical training face in the bottom row. The
first feature measures the difference in intensity between the
region of the eyes and a region across the upper cheeks. The
feature capitalizes on the observation that the eye region is
often darker than the cheeks. The second feature compares
the intensities in the eye regions to the intensity across the
bridge of the nose.

of the nose and cheeks (see Figure 3). This feature is rel-
atively large in comparison with the detection sub-window,
and should be somewhat insensitive to size and location of
the face. The second feature selected relies on the property
that the eyes are darker than the bridge of the nose.

4. The Attentional Cascade

This section describes an algorithm for constructing a cas-
cade of classifiers which achieves increased detection per-
formance while radically reducing computation time. The
key insight is that smaller, and therefore more efficient,
boosted classifiers can be constructed which reject many of
the negative sub-windows while detecting almost all posi-
tive instances (i.e. the threshold of a boosted classifier can
be adjusted so that the false negative rate is close to zero).
Simpler classifiers are used to reject the majority of sub-
windows before more complex classifiers are called upon
to achieve low false positive rates.

The overall form of the detection process is that of a de-
generate decision tree, what we call a “cascade” (see Fig-
ure 4). A positive result from the first classifier triggers the
evaluation of a second classifier which has also been ad-
justed to achieve very high detection rates. A positive result
from the second classifier triggers a third classifier, and so
on. A negative outcome at any point leads to the immediate
rejection of the sub-window.

Stages in the cascade are constructed by training clas-
sifiers using AdaBoost and then adjusting the threshold to
minimize false negatives. Note that the default AdaBoost
threshold is designed to yield a low error rate on the train-
ing data. In general a lower threshold yields higher detec-
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All Sub-windows

Further
Processing

Reject Sub-window

Figure 4: Schematic depiction of a the detection cascade.
A series of classifiers are applied to every sub-window. The
initial classifier eliminates a large number of negative exam-
ples with very little processing. Subsequent layers eliminate
additional negatives but require additional computation. Af-
ter several stages of processing the number of sub-windows
have been reduced radically. Further processing can take
any form such as additional stages of the cascade (as in our
detection system) or an alternative detection system.

tion rates and higher false positive rates.

For example an excellent first stage classifier can be con-
structed from a two-feature strong classifier by reducing the
threshold to minimize false negatives. Measured against a
validation training set, the threshold can be adjusted to de-
tect 100% of the faces with a false positive rate of 40%. See
Figure 3 for a description of the two features used in this
classifier.

Computation of the two feature classifier amounts to
about 60 microprocessor instructions. It seems hard to
imagine that any simpler filter could achieve higher rejec-
tion rates. By comparison, scanning a simple image tem-
plate, or a single layer perceptron, would require at least 20
times as many operations per sub-window.

The structure of the cascade reflects the fact that
within any single image an overwhelming majority of sub-
windows are negative. As such, the cascade attempts to re-
ject as many negatives as possible at the earliest stage pos-
sible. While a positive instance will trigger the evaluation
of every classifier in the cascade, this is an exceedingly rare
event.

Much like a decision tree, subsequent classifiers are
trained using those examples which pass through all the
previous stages. As a result, the second classifier faces a
more difficult task than the first. The examples which make
it through the first stage are “harder” than typical exam-
ples. The more difficult examples faced by deeper classi-
fiers push the entire receiver operating characteristic (ROC)
curve downward. At a given detection rate, deeper classi-
fiers have correspondingly higher false positive rates.

4.1. Training a Cascade of Classifiers

The cascade training process involves two types of trade-
offs. In most cases classifiers with more features will
achieve higher detection rates and lower false positive rates.
At the same time classifiers with more features require more
time to compute. In principle one could define an optimiza-
tion framework in which: i) the number of classifier stages,
ii) the number of features in each stage, and iii) the thresh-
old of each stage, are traded off in order to minimize the
expected number of evaluated features. Unfortunately find-
ing this optimum is a tremendously difficult problem.

In practice a very simple framework is used to produce
an effective classifier which is highly efficient. Each stage
in the cascade reduces the false positive rate and decreases
the detection rate. A target is selected for the minimum
reduction in false positives and the maximum decrease in
detection. Each stage is trained by adding features until the
target detection and false positives rates are met ( these rates
are determined by testing the detector on a validation set).
Stages are added until the overall target for false positive
and detection rate is met.

4.2. Detector Cascade Discussion

The complete face detection cascade has 38 stages with over
6000 features. Nevertheless the cascade structure results in
fast average detection times. On a difficult dataset, con-
taining 507 faces and 75 million sub-windows, faces are
detected using an average of 10 feature evaluations per sub-
window. In comparison, this system is about 15 times faster
than an implementation of the detection system constructed
by Rowley et al.3 [12]

A notion similar to the cascade appears in the face de-
tection system described by Rowley et al. in which two de-
tection networks are used [12]. Rowley et al. used a faster
yet less accurate network to prescreen the image in order to
find candidate regions for a slower more accurate network.
Though it is difficult to determine exactly, it appears that
Rowley et al.’s two network face system is the fastest exist-
ing face detector.*

The structure of the cascaded detection process is es-
sentially that of a degenerate decision tree, and as such is
related to the work of Amit and Geman [1]. Unlike tech-
niques which use a fixed detector, Amit and Geman propose
an alternative point of view where unusual co-occurrences
of simple image features are used to trigger the evaluation
of a more complex detection process. In this way the full
detection process need not be evaluated at many of the po-
tential image locations and scales. While this basic insight

3Henry Rowley very graciously supplied us with implementations of
his detection system for direct comparison. Reported results are against
his fastest system. It is difficult to determine from the published literature,
but the Rowley-Baluja-Kanade detector is widely considered the fastest
detection system and has been heavily tested on real-world problems.

4Other published detectors have either neglected to discuss perfor-
mance in detail, or have never published detection and false positive rates
on a large and difficult training set.
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is very valuable, in their implementation it is necessary to
first evaluate some feature detector at every location. These
features are then grouped to find unusual co-occurrences. In
practice, since the form of our detector and the features that
it uses are extremely efficient, the amortized cost of evalu-
ating our detector at every scale and location is much faster
than finding and grouping edges throughout the image.

In recent work Fleuret and Geman have presented a face
detection technique which relies on a “chain” of tests in or-
der to signify the presence of a face at a particular scale and
location [4]. The image properties measured by Fleuret and
Geman, disjunctions of fine scale edges, are quite different
than rectangle features which are simple, exist at all scales,
and are somewhat interpretable. The two approaches also
differ radically in their learning philosophy. The motivation
for Fleuret and Geman’s learning process is density estima-
tion and density discrimination, while our detector is purely
discriminative. Finally the false positive rate of Fleuret and
Geman’s approach appears to be higher than that of previ-
ous approaches like Rowley et al. and this approach. Un-
fortunately the paper does not report quantitative results of
this kind. The included example images each have between
2 and 10 false positives.

5 Results

A 38 layer cascaded classifier was trained to detect frontal
upright faces. To train the detector, a set of face and non-
face training images were used. The face training set con-
sisted of 4916 hand labeled faces scaled and aligned to a
base resolution of 24 by 24 pixels. The faces were ex-
tracted from images downloaded during a random crawl of
the world wide web. Some typical face examples are shown
in Figure 5. The non-face subwindows used to train the
detector come from 9544 images which were manually in-
spected and found to not contain any faces. There are about
350 million subwindows within these non-face images.

The number of features in the first five layers of the de-
tector is 1, 10, 25, 25 and 50 features respectively. The
remaining layers have increasingly more features. The total
number of features in all layers is 6061.

Each classifier in the cascade was trained with the 4916
training faces (plus their vertical mirror images for a total
of 9832 training faces) and 10,000 non-face sub-windows
(also of size 24 by 24 pixels) using the Adaboost training
procedure. For the initial one feature classifier, the non-
face training examples were collected by selecting random
sub-windows from a set of 9544 images which did not con-
tain faces. The non-face examples used to train subsequent
layers were obtained by scanning the partial cascade across
the non-face images and collecting false positives. A max-
imum of 10000 such non-face sub-windows were collected
for each layer.

Speed of the Final Detector

Figure 5: Example of frontal upright face images used for
training.

The speed of the cascaded detector is directly related to
the number of features evaluated per scanned sub-window.
Evaluated on the MIT+CMU test set [12], an average of 10
features out of a total of 6061 are evaluated per sub-window.
This is possible because a large majority of sub-windows
are rejected by the first or second layer in the cascade. On
a 700 Mhz Pentium HI processor, the face detector can pro-
cess a 384 by 288 pixel image in about .067 seconds (us-
ing a starting scale of 1.25 and a step size of 1.5 described
below). This is roughly 15 times faster than the Rowley-
Baluja-Kanade detector [12] and about 600 times faster than
the Schneiderman-Kanade detector [15].

Image Processing

All example sub-windows used for training were vari-
ance normalized to minimize the effect of different light-
ing conditions. Normalization is therefore necessary during
detection as well. The variance of an image sub-window
can be computed quickly using a pair of integral images.
Recall that 02 = m? — % "z, where o is the standard
deviation, m is the mean, and z is the pixel value within
the sub-window. The mean of a sub-window can be com-
puted using the integral image. The sum of squared pixels
is computed using an integral image of the image squared
(i.e. two integral images are used in the scanning process).
During scanning the effect of image normalization can be
achieved by post-multiplying the feature values rather than
pre-multiplying the pixels.

Scanning the Detector

The final detector is scanned across the image at multi-
ple scales and locations. Scaling is achieved by scaling the
detector itself, rather than scaling the image. This process
makes sense because the features can be evaluated at any
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False detections

Detector 10 31 50 65 78 95 167
Viola-Jones 76.1% | 88.4% | 914% | 92.0% | 92.1% 929% | 93.9%
Viola-Jones (voting) 81.1% | 89.7% | 92.1% | 93.1% | 93.1% 93.2% | 93.7%
Rowley-Baluja-Kanade 832% | 86.0% | - - - 89.2% | 90.1%
Schneiderman-Kanade - - - 944% | - - -
Roth-Yang-Ahuja - - - - (94.8%) | - -

Table 2: Detection rates for various numbers of false positives on the MIT+CMU test set containing 130 images and 507

faces.

scale with the same cost. Good results were obtained using
a set of scales a factor of 1.25 apart.

The detector is also scanned across location. Subsequent
locations are obtained by shifting the window some number
of pixels A. This shifting process is affected by the scale of
the detector: if the current scale is s the window is shifted
by [sA], where [] is the rounding operation.

The choice of A affects both the speed of the detector as
well as accuracy. The results we present are for A = 1.0.
We can achieve a significant speedup by setting A = 1.5
with only a slight decrease in accuracy.

Integration of Multiple Detections

Since the final detector is insensitive to small changes in
translation and scale, multiple detections will usually occur
around each face in a scanned image. The same is often true

" of some types of false positives. In practice it often makes

sense to return one final detection per face. Toward this end
it is useful to postprocess the detected sub-windows in order
to combine overlapping detections into a single detection.

In these experiments detections are combined in a very
simple fashion. The set of detections are first partitioned
into disjoint subsets. Two detections are in the same subset
if their bounding regions overlap. Each partition yields a
single final detection. The comers of the final bounding
region are the average of the comers of all detections in the
set.

Experiments on a Real-World Test Set

We tested our system on the MIT+CMU frontal face test
set [12]. This set consists of 130 images with 507 labeled
frontal faces. A ROC curve showing the performance of our
detector on this test set is shown in Figure 6. To create the
ROC curve the threshold of the final layer classifier is ad-
justed from —oo to +00. Adjusting the threshold to +o00
will yield a detection rate of 0.0 and a false positive rate
of 0.0. Adjusting the threshold to —oo, however, increases
both the detection rate and false positive rate, but only to a
certain point. Neither rate can be higher than the rate of the
detection cascade minus the final layer. In effect, a thresh-
old of ~00 is equivalent to removing that layer. Further
increasing the detection and false positive rates requires de-
creasing the threshold of the next classifier in the cascade.

Thus, in order to construct a complete ROC curve, classifier
layers are removed. We use the number of false positives as
opposed to the rate of false positives for the x-axis of the
ROC curve to facilitate comparison with other systems. To
compute the false positive rate, simply divide by the total
number of sub-windows scanned. In our experiments, the
number of sub-windows scanned is 75,081,800.

Unfortunately, most previous published results on face
detection have only included a single operating regime (i.e.
single point on the ROC curve). To make comparison with
our detector easier we have listed our detection rate for the
false positive rates reported by the other systems. Table 2
lists the detection rate for various numbers of false detec-
tions for our system as well as other published systems. For
the Rowley-Baluja-Kanade results [12], a number of differ-
ent versions of their detector were tested yielding a number
of different results they are all listed in under the same head-
ing. For the Roth-Yang-Ahuja detector [11], they reported
their result on the MIT+CMU test set minus 5 images con-
taining line drawn faces removed.

Figure 7 shows the output of our face detector on some
test images from the MIT+CMU test set.

A simple voting scheme to further improve results

In table 2 we also show results from running three de-
tectors (the 38 layer one described above plus two similarly
trained detectors) and outputting the majority vote of the
three detectors. This improves the detection rate as well as
eliminating more false positives. The improvement would
be greater if the detectors were more independent. The cor-
relation of their errors results in a modest improvement over
the best single detector.

6 Conclusions

We have presented an approach for object detection which
minimizes computation time while achieving high detection
accuracy. The approach was used to construct a face de-
tection system which is approximately 15 faster than any
previous approach.

This paper brings together new algorithms, representa-
tions, and insights which are quite generic and may well
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Figure 7: Output of our face detector on a number of test images from the MIT+CMU test set.

ROC curve for face detector with step 3ize =1.0
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Figure 6: ROC curve for our face detector on the

MIT+CMU test set. The detector was run using a step size
of 1.0 and starting scale of 1.0 (75,081,800 sub-windows
scanned).

have broader application in computer vision and image pro-
cessing.

Finally this paper presents a set of detailed experiments
on a difficult face detection dataset which has been widely
studied. This dataset includes faces under a very wide range
of conditions including: illumination, scale, pose, and cam-
era variation. Experiments on such a large and complex
dataset are difficult and time consuming. Nevertheless sys-
tems which work under these conditions are unlikely to be
brittle or limited to a single set of conditions. More impor-
tantly conclusions drawn from this dataset are unlikely to
be experimental artifacts.
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Abstract

Probabilistic models have been adopted for many com-
puter vision applications, however inference in high-
dimensional spaces remains problematic. As the state-
space of a model grows, the dependencies between the di-
mensions lead to an exponential growth in computation
when performing inference. Many common computer vision
problems naturally map onto the graphical model frame-
work; the representation is a graph where each node con-
tains a portion of the state-space and there is an edge be-
tween two nodes only if they are not independent condi-
tional on the other nodes in the graph. When this graph
is sparsely connected, belief propagation algorithms can
turn an exponential inference computation into one which
is linear in the size of the graph. However belief propaga-
tion is only applicable when the variables in the nodes are
discrete-valued or jointly represented by a single multivari-
ate Gaussian distribution, and this rules out many computer
vision applications.

This paper combines belief propagation with ideas from
particle filtering; the resulting algorithm performs infer-
ence on graphs containing both cycles and continuous-
valued latent variables with general conditional probability
distributions. Such graphical models have wide applicabil-
ity in the computer vision domain and we test the algorithm
on example problems of low-level edge linking and locating
jointed structures in clutter.

1. Introduction

Probabilistic techniques for modelling uncertainty have
found widespread success in computer vision. Their ap-
plication ranges from pixel-level image generation models
[13, 7] to tracking in high-level parametric spaces [11, 22]
however as the size of the state-space grows the “curse
of dimensionality” can cause an exponential growth in the
computations necessary to perform inference. Many proba-
bilistic vision models naturally decompose into a graphical
model structure [14]; basic components become nodes in a
graph where each node is conditionally independent of all

but its near neighbours. When the nodes are image patches
the neighbours may be spatially close in an image, adjacent
levels in a multi-scale representation or nearby time instants
in an image sequence. Alternatively many complex objects
can be decomposed into graphs where the nodes are sub-
parts of the object and an edge indicates that two subparts
are physically connected. The advantage of this representa-
tion is that some formerly exponential inference computa-
tions become linear in the size of the graph.

Exact inference on graphical models is possible only in
restricted circumstances [14]; the (directed) graph must be
acyclic and the joint distribution over those latent variables
which are not discrete must be a single multivariate Gaus-
sian. When a model violates these restrictions, Gibbs sam-
pling can be used to draw approximate samples from the
joint distribution [9] but for most computer vision applica-
tions this technique remains intractable. Approximate in-
ference methods can be used for Conditional Linear Gaus-
sian models [16] including time series [3]. Recently two
methods have been widely studied in the computer vision
literature to perform approximate inference on more gen-
eral classes of graph; loopy belief propagation [26] (LBP)
can be applied to graphs with cycles, though it still only ap-
plies to discrete or jointly Gaussian random variables; and
particle filtering [5] allows the use of very general distribu-
tions over continuous-valued random variables but applies
only to graphs with a simple linear chain structure.

The restriction to Gaussian latent variables is particularly
onerous in computer vision applications because clutter in
image generation models invariably leads to highly non-
Gaussian, multi-modal posterior distributions. This effect
largely accounts for the popularity of particle filtering in
the computer vision tracking community. In this paper we
describe the PAMPAS algorithm (PArticle Message PASsing)
which combines LBP with ideas from particle filtering. It
has wide applicability in the computer vision domain, and
increases the range of complex continuous-valued models
which admit tractable probabilistic inference. We investi-
gate the behaviour of the algorithm on test problems includ-
ing illusory-contour finding and locating a jointed structure.
Additionally we argue that an algorithm which performs
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tractable inference over continuous-valued graphical mod-
els is a promising tool for research into unified computer vi-
sion models implementing a singe probabilistic framework
all the way from the pixel level to a semantic description.

2. Belief propagation

Belief propagation (BP) has been used for many years
to perform inference in Bayesian networks [14] and has re-
cently been applied to graphs with cycles under the name
of loopy belief propagation [26]. The method consists in
passing messages between the nodes of the graph. When all
the latent variables are discrete-valued the messages can be
encoded as matrices, and when the continuous-valued vari-
ables are jointly Gaussian the messages can be summarised
using a mean and covariance matrix.

When using models with more complex continuous-
valued marginal distributions the data representation for
messages becomes problematic since as they are propagated
their complexity grows exponentially [18]. Techniques ex-
ist for pruning the representations when the potentials and
likelihoods are exponentional distributions [16, 19, 2] and
while these can be used to perform inference over Gaussian
mixture models like those in this paper, they are not well
suited to the complex likelihoods which arise in computer
vision applications. When the graph is a chain a particle
filter [S] can be used which represents the marginals with a
non-parametric form, the particle set. Particle filtering has
been widely used in computer vision largely because it per-
forms well with common image likelihood models.

This section begins with a brief description of standard
BP and goes on to describe the PAMPAS algorithm which
modifies BP to use particle sets as messages and thus per-
mits approximate inference over general continuous-valued
graphical models. Sudderth et al [23, 24] have indepen-
dently developed an almost identical algorithm and a com-
parison is presented in section 2.5.

2.1. Discrete Belief Propagation

Belief propagation can in general be stated using a pair-
wise MRF formulation [26]. Consider a set of latent-
variable nodes X = {Xi,...,Xm} paired with a set of
observed nodes ) = {Y3, ..., Yar}. The conditional inde-
pendence structure of the problem is expressed in the neigh-
bourhood set P. A pair of indices (z,7) € P if the hidden
node X; is not conditionally independent of X; given the
other nodes in the graph, and in this case we say X; is a
parent of X; and by slight abuse of notation ¢ € P(j).

For tutorial simplicity, when the X; are discrete-valued
random variables we assume each takes on some value
z; € {1,...,L} = L. Given a fixed assignment to Y
the observed and hidden nodes are related by observation

functions ¢;(z;,y:) = ¢i(z:i) : L — R. Adjacent hidden
nodes are related by the correlation functions v;;(z;, z;) :
L x L — R. The joint probability over X is given by

(H ¢.~(zi)) (Y

P(X)=';- I vz

(i.j)eP

The belief propagation algorithm introduces variables
such as m;;(z;) which can intuitively be understood as a
message from hidden node ¢ to hidden node j about what
state node j should be in. Messages are computed itera-
tively using the update algorithm

mii(zs) — Y | dil@)bis(as,z) [ muala)

zi€L keP()\j
(2)

and the marginal distribution of X; (the node’s belief) is
given by
b,'(z‘,') X ¢,~($,‘) H mj,'(.’b‘,'). (3)

JEP()
2.2, Belief propagation in particle networks

When a problem calls for continuous-valued random
variables X; € RP then ¢i(x;) : RP — R and
¥i;(x;,%:) : RP x RP — R and (1) now defines a prob-
ability density. In the continuous analogues of (2) and (3)
now m;;(-) and b;(-) are functions rather than L-element
arrays; in fact we will assume that they are normalisable
functions which can be interpreted as probability density
functions. Now (2) becomes

mi;(%;) ‘—/RD i (%5, %:)9:(x0) [ m(xi)dxi.
keP(i)\j
)

If the structure of the network is such that the marginal dis-
tribution at each node is Gaussian, this integral can be per-
formed exactly [19]. As noted above, if any of the m;; or
¢; violate this conditional linear Gaussian structure exact
inference is intractable and the m;; must be replaced by an
approximation; the PAMPAS algorithm uses particle sets.

At the heart of any algorithm for belief propagation with
particle sets is a Monte-Carlo approximation to the integral
in (4). We set out here a general algorithmic framework for
performing this approximation and in section 2.4 describe
the PAMPAS algorithm which is a specific implementation
suitable for common computer vision models.

The function

1
Pl (%) = 7. %i(x) IT muitxi) )
H kEP(I)\j

Meta 1002
p- 85



is denoted the foundation of message m,,( -) where Z;; isa
constant of proportionality which turns p;; M(.) into a proba-
bility density. A Monte-Carlo integration of (4) yields m;;,
an approximation of m,}, by drawing N samples from the
foundation s7; ~ p}/(-) and setting

N
1
i (5) = 55 D Wis(%5,85). ©
n=1

In general it is possible to pick an importance function
9i;(x;) from which to generate samples s7; ~ g;;(-) with
(unnormalised) importance weights 77; & pj; (s )/9(s%)
in which case the 7n;; is a weighted mixture

i %5 (X4, 8%;)- Q)
Zk—l t]‘nz—: 7T ’

When the marginal distribution over x; is required, samples
s can be drawn from the estimated belief distribution

mij(x;) =

bi(xi) = %‘ﬁi(xi) IT i) ®
) J€P()

either directly or by importance sampling as above and
these samples can be used to compute expectations over the
belief, for example its mean and higher moments. By fix-
ing a set of samples s} at each node a Gibbs sampler can
be used to generate samples from the joint distribution over
the graph and this is described in section 2.4.

2.3. Choice of importance function

Some limitations of the approach in section 2.2 can
be seen by considering a simple example. Suppose that
we wish to perform inference on a three-node network
(X1, X2, X3) which has the chain structure:

P1)=(2), P@2)=(1,3), P(3)=(2).

Two distinct inference chains are being sampled: X; —
X; — X3 and X3 — X3 — X; but the information is
not combined in any of the messages; there is no “mix-
ing” between the forward and backward directions. This
situation also arises whenever there is a layered structure to
the graph with a set of low-level nodes passing information
up to higher levels and high-level information propagating
back down. Of course the belief does correctly incorpo-
rate information from both directions, but the efficiency of a
Monte Carlo algorithm is strongly dependent on the sample
positions so if possible we would like to use all the available
information when choosing these positions.

One solution is to use importance sampling for some of
the particles [16] and a natural choice of function is the cur-
rent belief estimate g(x,) = b;(x;) in which case the impor-
tance weights are mj; = 1/m;i(s];). In the context of the

simple chain given above this algorithm amounts to smooth-
ing the distribution. Smoothing has been proposed for par-
ticle filters [12] but previous algorithms merely updated the
particle weights in a backward pass rather than generating
new particle positions localised in regions of high belief.

2.4. The PaMPAs algorithm

A property of many computer vision models is that the
potentials 1;;(x;, X;) can be written as a mixture of Gaus-
sians and that the likelihoods ¢;(x;) are complex and dif-
ficult to sample from but can be evaluated up to a multi-
plicative constant. We now describe the PAMPAS algorithm
which is specialised to perform belief propagation for this
type of model, section 2.5 includes a brief sketch of a more
general algorithm [24] for which these Gaussian restrictions
do not apply.

For notational simplicity we describe the case that each
potential is a single Gaussian plus a Gaussian outlier pro-
cess though the extension to mixtures of Gaussians is
straightforward. Setting A° to be the fixed outlier proba-
bility and p;; and A;; the parameters of the outlier process,

¥ij (%5, %) = (1 = XN (%55 fi (x:), Gij (x3)) + ©

AN (%55 pij, Aiz)
where f;;(-) and G;;(-) are deterministic functions, poten-
tially non-linear, respectively computing the mean and co-
variance matrix of the conditional Gaussian distribution.
Each message approximation m;; is now a mixture of N
Gaussians:

. 1 —A°
m‘J(xJ ( ) Z N(xJ’ flJ(stj) Gi](su )
k—l l] n=1
+ NN (x5 pij, Aij)
10)

where N’ = N — 1 is the number of samples drawn during
the Monte-Carlo integration. The message is summarised
by N triplets:

mij = {(7]},85;,A%) : 1<n < N} 1)

where 7fy, s} and Af] correspond to the outlier process
and are fixed throughout the algorithm. A potential which
encodes a mixture of J Gaussians with K Gaussian outliers
will lead to N’ = (N — K)/J which is only practical for
fairly small values of J.

As indicated in section 2.3 it makes sense to importance-
sample some fraction of the message particles from the ap-
proximate betief distribution. In fact, because ¢; is assumed
to be hard to sample from but easy to evaluate, we will
use importance sampling for all the particles but with two
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distinct importance distributions and corresponding weight
functions. A fraction (1 — v)N' of the particles, by slight
abuse of terminology, are denoted direct samples:

S~ [T )
i keP(i)\j

5 = ¢i(s]y)

and the remaining vN' particles we will refer to as impor-

tance samples:
IT Aitx)
i keP(i)
™y = ¢i(s3)/mgi(si;)-

Note that if the network is a forward chain where P(i) =
1 — 1 and v = 0 the algorithm reduces exactly to a standard
form of particle filtering [11].

Both (12) and (13) require sampling from a foundation
F which is the product of D mixtures indexed by a label
vector L = (Iy,...,lp):

(12)

s~ =

13)

1
) =7 2N (s pr, Ar) (14)
L
where from the standard Gaussian product formula
D D
ATY =) (AT Af'e =) (AT (9)
d=1 d=1
Hd— :I"ii M i!d)
. 16
ne N( wz,AL) (16)

This product F is a Gaussian mixture with N2 compone-
nents so direct sampling is effectively infeasible for D > 3
for reasonable N. Methods for overcoming this difficulty
are discussed in sections 2.5 and 4. The PAMPAS message
update algorithm is given in figure 1.

When N belief samples s have been drawn for each
node in & they can be used to sample from the joint dis-
tribution over the graph. This can be done by Gibbs sam-
pling from the discrete probability distribution over labels
L' = (ly,...,lp) where L' indexes a sample sim at each of
the M nodes. The Gibbs sampler updates each component
of this label vector in turn where the marginal probability of
choosing label [; when the other labels are fixed is

P(ld=n ¢d(5 H ’(,[)],(S“SJ)

JEP(i)

amn

2.5. Comparison with the NBP algorithm

Sudderth et al [23, 24] have independently developed
an almost identical algorithm for performing belief prop-
agation with the aid of particle sets, which they call Non-
Parametric Belief Propagation, or NBP. In order to deal with

1. Draw samples from the incoming message product.
(@ Forl1<n<(1-v)(N-1):
i. Draw 8% ~ [[epqayy; Mi(*)-
ii. Set#] =1/(N - 1).
®) For(1-v)(N—-1)<n<N-1
i. Draw §}; ~ erp(‘.) mi(*).
©) For(l—l/)( )<n<N—1
i. Set 7Tij = V7ij/z:k=l+(l—u)(N—1) '71’;

2. Apply importance correction from likelihood. For
1<n<N-1

(a) Set @l = @[ hi(8F)
3. Store normalised weights and mixture components.
For1<n<N-1:
@) Setnly = (1—af)al/ Yoo 7k
(b) Setsy; = fi;(8).
(c) Set A% = Gy;(8%).

Figure 1. The message update algorithm.

the exponential blowup in the message product as D in-
creases, they introduce a Gibbs sampler which is sketched
below. We have used this Gibbs sampler for the central node
in the jointed object model of section 3.3 which has 4 in-
coming messages.

The main remaining difference between the algorithms
is the way in which the message foundations are inter-
preted. In [24] N samples r}; are generated from p;} M(x;)
and then for each rj} a smgle sample sj; is generated by
sampling from the potential 1;;(-, r}). The message mix-
ture 14;(x;) is then formed by placing identical diagonal-
covariance Gaussian kernels about the s7;. This additional
smoothing kernel leads to variance eshmates which are bi-
ased upwards of their true values. This step is unnecessary
when the potentials are small mixtures of Gaussians so we
omit it; thus we achieve unbiased kerel estimates as well
as generating less noisy samples from the message distri-
bution, and in addition we do not have the problem of se-
lecting a kernel width. The advantage of the technique in
[24] is that it allows more general potentials which are not
mixtures of Gaussians. Note that if the potentials are com-
plex (for example a mixture of J = 100 Gaussians) neither
approach will adequately represent the product unless N is
very large. The two algorithms also differ in the application
of ¢; and NBP is specialised to models where ¢; is slowly
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varying with respect to the kernel bandwidth.
Sudderth et al [23, 24] propose a Gibbs sampler which
performs approximate sampling from the message product
F in O(K DN) operations per sample, where K is the num-
ber of iterations of the sampler. A sample is drawn from F'
by first choosing a label vector L using a Gibbs sampler
and then generating a random sample from the Gaussian
Fp. The Gibbs sampler works by sampling [; with all the
other labels in L held fixed for each d in turn. With all of
L but I fixed the marginal product-component weights are
given by
o W&‘/.\.f(wk‘;/\b‘)
N ( yHL™ AL")

where L™ = (l,...,l4-1,n,lg+1,...,ID).

We use this sampler with K = 100 in section 3.3 for one
message product where D = 4. Generating an entire mes-
sage using the Gibbs sampler takes O( K DN?2) operations
which is preferable to brute force sampling when D > 3
in cases where KD has the same order of magnitude as
N. While {23] and [24] demonstrate that the Gibbs sam-
pler is very effective for some applications, we have found
that in clutter the algorithm may generate samples in re-
gions with very low probability mass. This can lead to prob-
lems when importance sampling since some of the 772; (s7;)
in (13) may be very small relative to other samples leading
to a high weight ]} which suppresses the other samples in
the set. As a workaround we adopted a heuristic to smooth
these importance weights by replacing any 7;; > 0.25v by

18)

n% — (v —3)/6

y (19)

and renormalising (recall from step 1c in figure 1 that 77} <
v). We believe that the problem of generating good sam-
ples from a product of mixtures when D is large is an open
research question, and discuss this further in section 4.

3. Results
3.1. Edge linking models

We exercised the algorithm using a simple edge model.
In these experiments each node in the graph corresponds
to an “edgel” x; = (zi,%:, ai, A;) € R where (z;, ;) is
an image coordinate, a; is an orientation angle and J; is the
distance between adjacent edgels. We use a simple diagonal
Gaussian conditional distribution model for j = i+ 1 where

Yij (x5, %) =
N(zjzi+ M COSOti,az) X Ny 9 + i sina,-,af,) X
Nlaj;ai,02) x N(Xj; A, 03)

and the model for j = i—11is the same but in reverse. A sim-
ilar model has been used for pixel-based illusory contour

completion [1, 25] as well as finding segmentation edges
using particle filtering [21], and if the ¢; are Gaussian it
is very similar to the standard snake model [15]). Figure 2
demonstrates the effectiveness of importance sampling us-
ing the belief distribution. The top images show messages

Figure 2. Importance sampling mixes infor-
mation from forward and backward chains.
The top images show the messages passed
forwards and backwards along a chain in
black and white respectively, and the bottom
images show the resulting beliefs. Each dis-
played edgel is the mean of a Gaussian mix-
ture component. On the left no importance
sampling is used and the forward and back-
ward messages do not interact. With impor-
tance sampling (v = 0.5) the message parti-
cles are guided to areas of high belief; this
is shown on the right after 5 iterations of the
algorithm.

and the bottom beliefs, and the ¢; are uniform to emphasise
the sampling behaviour in the absence of image data. The
left column shows a run of the PAMPAS algorithm with no
importance sampling (v = 0) on a 16-link chain where each
end of the chain is initialised from a different prior distribu-
tion. Since there is no interaction between the forward and
backward messages the particles spread away from each end
in a random walk producing the noisy belief distribution
shown below. The right column shows the same particle
sets after 5 iterations of the algorithm now using importance
sampling with v = 0.5. The message particles become con-
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centrated in areas of high belief making the belief estimates
below less noisy.

In the absence of image measurements the above model
is Gaussian and so the belief could be estimated by a vari-
ety of methods. The cluttered image data used in figure 3
causes the marginals to become highly non-Gaussian; the
algorithm converges on a globally plausible solution despite
strong local distractors. Here the ¢; used are simple robust
gradient-affinity operators. The incorporation of informa-
tion along the chain in both directions can be expected to
improve the performance of e.g. the Jetstream algorithm
[21] which is a particle-based edge finder.

ing at its designated corner pointing in one of the two edge
directions. At the untethered end of a chain from corner cis
a “connector” edgel which is attached to (conditionally de-
pendent on) the connectors at the ends of the 2C — 2 other
chains not starting from corner c. We use the same edgel
model as in section 3.1 but now each node state-vector x;
is augmented with a discrete label v; denoting which of the
2C — 2 partner chains it matches, and the potentials at the
connector are modified so that 1;;(x;, x;) = 0 when v; and
v; do not match. This special form of potential allows us
to form the message product in O(N2C) operations rather
than O(N23€-1) as a naive approach would dictate.Space
does not permit a full description of the algorithm here but
it is very similar to the Mixed Markov Model approach [8].
Figure 4 shows the model being applied to two scenarios
with C = 6 in both cases. First, C, = 11w /36 which
leads to two overlapping triangles with slightly concave
edges when the chains are linked by the algorithm. Sec-
ondly, C, = 77 /9 which leads to a slightly convex regular
hexagon. The same parameters are used for the models in
both cases, so the algorithm must adapt the edgel lengths to
cope with the differing distances between target corners.

Figure 3. An edge linking model finds global
solutions. The images show (in raster order)
the belief estimates after 1, 5, and 10 itera-
tions, and 7 samples from the joint graph af-
ter 10 iterations. The belief stabilises on a
bimodal distribution with most of the weight
of the distribution on the continuous edge as
can be seen on the bottom right image.

3.2. Illusory contour matching

We tested the algorithm on an illusory-contour find-
ing problem shown in figure 4. The input image has C
“pacman”-like corner points where the open mouth defines
two edge directions leading away from the corner separated
by an angle C,. The task is to match up the edges with
smooth contours. We construct 2C chains each of four
links, and each is anchored at one end with a prior start-

Figure 4. The PaMPASs algorithm performs illu-
sory contour completion. Depending on the
angle at which the chains leave the corner
positions, the belief converges on either two
overlapping triangles or a single hexagon.

3.3. Finding a jointed object in clutter

Finally we constructed a graph representing a jointed ob-
ject and applied the PAMPAS algorithm (combined with the
Gibbs sampler from [24]) to locating the object in a clut-
tered scene. The model consists of 9 nodes; a central cir-
cle with four jointed arms each made up of two rectangular
links. The circle node x; = (Zo, Yo, 7o) encodes a position
and radius. Each arm node x; = (z;,y;, as, w;, hi),2 <
i < 9 encodes a position, angle, width and height and
prefers one of the four compass directions (to break sym-
metry). The arms pivot around their inner joints, so the po-

Meta 1002
p- 89



tential to go from an inner arm 2 < ¢ < 5 to the outer arms
j =1+ 4isgivenby

zj = x; + hicos(ay) +N(-;0,cr§)
y; = ¥i + hisin(a) + N(;0,02)
a; =a; + N(-;0,02)
w; = w; + N(50,02) hj = h; + N(50,02)

and the 1;(xi,x1) from the circle outwards are similar.
Going from the outer to the inner arm, the potential is not
Gaussian but we approximate it with the following:

z; = z; — hj cos(as) + N (50, hjos| sin((i — 2)m/2)|02)
¥i =y; — hjsin(a;) + N(;;0,hjo,| cos(( — 2)7r/2)|a,2,)
o = o + N(:;0,02)

w; = wj +N(;0,02) hi = hj + N(-0,02).

The ;1 (x1, X;) are straightforward:
o1 =z + N(50,02) w1 =w+N(;0,02)
1 = 0.5(wi/by + hi/0n) + N(+0,02).

The object has been placed in image clutter in figure 5.
The clutter is made up of 12 circles and 100 rectangles
placed randomly in the image. The messages are initialised
with a simulated specialised feature detector: x; is sam-
pled from positions near the circles in the image and the
arms are sampled to be near the rectangles, with rectangles
closer to the preferred direction of each arm sampled more
frequently. Each node contains N = 75 particles so the
space is undersampled. After initialisation the PAMPAS al-
gorithm (using the Gibbs sampler from [24] for the circle’s
messages and belief) is iterated without further recourse to
the “feature detector” information. All of the potentials in-
clude a Gaussian outlier covering the whole image which
allows samples to be generated far from the initialisation
particles. After two or three iterations the belief distribu-
tion has converged on the object. In this case it might be
argued that it would be more straightforward to simply de-
tect the circles and perform an exhaustive search near each.
The second example of figure 5 demonstrates the power of
the probabilistic modelling approach, since now the circle at
the centre of the object has not been displayed, simulating
occlusion. Of course no x; initialisation samples are gener-
ated near the “occluded” circle, but even after one iteration
the belief at that node has high weight at the correct loca-
tion due to the agreement of the nearby arm nodes. After a
few iterations the belief has converged on the correct object
position despite the lack of the central circle.

4. Conclusion

We have concentrated in this paper on examples with
synthetic data in order to highlight the working of the PAM-

Figure 5. A jointed object is located in clut-
ter. Two experiments are shown, with and
without a simulated occlusion. The top two
images show a sample from the joint distri-
bution for each experiment, while the lower
images show the full distributions. The sec-
ond experiment models an occluded object
with no circle present in the image where the
belief has placed it. This experiment uses the
Gibbs sampler from [24] to form the message
product for the central node.
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PAS algorithm. The applications we have chosen are highly
suggestive of real-world problems, however, and we hope
the promising results will stimulate further research into
applying continuous-valued graphical models to a variety
" of computer vision problems. Sections 3.1 and 3.2 suggest
a variety of edge completion applications. Section 3.3 in-
dicates that the PAMPAS algorithm may be effective in lo-
cating articulated structures in images, in particular people.
Person-finding algorithms exist already for locating and
grouping subparts [20] but they do not naturally fit into a
probabilistic framework. Recently several researchers have
had promising results finding jointed structures in images
using discretised graphical model representations [6, 10, 4].
Both discretising and using the PAMPAS algorithm result
in approximations, and the tradeoffs between the two ap-
proaches remain to be investigated.

One obvious advantage of using a graphical model rep-
resentation is that it extends straightforwardly to tracking,
simply by increasing the size of the graph and linking nodes
in adjacent timesteps. Another area of great interest is link-
ing the continuous-valued graph nodes to lower-level nodes
which may be discrete-valued as in [13]. In fact, researchers
in the biological vision domain have recently proposed a
hierarchical probabilistic structure to model human vision
which maps closely onto our algorithmic framework [17].

We are performing current research, to be published else-
where, into the problem of sampling from products of Gaus-
sian mixtures. The Gibbs sampler of [24] is very flexi-
ble and straightforward to implement and performs well on
some important models, but for cluttered distributions of
the type we have encountered K must be set prohibitively
large to get reliable samples. We have developed heuris-
tic algorithms to address this clutter problem which per-
form well on our test applications, but are only practical
for D < 9. The design of an efficient, generally effective
sampler which scales to large D remains an open problem.
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Abstract

This paper describes a pedestrian detection system that in-
tegrates image intensity information with motion informa-
tion. We use a detection style algorithm that scans a detec-
tor over two consecutive frames of a video sequence. The
detector is trained (using AdaBoost) to take advantage of
both motion and appearance information to detect a walk-
ing person. Past approaches have built detectors based on
motion information or detectors based on appearance in-
formation, but ours is the first to combine both sources of
information in a single detector. The implementation de-
scribed runs at about 4 frames/second, detects pedestrians
at very small scales (as small as 20x15 pixels), and has a
very low false positive rate.

Our approach builds on the detection work of Viola and
Jones. Novel contributions of this paper include: i) devel-
opment of a representation of image motion which is ex-
tremely efficient, and ii) implementation of a state of the
art pedestrian detection system which operates on low res-
olution images under difficult conditions (such as rain and
snow).

1 Introduction

Pattern recognition approaches have achieved measurable
success in the domain of visual detection. Examples include
face, automobile, and pedestrian detection [14, 11, 13, 1, 9].
Each of these approaches use machine learning to construct
a detector from a large number of training examples. The
detector is then scanned over the entire input image in order
to find a pattern of intensities which is consistent with the
target object. Experiments show that these systems work
very well for the detection of faces, but less well for pedes-
trians, perhaps because the images of pedestrians are more
varied (due to changes in body pose and clothing). Detec-
tion of pedestrians is made even more difficult in surveil-
lance applications, where the resolution of the images is
very low (e.g. there may only be 100-200 pixels on the
target). Though improvement of pedestrian detection using
better functions of image intensity is a valuable pursuit, we
take a different approach.

Michael J. Jones
Microsoft Research  Mitsubishi Electric Research Labs
mjones @merl.com

Daniel Snow
Mitsubishi Electric Research Labs
snow@merl.com

This paper describes a pedestrian detection system that
integrates intensity information with motion information.
The pattern of human motion is well known to be readily
distinguishable from other sorts of motion. Many recent
papers have used motion to recognize people and in some
cases to detect them ([8, 10, 7, 3]). These approaches have
a much different flavor from the face/pedestrian detection
approaches mentioned above. They typically try to track
moving objects over many frames and then analyze the mo-
tion to look for periodicity or other cues.

Detection style algorithms are fast, perform exhaustive
search over the entire image at every scale, and are trained
using large datasets to achieve high detection rates and very
low false positive rates. In this paper we apply a detec-
tion style approach using information about motion as well
as intensity information. The implementation described is
very efficient, detects pedestrians at very small scales (as
small as 20x15 pixels), and has a very low false positive
rate. The system is trained on full human figures and does
not currently detect occluded or partial human figures.

Our-approach builds on the detection work of Viola and
Jones [14]. Novel contributions of this paper include: i)
development of a representation of image motion which is
extremely efficient, and ii) implementation of a state of the
art pedestrian detection system which operates on low res-
olution images under difficult conditions (such as rain and
SNOW).

2 Related Work

The field of human motion analysis is quite broad and has a
history stretching back to the work of Hoffman and Flinch-
baugh [6]. Much of the field has presumed that the moving
object has been detected, and that the remaining problem
is to recognize, categorize, or analyze the long-term pattern
of motion. Interest has recently increased because of the
clear application of these methods to problems in surveil-
lance. An excellent overview of related work in this area
can be found in the influential paper by Cutler and Davis
[3]. Cutler and Davis describe a system that is more direct
than most, in that it works directly on images which can be
of low resolution and poor quality. The system measures
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periodicity robustly and directly from the tracked images.
Almost all other systems require complex intermediate rep-
resentations, such as points on the tracked objects or the
segmentation of legs. Detection failures for these interme-
diates will lead to failure for the entire system.

In contrast our system works directly with images ex-
tracting short term patterns of motion, as well as appear-
ance information, to detect all instances of potential objects.
There need not be separate mechanisms for tracking, seg-
mentation, alignment, and registration which each involve
parameters and adjustment. One need only select a feature
set, a scale for the training data, and the scales used for de-
tection. All remaining tuning and adjustment happens auto-
matically during the training process.

Since our analysis is short term, the absolute false posi-
tive rate of our technique is unlikely to be as low as might
be achieved by long-term motion analysis such as Cutler
and Davis. Since the sources of motion are large, random
processes may generate plausible “human” motion in the
short term. In principle the two types of techniques are quite
complimentary, in that hypothetical objects detected by our
system could be verified using a long-term analysis.

The field of object detection is equally broad. To our
knowledge there are no other systems which perform direct
detection of pedestrians using both intensity and motion in-
formation. Key related work in the area use static intensity
images as input. The system of Gavrila and Philomen [4]
detects pedestrians in static images by first extracting edges
and then matching to a set of exemplars. This is a highly
optimized and practical system, and it appears to have been
a candidate for inclusion in Mercedes automobiles. Never-
theless published detection rates were approximately 75%
with a false positive rate of 2 per image.

Other related work includes that of Papageorgiou et. al
[9]. This system detects pedestrians using a support vector
machine trained on an overcomplete wavelet basis. Because
there.is no widely available testing set, a direct comparison
with our system is not possible. Based on the published ex-
periments, the false positive rate of this system was signifi-
cantly higher than for the related face detection systems. We
conjecture that Papageorgiou et al.’s detection performance
on static images would be very similar to our experiments
on static images alone. In this case the false positive rate
for pedestrian detection on static images is approximately
10 times higher than on motion pairs.

3 Detection of Motion Patterns

The dynamic pedestrian detector that we built is based on
the simple rectangle filters presented by Viola and Jones
[14] for the static face detection problem. We first extend
these filters to act on motion pairs. The rectangle filters
proposed by Viola and Jones can be evaluated extremely

=

Figure 1: Example rectangle filters shown relative to the
enclosing detection window. The sum of the pixels which
lie within the lighter rectangles are subtracted from the sum
of pixels in the darker rectangles. For three-rectangle filters
the sum of pixels in the darker rectangle is multiplied by 2
to account for twice as many lighter pixels.

rapidly at any scale (see figure 1). They measure the dif-
ferences between region averages at various scales, orienta-
tions, and aspect ratios. While these features are somewhat
limited, experiments demonstrate that they provide useful
information that can be boosted to perform accurate classi-
fication.

Motion information can be extracted from pairs or se-
quences of images in various ways, including optical flow
and block motion estimation. Block motion estimation re-
quires the specification of a comparison window, which de-
termines the scale of the estimate. This is not entirely com-
patible with multi-scale object detection. In the context of
object detection, optical flow estimation is typically quite
expensive, requiring 100s or 1000s of operations per pixel.

Let us propose a natural generalization of the Viola-
Jones features which operate on the differences between
pairs of images in time. Clearly some information about
motion can be extracted from these differences. For exam-
pele, regions where the sum of the absolute values of the dif-
ferences is large correspond to motion. Information about
the direction of motion can be extracted from the difference
between shifted versions of the second image in time with
the first image.

Motion filters operate on 5 images:

A = abs(ly — I141)
U=abs(ly; — 41 1)
L =abs(l; — I141 «)
R =abs(Iy — I1+1 =)
D =abs(I; — Ity1 {)
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Figure 2: An example of the various shifted difference im-
ages used in our algorithm. The first two images are two
typical frames with a low resolution pedestrian pictured.
The following images show the A, U, D, L and R images
described in the text. Notice that the right-shifted image
difference (R) which corresponds to the direction of motion
shown in the two frames has the lowest energy.

where I, and I, are images in time, and {1, },+,—} are
image shift operators ( I; 1 is I; shifted up by one pixel).
See Figure 2 for an example of these images.

One type of filter compares sums of absolute differences
between A and one of {U, L, R, D}

Ji=ri(A) —7:i(S)

where S is one of {U, L, R, D} and r;() is a single box
rectangular sum within the detection window. These filters
extract information related to the likelihood that a particular
region is moving in a given direction.

The second type of filter compares sums within the same
motion image:

fi = ¢;(5)

where ¢; is one of the rectangle filters shown in figure 1.
These features measure something closer to motion shear.

Finally, a third type of filter measures the magnitude of
motion in one of the motion images:

ke =7(5)

where S is one of {U, L, R, D} and r¢() is a single box
rectangular sum within the detection window.

We also use appearance filters which are simply rectan-
gle filters that operate on the first input image, I;:

fm = ¢(L)

The motion filters as well as appearance filters can be
evaluated rapidly using the “integral image” [14, 2] of
{I:,A,U,L,R,D}.

Because the filters shown in figure 1 can have any size,
aspect ratio or position as long as they fit in the detection
window, there are very many possible motion and appear-
ance filters. The learning algorithm selects from this huge
library of filters to build the best classifier for separating
positive examples from negative examples.

A classifier, C, is a thresholded sum of features:

1 if YN, Fi(l;,AUL,RD)>8
C(l, It1) = { 0 Lll%ri\;i]set( t )
4]
A feature, F), is simply a thresholded filter that outputs

one of two votes.

a iffi(ItaA:U7LaRaD) >

Fi(Ii, It41) ={ B otherwise @

where ¢t; € R is a feature threshold and f; is one of the
motion or appearance filters defined above. The real-valued
a and § are computed during AdaBoost learning (as is the
filter, filter threshold ¢; and classifier threshold 8).

In order to support detection at multiple scales, the image
shift operators {1, |, <, —} must be defined with respect
to the detection scale. This ensures that measurements of
motion velocity are made in a scale invariant way. Scale in-
variance is achieved during the training process simply by
scaling the training images to a base resolution of 20 by 15
pixels. The scale invariance of the detection is achieved
by operating on image pyramids. Initially the pyramids
of I; and I;;, are computed. Pyramid representations of
{A,U, L, R, D} are computed as follows:

Al =abs(I} — If ;)
U = abs(I; - Itl+1 1)
L' =abs(I} - I, +)
R' =abs(I} - I}, -)
D' = abs(I} - I',, 1)

where X' refers to the the I-th level of the pyramid. Classi-
fiers (and features) which are learned on scaled 20x15 train-
ing images, operate on each level of the pyramid in a scale
invariant fashion. In our experiments we used a scale factor
of 0.8 to generate each successive layer of the pyramid and
stopped when the image size was less than 20x15 pixels.

4 Training Process

The training process uses AdaBoost to select a subset of fea-
tures and construct the classifier. In each round the learn-
ing algorithm chooses from a heterogenous set of filters,
including the appearance filters, the motion direction filters,
the motion shear filters, and the motion magnitude filters.
The AdaBoost algorithm also picks the optimal threshold
for each feature as well as the « and 3 votes of each feature.
The output of the AdaBoost learning algorithm is a clas-
sifier that consists of a linear combination of the selected
features. For details on AdaBoost, the reader is referred to
[12, 5]. The important aspect of the resulting classifier to
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Figure 3: Cascade architecture. Input is passed to the first
classifier with decides true or false (pedestrian or not pedes-
trian). A false determination halts further computation and
causes the detector to return false. A true determination
passes the input along to the next classifier in the cascade.
If all classifiers vote true then the input is classified as a true
example. If any classifier votes false then computation halts
and the input is classified as false. The cascade architecture
is very efficient because the classifiers with the fewest fea-
tures are placed at the beginning of the cascade, minimizing
the total required computation. :

note is that it mixes motion and appearance features. Each
round of AdaBoost chooses from the total set of the vari-
ous motion and appearance features, the feature with lowest
weighted error on the training examples. The resulting clas-
sifier balances intensity and motion information in order to
maximize detection rates.

Viola and Jones [14] showed that a single classifier for
face detection would require too many features and thus
be too slow for real time operation. They proposed a cas-
cade architecture to make the detector extremely efficient
(see figure 3). We use the same cascade idea for pedes-
trian detection. Each classifier in the cascade is trained to
achieve very high detection rates, and modest false positive
rates. Simpler detectors (with a small number of features)
are placed earlier in the cascade, while complex detectors
(with a large number of features are placed later in the cas-
cade). Detection in the cascade proceeds from simple to
complex.

Each stage of the cascade consists of a classifier trained
by the AdaBoost algorithm on the true and false positives
of the previous stage. Given the structure of the cascade,
each stage acts to reduce both the false positive rate and the
detection rate of the previous stage. The key is to reduce the
false positive rate more rapidly than the detection rate.

A target is selected for the minimum reduction in false
positive rate and the maximum allowable decrease in detec-
tion rate. Each stage is trained by adding features until the
target detection and false positives rates are met on a vali-
dation set. Stages of the cascade are added until the overall
target for false positive and detection rate is met.

Figure 5: A small sample of positive training examples. A
pair of image patterns comprise a single example for train-
ing.

5 Experiments

5.1 Dataset

We created a set of video sequences of street scenes with
all pedestrians marked with a box in each frame. We have
eight such sequences, each containing around 2000 frames.
One frame of each sequence used for training along with the
manually marked boxes is shown in figure 4.

5.1.1 Training Set

We used six of the sequences to create a training set from
which we leamed both a dynamic pedestrian detector and
a static pedestrian detector. The other two sequences were
used to test the detectors. The dynamic detector was trained
on consecutive frame pairs and the static detector was
trained on static patterns and so only uses the appearance
filters described above. The static pedestrian detector uses
the same basic architecture as the face detector described in
[14].

Each stage of the cascade is a boosted classifier trained
using a set of 2250 positive examples and 2250 negative
examples. Each positive training example is a pair of 20
x 15 pedestrian images taken from two consecutive frames
of a video sequence. Negative examples are similar image
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Figure 4: Sample frames from each of the 6 sequences we used for training. The manually marked boxes over pedestrians

are also shown.

pairs which do not contain pedestrians. Positive examples
are shown in figure 5. During training, all example images
are variance normalized to reduce contrast variations. The
same variance normalization computation is performed dur-
ing testing.

" Each classifier in the cascade is trained using the original
2250 positive examples plus 2250 false positives from the
previous stages of the cascade. The resulting classifier is
added to the current cascade to construct a new cascade with
a lower false positive rate. The detection threshold of the
newly added classifier is adjusted so that the false negative
rate is very low. The threshold is set using a validation set
of image pairs.

Validation is performed using full images which contain
marked postive examples. The validation set for these ex-
periments contains 200 frame pairs. The threshold of the
newly added classifier is set so that at least 99.5% of the
pedestrians that were correctly detected after the last stage
are still correctly detected while at least 10% of the false
positives after the last stage are eliminated. If this target
cannot be met then more features are added to the current

classifier.

The cascade training algorithm also requires a large set
of image pairs to scan for false postives. These false posi-
tives form the negative training examples for the subsequent
stages of the cascade. We use a set of 4600 full image pairs
which do not contain pedestrians for this purpose. Since
each full image contains about 50,000 patches of 20x15 pix-
els, the effective pool of negative patches is larger than 20
million.

The static pedestrian detector is trained in the same way
on the same set of images. The only difference in the train-
ing process is the absence of motion information. Instead
of image pairs, training examples consist of static image
patches.

5.2 Training the Cascade

The dynamic pedestrian detector was trained using 54,624

filters which were uniformly subsampled from the much

larger set of all filters that fit in a 20 x 15 pixel window.
The static detector was trained using 24,328 filters also
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Figure 6: The first 5 filters learned for the dynamic pedes-
trian detector. The 6 images used in the motion and appear-
ance representation are shown for each filter.

Figure 7: The first 5 filters learned for the static pedestrian
detector.

uniformly subsampled from the total possible set. There are
fewer filters in the static set because the various types of
motion filters are not used.

The first 5 features learned for the dynamic detector are
shown in figure 6. It is clear from these that the detector
is taking advantage of the motion information in the exam-
ples. The first filter, for example, is looking for a difference
in the motion near the left edge of the detection box com-
pared to motion in the interior. This corresponds to the fact
that our examples have the pedestrian roughly centered and
so the motion is greatest in the interior of the detection box.
The second filter is acting on the first image of the input
image pair. It corresponds to the fact that pedetrians tend to
be in the middle of the detection box and stand out from the
background. Four of the first 5 filters act on one of the mo-
tion images. This confirms the importance of using motion
cues to detect pedestrians.

The first 5 features learned for the static detector are
shown in figure 7. The first filter is similar to the second
filter learned in the dynamic case. The second filter is sim-
ilar but focuses on the legs. The third filter focuses on the
torso.

Detection rate
° ° e
i b g

o
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o
w

- dynamic detector
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Figure 8: ROC curve on test sequence 1 for both the
dynamic and static pedestrian detectors. Both detectors
achieve a detection rate of about 80% with a false positive
rate of about 1/400,000 (which corresponds to about 1 false
positive every 2 frames for the 360x240 pixel frames of this
sequence).

5.3 Detection Results

Some example detections for the dynamic detector are
shown in figure 10. The detected boxes are displayed on the
first frame of each image pair. Example detections for the
static case are shown in figure 11. It is clear from these ex-
amples that the static detector usually has many more false
positives than the dynamic detector. The top row of exam-
ples are taken from the PETS 2001 dataset. The PETS se-
quences were acquired independently using a different cam-
era and a different viewpoint from our training sequences.
The detector seems to generalize to these new sequences
quite well. The bottom row shows test performed using our
own test data. The left two image sequences were not used
during training. The bottom right image is a frame from the
same camera and location used during training, though at a
different time. This image shows that the dynamic detector
works well under difficult conditions such as rain and snow,
though these conditions did not occur in the training data.
We also ran both the static and dynamic detectors over
test sequences for which ground truth is available. From
these experiments the false positive rate (the number of false
positives across all the frames divided by the total number
of patches tested in all frames) and a false negative rate (the
total number of false negatives in all frames divided by the
total number of faces in all frames) were estimated.
. Computation of a full ROC curve is not a simple mat-
ter, since the false positive and negative rates depend on the
threshold chosen for all layers of the cascade. By adjust-
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ROC curve for pedestrian detection on test sequence 2
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Figure 9: ROC curve on test sequence 2 for both the dy-
namic and static pedestrian detectors. The dynamic detec-
tor has much greater accuracy in this case. At a detection
rate of 80%, the dynamic detector has a false positive rate of
about 1/400,000 while the static detector has a false positive
rate of about 1/15,000.

ing these thresholds one at a time we get a ROC curve for
both the dynamic and static detectors. These ROC curves
are shown in figures 8 and 9. The ROC curve for the dy-
namic case is an order of magnitude better on sequence 2
than the static case. On sequence 1, the dynamic detector is
only slightly better than the static one. This is probably due
to the fact that sequence 2 has some highly textured areas
such as the tree and grass that are more likely to cause false
positives in the static case.

6 Conclusions

We have presented a detection style algorithm which com-
bines motion and appearance information to build a robust
model of walking humans. This is the first approach that we
are aware of that combines both motion and appearance in a
single model. Our system robustly detects pedestrians from
a variety of viewpoints with a low false positive rate.

The basis of the model is an extension of the rectangle
filters from Viola and Jones to the motion domain. The ad-
vantage of these simple filters is their extremely low com-
putation time. As a result, the pedestrian detector is very
efficient. It takes about 0.25 seconds to detect all pedestri-
ans in a 360 x 240 pixel image on a 2.8 GHz P4 processor.
About 0.1 seconds of that time is spent actually scanning
the cascade over all positions and scales of the image and
0.15 seconds are spent creating the pyramids of difference
images. Using optimized image processing routines we be-

lieve this can be further improved.

The idea of building efficient detectors that combine both
motion and appearance cues will be applicable to other
problems as well. Candidates include other types of human
motion (running, jumping), facial expression classification,
and possible lip reading.
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Figure 11: Example detections for the static detector.
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¢ $130 Late oath or declaration Surcharge.

Replies should be mailed to:  Mail Stop Missing Parts
Commissioner for Patents
P.O. Box 1450
Alexandria VA 22313-1450
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As below named inventor, | hereby declare that:
My residence, post office address and citizenship are as stated below next to my name.
| believe | am the original, first and sole inventor (if only one name is listed below) or an
original, first and joint inventor (if plural names are listed below) of the subject matter which is
claimed and for which a patent is sought on the invention entitled:
GRAPHICAL OBJECT MODELS FOR DETECTION AND TRACKING
the specification of which (check one)

is attached hereto, and

_X_was filed on 05.23.05 as Application Serial No. 11/135,210.

| hereby state that | have reviewed and understand the contents of the above-identified
specification including the claims, as amended by any amendment referred to above.

| acknowledge the duty to disclose information which is material to the examination of
this application in accordance with 37 CFR §1.56(a).

PRIOR FOREIGN/PCT APPLICATION(S) FILED WITHIN 12 MONTHS (6 MONTHS FOR
DESIGN) PRIOR TO THIS APPLICATION AND ANY PRIORITY CLAIMS UNDER 35 U.S.C. §
119(a)-(d)

| hereby claim foreign priority benefits under 35 USC §119 of any foreign application(s)
for patent or inventor's certificate listed below and have also identified below any foreign
application for patent or inventor's certificate having a filing date before that of the application
on which priority is claimed:

Prior Foreign Application(s) . Priority Claimed

Number Country Filing Date Yes No

IDNR: 7027 / V: 04.10.15/ B: Val
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Serial No.
Atty. Dkt. 2004P09036 US01

CLAIM FOR BENEFIT OF PRIOR U.S. PROVISIONAL APPLICATION(S)
(35 U.S.C. § 119(e))

| hereby claim the benefit under Title 35, United States Code, § 119(e) of any United States

provisional application(s) listed below:

Provisional Application Number

Filing Date

60/574,799

05.27.04

CLAIM FOR BENEFIT OF EARLIER US/PCT APPLICATION(S)
UNDER 35 U.S.C. 120

| hereby claim the benefits under 35 USC §120 of any United States application(s) listed
below and, insofar as the subject matter of each of the claims of this application is not disclosed
in the prior United States application in the manner provided by the first paragraph of 35 USC
§112, | acknowledge the duty to disclose material information as defined in 37 CFR §1.56 which
occurred between the filing date of the prior application and the national or PCT international

filing date of this application:

Appl. No. Filing Date

Patented, Pending, Abandoned

Power of Attorney:

| hereby appoint practitioners associated with customer number 28524 to prosecute this
application and transact all business in the Patent and Trademark Office connected therewith.

Send Correspondence to:

Customer No. 28524
Siemens Corporation

Direct inquiries to:
Elsa Keller, Legal Administrator
Tel. 732-321-3026
Fax 732-321-3014
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Serial No.
Atty. Dkt. 2004P09036 USO01

| hereby declare that all statements made herein on my own knowledge are true and
that all statements made on information and belief are believed to be true, and further that
these statements were made with the knowledge that willful false statements and the like so
made are punishable by fine or imprisonment, or both under 18 USC §1001 and that such willful
false statements may jeopardize the validity of the application or any patent issuing thereon.

Full Name of First Inventor:
Leonid Sigal

Inventor's Signature Date:

Residence: Providence, RI, UNITED STATES OF AMERICA

Citizenship: US

Post Office Address: 115 Waterman Street, 4th Floor, Providence, Rl 02912, UNITED
STATES OF AMERICA

Full Name of Second Inventor:

Ying Zhu ; A
VI

Inventor's Signature A;Z‘ﬂ)/t ) Date:.  F(7 / 0§~
e V T

Residence: Monmouth Junction, NJ, UNITED STATES OF AMERICA

Citizenship: CN

Post Office Address: 88 Kingsland Circle, Monmouth Junction, NJ 08852, UNITED

STATES OF AMERICA
Full Name of Third |nvﬁ\
Dorin Comaniciu QMJ\ L,
—
Inventor's Signature k Date: j/ CJ / (9 :3

Residence: Princeton Jct., NJ, UNITED STATES OF AMERICA

Citizenship: RO

Post Office Address: 2 Stuart In. West, Princeton Jt., NJ 08550, UNITED STATES OF
AMERICA
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DECLARATION FOR PATENT APPLICATION, POWER OF
ORNEY & DESIGNATION OF CORRESPONDENCE ADDRESS

¢ mADEM“#

As below named inventor, | hereby declare that:
My residence, post office address and citizenship are as stated below next to my name.
I believe | am the original, first and sole inventor (if only one name is listed below) or an
original, first and joint inventor (if plural names are listed below) of the subject matter which is
claimed and for which a patent is sought on the invention entitled:
GRAPHICAL OBJECT MODELS FOR DETECTION AND TRACKING
the specification of which (check one)

is attached hereto, and

_X_was filed on 05.23.05 as Application Serial No. 11/135,210.

| hereby state that | have reviewed and understand the contents of the above-identified

specification including the claims, as amended by any amendment referred to above.

I acknowledge the duty to disclose information which is material to the examination of

this application in accordance with 37 CFR §1.56(a).

PRIOR FOREIGN/PCT APPLICATION(S) FILED WITHIN 12 MONTHS (6 MONTHS FOR
DESIGN) PRIOR TO THIS APPLICATION AND ANY PRIORITY CLAIMS UNDER 35 U.S.C. §
119(a)-(d)

I hereby claim foreign priority benefits under 35 USC §119 of any foreign application(s)
for patent or inventor's certificate listed below and have also identified below any foreign
application for patent or inventor's certificate having a filing date before that of the application on

which priority is claimed:

Prior Foreign Application(s) Priority Claimed

Number Country Filing Date Yes No
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- Serial No.
Afty. Dkt. 2004P09036 USO1

CLAIM FOR BENEFIT OF PRIOR U.S. PROVISIONAL APPLICATION(S)
(35 U.S.C. § 119(e))

| hereby claim the benefit under Title 35, United States Code, § 119(e) of any United States
provisional application(s) listed below:

Provisional Application Number Filing Date

60/574,799 05.27.04

CLAIM FOR BENEFIT OF EARLIER US/PCT APPLICATION(S)
UNDER 35 U.S.C. 120

| hereby claim the benefits under 35 USC §120 of any United States application(s) listed
below and, insofar as the subject matter of each of the claims of this application is not disclosed
in the prior United States application in the manner provided by the first paragraph of 35 USC
§112, | acknowledge the duty to disclose material information as defined in 37 CFR §1.56 which
occurred between the filing date of the prior application and the national or PCT international
filing date of this application:

Appl. No. Filing Date Patented, Pending, Abandoned

Power of Attorney:
I hereby appoint practitioners associated with customer number 28524 to prosecute this
application and transact all business in the Patent and Trademark Office connected therewith.

Send Correspondence to:

Customer No. 28524
Siemens Corporation

Direct inquiries to:
Elsa Keller, Legal Administrator
Tel. 732-321-3026
Fax 732-321-3014
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Serial No.
Atty. Dkt. 2004P09036 US01

I hereby declare that all statements made herein on my own knowledge are true and that
all statements made on information and belief are believed to be true, and further that these
statements were made with the knowledge that willful false statements and the like so made are
punishable by fine or imprisonment, or both under 18 USC §1001 and that such wiliful false
statements may jeopardize the validity of the application or any patent issuing thereon.

Full Name of First Inventor:
Leonid Sigal

Inventor's Signature dagnld S & \ Date: F]|25) 2005

Residence: Providence, RI, UNITED STATES OF AMERICA

Citizenship: US

Post Office Address: 115 Waterman Street, 4th Floor, Providence, Rl 02912, UNITED
STATES OF AMERICA

Full Name of Second Inventor:
Ying Zhu

Inventor's Signature Date:

Residence: Monmouth Junction, NJ, UNITED STATES OF AMERICA

Citizenship: CN

Post Office Address: 88 Kingsland Circle, Monmouth Junction, NJ 08852, UNITED
STATES OF AMERICA

Full Name of Third Inventor:

Dorin Comaniciu

Inventor's Signature Date:

Residence: Princeton Jct., NJ, UNITED STATES OF AMERICA

Citizenship: RO

Post Office Address: 2 Stuart In. West, Princeton Jct., NJ 08550, UNITED STATES OF
AMERICA

BEST AVAILABLE COPY
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PATENT
First Named Applicant: Comaniciu (et al) Docket No.: 2004P09036US01
Serial No.: 11/135,210 Examiner: unassigned
Filed: 05.23.05 Group Art Unit: 2621
Title: GRAPHICAL OBJECT MODELS FOR DETECTION Date: 12.Sep.2005
AND TRACKING
CERTIFICATE OF MAILING

| hereby certify that correspondence is being deposited on
12.8Sep.2005 with the U.S. Postal Service with sufficient postage as
first class mail on the below-indicated date in an envelope addressed

to: Assistant Commissioner for Patents, Alexandria, VA 22313-1450

_M/fw-w

Donald B. Paschburg, Reg. No. )’(3,753

Mail Stop AF

Assistant Commissioner for Patents
P.0.Box 1450

Alexandria, VA 22313-1450

PETITION AND FEE FOR EXTENSION OF TIME
SUBMITTED PURSUANT TO 37 CFR 1.136(a)

Sir:
On 06/20/2005

X an Notice to File Missing Parts of Nonprovsional Application was issued in the above-entitled
case, setting a three month shortened statutory period for response.
a Notice of Appeal was filed.

Enclosed herewith is:
X a response to the outstanding Office Action.
an Appeal Brief.
a Continued Prosecution Application of the above-referenced application.

This is a petition for a one (1) month extension of time pursuant to 37 CFR 1.136(a). The
required fee should be charged to Deposit Account No. 19-2179, and a copy of this Petition is
enclosed for accounting purposes.

38 /V:03.05.20/ B: Val

09/15/2005 JBALINAN 00000049 192179 11133210
[ .
& FC:1251 120,00 DR
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The fee is believed to be

$ 120.00 per 37 CFR 1.17(a)(2)
-$ paid with previous petition dated

$ 120.00 Balance due PTO.

If this Petition is for an incorrect time period or if the above balance due is incorrect, please
treat this paper as a petition for the appropriate period and fee and charge/credit any fee
deficiencies/overpayments to Deposit Account No. 19-2179.

Respectfully submitted,

ﬂm&/z‘/

Donald B. Paschburg
Reg. No.: 33,753
Siemens Corporation
Intellectual Property Department
170 Wood Avenue South
Iselin, NJ 08830
Tel.No.: +1 (732) 321 3191

Enclosure:

VR
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P

PATENT
IN THE UNITED STATES PATENT AND TRADEMARK OFFICE
StRiafried Applicant: Sigal Docket No.: 2004P09036 USO1
Serial No.: 11/135,210 Examiner: Not yet assigned
Filed: May 23, 2005 Group Art Unit: 2621
Title: GRAPHICAL OBJECT MODELS FOR DETECTION Date: October 20, 2005
AND TRACKING
CERTIFICATE OF MAILING

| hereby certify that corespondence is being deposited on October
20, 2005 with the U.S. Postal Service with sufficient postage as first
class mail on the below-indicated date in an envelope addressed to:
Mail Stop DD, Commissioner for Patents, PO Box 1450, Alexandria,
VA 22313-1450

onald B. Paschburg, Reg. No. %,753

Mail Stop DD
Commissioner for Patents
P.O. Box 1450

Alexandria, VA 22313-1450

INFORMATION DISCLOSURE STATEMENT
Sir:

The documents listed on the accompanying Form PTO/SB/08a, and of which copies are
enclosed, are hereby cited pursuant to 37 CFR §1.56, §1.97 and §1.98, for consideration in the
examination of the above-identified application and for the purpose of having them made of record.
These documents were cited in an International Search Report (copy enclosed) in a related

application.

Respectfully submitted,

Leratit 5 %
Donald B. Paschburg

Reg. No.: 33,753

Siemens Corporation

Intellectual Property Department
186 Wood Avenue South

Iselin, NJ 08830

(732) 321-3191
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S \RFORMATION DISCLOSURE ——— May 23, 2005

PTO/SB/08a (05-03)
Approved for use through 04/30/2003. OMB 0651-0031
U.S. Patent and Trademark Office; U.S. DEPARTMENT OF COMMERCE

Under the Reduction Act of 1995, no are ired to o a collection of information unless it contains a valid OMB control number.
Substitute for form 1449A/PTO Complete if Known

Application Number 11/135,210

STATEMENT BY APPLICANT First Named lnventor Leonid Sigal

At Unit 2621
many sheets as necessary) Examiner Name Not yet assigned
| of |2 Attorney Docket Number | 2004P09036 US01

U.S. PATENT DOCUMENTS

Docu Name of Patentee or icant of
ment Number Publication Date Cited Dow,,s,‘,’,'" Pages, Columns, Lines, Where Relevant

MM-DD-YYYY Passages or Relevant
Figures Appear

Examiner Cite‘
initials © | No. Number - Kind Code® (if known)

1 Us-6,597,801 7/22/03 Chamet al.

US-

Us-

Us-

Us-

US-

Us-

US-

US-

Us-

US-

Us-

Us-

Us-

Us-

uUs-

Us-

US-

US-

Us-

FOREIGN PATENT DOCUMENTS

Foreign Patent Document Pages, Columns, Lines,

. . [ Name of Patentee or
Examiner | Cite Publica Applicant of Cited Where Relevant

Initials* No.' 3 a 5., Passages or Relevant
Country Code” - Number” - Kind Code” (if kn Document
untry umber 6" (if known) | \M.DD-YYYY Figures Appear i

2 EP 1217 572 A2 6/26/02 Chen et al.

Examiner Date

Signature Considered

*‘EXAMINER: Initial if reference considered, whether or not citation is in conformance with MPEP 609. Draw line through citation if not in conformance
and not considered. Include copy of this form with next communication to applicant. 1 Applicant's unique citation designation number (optional). 2 See
Kinds Codes of USPTO Patent Documents at www.uspto.gov or MPEP 901.04. 3 Enter Office that issued the document, by the two-letter code (WIPO
Standard ST.3). 4 For Japanese patent documents, the indication of the year of the reign of the Emperor must precede the serial number of the patent
document. 5 Kind of document by the appropriate symbols as indicated on the document under WIPO Standard ST. 16 if possible. 6 Applicant is to
place a check mark here if English language Translation is attached.

This collection of information is required by 37 CFR 1.97 and 1.98. The information is required to obtain or retain a benefit by the public which is to file
(and by the USPTO to process) an application. Confidentiality is governed by 35 U.S.C. 122 and 37 CFR 1.14. This collection is estimated to take 2
hours to complete, including gathering, preparing, and submitting the completed application form to the USPTO. Time will vary depending upon the
individual case. Any comments on the amount of time you require to complete this form and/or suggestions for reducing this burden, should be sent to
the Chief Information Officer, U.S. Patent and Trademark Office, U.S. Department of Commerce, P.O. Box 1450, Alexandria, VA 22313-1450. DO NOT
SEND FEES OR COMPLETED FORMS TO THIS ADDRESS. SEND TO: Commissioner for Patents, P.O. Box 1450, Alexandria, VA
22313-1450.

If you need assistance in completing the form, call 1-800-PTO-9199 and select option 2.
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PTO/SB/08b(05-03)

Approved for use through 04/30/2003. OMB 0651-0031

U.S. Patent and Trademark Office; U.S. DEPARTMENT OF COMMERCE
Under the Paperwork Reduction Act of 1995, no persons are required to respond to a collection of information unless it contains a valid OMB control number

(Substitute for fprm 1449A/PTO

ON DISCLOSURE
BY APPLICANT

STATEM
0T 2.4 100°

2y sheets as necessary)

Complete if Known

Application Number

11/135,210

Filing Date

May 23, 2005

First Named Inventor

Leonid Sigat

Group Art Unit

2621

Examiner Name

Not yet assigned

| of |

Attorney Docket Number

2004P08036 USO01

OTHER PRIOR ART - NON PATENT LITERATURE DOCUMENTS

Cite

Examiner )
No.

Initials *

Include name of the author (in CAPITAL LETTERS), title of the article (when appropriate), title of
the item (book, magazine, journal, serial, symposium, catalog, etc.), date, page(s), volume-issue T?
number(s), publisher, city and/or country where published.

Lan et al., "A unified spatio-temporal articulated model for tracking®, Computer Vision and Pattern Recognition,
3 2004, Proceedings of the 2004 IEEE Computer Society Conference on Washington, DC, 27 June - 2 July 2004,
Piscataway, NJ, Vol. 1, pp. 722-729.

4 Conference Record,

Donohoe, "Combining Segmentation and Tracking for the Classification of Moving Objects in Video Scenes”,
Asilomar Conference on Signals, Systems and Computers (Cat. No. 88CH2835-7),
Maple Press San Jose, CA, USA, Vol. 2, 31 October 1988, pp. 533-538.

Examiner
Signature

Date
Considered

*EXAMINER: Initial if reference considered, whether or not citation is in conformance with MPEP 609. Draw fine through citation if not in conformance
and not considered. Include copy of this form with next communication to appticant.
1 Applicant’s unique citation designation number (optional). 2 Applicant is to place a check mark here if English language Translation is attached.

This collection of information is required by 37 CFR 1.98. The information is required to obtain or retain a benefit by the public which is to file (and by
the USPTO to process) an application. Confidentiality is governed by 35 U.S.C. 122 and 37 CFR 1.14. This collection is estimated to take 120 minutes
to complete, including gathering, preparing, and submitting the completed application form to the USPTO. Time will vary depending upon the individual
case. Any comments on the amount of time you require to complete this form and/or suggestions for reducing this burden, should be sent to the Chief
Information Officer, U.S. Patent and Trademark Office, U.S. Department of Commerce, P.O. Box 1450, Alexandria, VA 22313-1450. DO NOT SEND
FEES OR COMPLETED FORMS TO THIS ADDRESS. SEND TO: Commissioner for Patents, P.O. Box 1450, Alexandria, VA 22313-

1450.

If you need assistance in completing the form, call 1-800-PTO-9199 and select option 2.
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Europiisches Patentamt
(19) 0’) European Patent Office
Office européen des brevets

AR GURARVATAORTRTaEAn

(1) EP 1217572 A2

(12) EUROPEAN PATENT APPLICATION

(43) Date of publication:
26.06.2002 Bulletin 2002726

(21) Applicafion number: 01204728.8

(22) Date of filing: 06.12.2001

(51) intci.”. GOBK 9/00

(84) Designated Contracting States:
ATBECHCYDEDKESFIFRGBGRIEITLILVU

(72) Inventors:
¢ Chen, Shoupu

MC NL PTSETR Rochester, New York 14650-2201 (US)
Designated Extension States: * Ray, Lawrence A.
AL LT LV MK RO Si Rochester, New York 14650-2201 (US)

(30) Priority: 19.12.20600 US 740422

(74) Representative:
Nunney, Ronald Frederick Adolphe et al

(71) Applicant: EASTMAN KODAK COMPANY Kodak Limited,
Rochester, New York 14650 (US) Patents, W92-3A,
Headstone Drive

Harrow, Middlesex HA1 4TY (GB)

(54) Digital image processing method and computer program product for detecting humanirises

(57) A digital image processing method is taught for
detecting human irises in a digital image. The method
comprises the steps measuring the red intensity of the
pixets in the image, detemmining the probability that each
pixel is an iris based upon the red intensity of the pixel,
determining the probability that each pixel is not an iris
based upon the red intensity of the pixel, and determin-
ing whether the pixel is an iris by analyzing the relation-
ship between the probability that the pixel is an iris and
the probability that the pixet is not an iris. In one embod-
iment of the present invention, the determination as to
whether a pixel is an iris pixel is then made based upon

the application of a Bayes mode! to the probability that
the pixel is not an iris, the probability of the occurrence
of an iris in the identified region and probability of the
occurrence of a non-iris pixel in the identified region. In
another embodiment of the present invention, the meth-
od comprises the steps of finding an oval shaped skin
color region, detecting iris color pixels in the oval shaped
skin color region, detecting iris color pixels in the oval
shaped region using a Bayes model and locating eye
positions based upon the detected iris color pixels.

A computer program product for performing these
methods is also taught.

22 24 26
4 S 9
IMAGES | COLOR SKIN OVAL
—— ~ HISTOGRAM COLOR REGION
EQUALIZATION DETECTION EXTRACTION
2 28
IRIS q S
POSITIONS EYE IRIS COLOR
POSITION {e——— PIXEL
DETECTION DETECTION
<27
FIG. 2 IRIS COLOR
) BAYES MODEL
TRAINING

Printod by Jouve, 75001 PARIS (FR)
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Description

[0001] The present invention relates to digital image
processing methods for detecting facial features and
more particularly to methods of detecting human irises
in a digital image.

[0002] In digital image processing it is often useful to
detect human irises in an image. This information is
used. for example, to locate other features in the image
such as human eyes. This information can also be used
for other purposes such as finding the orientation of a
human face in the image.

[0003] Methods are known in the art for detecting hu-
man eyes. For example, U.S. Patent 6,072,892 disclos-
es the use of a thresholding method to detect the posi-
tion of human eyes in a digital image. In this method, a
scanning window scans across the entire image using
a raster scanning method. A histogram extractor ex-
tracts intensity histograms from the window as it scans
across the image. Eachintensity histogram is examined
by a peak detector to find three peaks in the histogram
representing the skin, the white of the eye, and the black
of the pupil located within the iris. A histogram having
the three peaks identifies a location in an image that po-
tentially defines an eye position. Eye position is deter-
mined from among the potential locations by calculating
the area under the histogram associated with each po-
tential location and by selecting the location associated
with the histogram having the largest area.

[0004] One of the problems with this approach is that
the entire image must be scanned on a pixel-by-pixel
basis. Thus, a search window must be positioned at
each pixel and a histogram must be assembled at each

pixel location. Further, the area under each histogram

mustbe calculated and stored. It will be appreciated that
this method consumes enormous amounts of comput-
ing power and reduces the rate at which images can be
processed. This method can also produce a high rate of
false positives. .

[0005] Methods are also known to detect eyes that
have abnormally high red content. Such abnommal red
content is commonly associated with a photographic
phenomenon known as red eye. Red eye is typically
caused by a flash of light that is reflected by a pupil. As
is described in commonly assigned and co-pending U.
S. Patent application No. 08/919,560, it is known to
search for images for pixels having the high red content
that is indicative of red eye. Similarly, commonly as-
signed U.S. Patent 5,432,863 describes a user interac-
tive method for detecting pixels in an image that have
color characteristic of red eye. It will be recognized that

these methods detect eyes only where red eye is ’

present.

[0008] Thus, there is a need for a method of locating
human irises in a digital image that is accurate and ef-
ficient.

[6007] The need is met according to the present in-
vention by a digital image processing method for detect-

1217572A2_|_>
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ing human irises in a digital image. This method com-
prises the steps of: measuring the red intensity of the
pixels in the image, determiningthe probability that each
pixel is an iris based upon the red intensity of the pixel,
determining the probability that each pixel is not an iris
based upon the red intensity of the pixel; and determin-
ing whether the pixel is an iris by analyzing the relation-
ship between the probability that the pixel is an iris and
the probability that the pixel is not an iris. In one embod-
iment of the present invention, the determination as to
whether a pixel is an iris pixel is made based upon the
application of a Bayes model to the probability that the
pixel is an iris, to the probability that the pixel is not an
iris, the probability of the occurrence of an iris in the im-
age and probability of the occurrence of a non-iris pixel
in the image.

[0008] In another embodiment of the present inven-
tion, skin color regions are detected in the image and
only the pixels within the skin color regions are meas-
ured for red intensity. The determination as to whether
apixel is an iris pixel is made based upon the application
of a Bayes model to the probability that the pixel is an
iris, the probability that the pixel is not an iris, the prob-
ability of the occurrence of an iris in the skin color region
and the probability of a non-iris in the skin color region.

[0009] The need is also met according to the present
invention by & method for detecting irises in a digital im-
age comprising the steps of finding an oval shaped skin
color region, detecting iris color pixels in the oval shaped
region using a Bayes iris model and locating eye posi-
tions based upon the detected iris color pixels.

[0010] The need is also met according to the present
invention by a computer program product for detecting
irises ina digital image comprising: a computer readable
storage medium having a computer program stored
thereon for performing the method of the present inven-
tion.

{0011] The present invention is effective to obtain iris
positions in a frontal face image and has the advantage
of reducing the region of the image that must be
searched, thereby greatly reducing the computation re-
quired to locate an eye, and reducing the incidence of
eye detection false positives.

Figure 1 iIs a schematic diagram of an image
processing system useful in practicing the present
invention;

Figure 2 is a flowchart illustrating the eye detection
method of the present invention;

Figure 3 is an illustration showing the relationship
between certain geometric parameters and an oval
shaped skin colored region in an image;

Figure 4 is an illustration showing, the conditional
probability that a given pixel is an iris pixel stated
as a function of a specific red intensity and the con-
ditional probability that a given pixel is a non-iris pix-
el as a function of a specific red intensity 1.

Figure 4a is a flowchart presenting the process of
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developing a statistical model representing the con-
ditional probabiltty that a given pixel is an iris pixel
as a function of a specific red intensity level and the
a statistical mode! representing the conditional
probability that a given pixel is an iris pixelasafunc-
tion of a specific red intensity level.

Figure 5 is a flowchart ilfustrating the process of eye
position detection after detecting the iris color pixel
clusters;

Figure 6 is an illustration showing the iris color pixe!
clusters;

Figure 7 is a flowchart illustrating the details of the
process of applying the method of summation of
squared difference to eye position detection; and
Figure 8 shows an eye template and a search win-
dow centered at the center of a cluster.

(0012] Fig. 1, shows an Image processing system
useful in practicing the present invention including a
color digital image source 10, such as a film scanner,
digital camera, or digital image storage device such as
a compact disk drive with a Picture CD. The digital im-
age from the digital image source 10 is provided to an
image processor 12, such as a programmable personal
computer, or digital image processing work station such
as a Sun Sparc workstation. The image processor 12
may be connected to a CRT display 14, an operator in-
terface such as a keyboard 16 and a mouse 18. Image
processor 12 is also connected to computer readable
storage medium 17. The image processor 12 transmits
processed digital images to an output device 19. Output
device 19 can comprise a hard copy printer, a long-term
image storage device, a connection to another proces-
sor, or an image telecommunication device connected
for example to the internet.

{0013] In the following description, a preferred em-
bodiment of the present invention will be described as
a method. However, in another preferred embodiment,
the present invention comprises a computer program
product for detecting human eyes and irises in & digital
image in accordance with the method described. in de-
scribing the present invention, it should be apparent that
the computer program of the present invention can be
utilized by any well-known computer system, such as
the personal computer of the type shown in Fig. 1. How-
ever, many other types of computer systems can be
used to execute the computer program of the present
invention. Consequently, the computer system will not
be discussed in further detail herein.

{0014) It will be understood that the computer pro-
gram product of the present invention may make use of
image manipulation algorithms and processes that are
well known. Accordingly, the present description will be
directed in particular to those algorithms and processes
forming part of, or cooperating more directly with, the
method of the present invention. Thus, it will be under-
stoad that the computer program product embodiment
of the present invention may embody algorithms and
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processes not specifically shown or described herein
that are useful for implementation. Such algorithms and
processes are conventional and within the ordinary skill
in such arts. .

[0015] Otheraspects of such algorithms and systems,
and hardware and/or software for producing and other-
wise processing the images involved or cooperating
with the computer program product of the present inven-
tion, are not specifically shown or described herein and
may be selected from such aigorithms, systems, hard-
ware, components and elements known in the art.
[0016] The computer program for performing the
method of the present invention may be stored in a com-
puter readable storage medium. This medium may com-
prise, for example; magnetic storage media such as a
magnetic disk (such as a hard drive or a floppy disk) or
magnetic tape; optical storage media such as an optical
disc. optical tape, or machine readable bar code; solid
state electronic storage devices such as random access
memory (RAM), or read only memory (ROM); or any oth-
er physicai device or medium employed to store a com-
puter program. The computer program for performing
the method of the present invention may alse be stored
on computer readable storage medium that is connect-
od tothe image processor by way of the internet or other
communication medium. Those skilled in the art will
readily recognize that the equivalent of such a computer
program product may also be constructed in hardware.
[0017] Turning now to Fig. 2, the method of the
present invention will be described in greater detail. Fig.
2 is a flow chart illustrating one embodiment of the iris
detection method of the present invention. in the em-
bodiment shown in Fig. 2, iris detection is accomplished
by first detecting skin colored regions in the image and
then identifying iris pixels from the skin colored regions.
[0018] Thefirststep in skincolor detection is color his-
togram equalization shown in Fig. 2 as step 22. Cotor
Histogram Equalization step 22 receives images 10 be
processed and ensures that the images are in a form
that will permit skin color detection. This step is made
necessary because human skin may take on any
number of colors in an image because of lighting condi-
tions, flash settings or other circumstances. This makes
it difficult to automatically detect skin in such images. In
Color Histogram Equalization step 22, a statistical anal-
ysis of each image Is performed. if the statistical analy-
sis suggests that the image may contain regions of skin
that have had their appearance modified by lightingcon-
ditions, flash settings or other circumstances then such
images are modified so that skin colored regions can be
detected.

[0019] After the Color Histogram Equalization step
22, the image is searched for skin color regions in Skin
Color Detection step 24. While it is possible to detect
skin in a digital image in a number of ways, & preferred
method for detecting skin in a digital image is to sepa-
rated skin color pixels from other pixels in an image by
defining a working color space that contains a range of
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possible skin colors collected from a large population of
images. A pixel is then identified as skin color pixel if the
pixel has a color that is within the working color space.
[0020] Skin Color Detection step 24 identifies a region
of skin color pixels in the image. This region can be de-
fined in any number of ways. In one embodiment, the
skin color region is defined by generating a set of pixel
locations identifying the pixels in the image having skin
colors. In anotherembodiment, a modified image is gen-
erated that contains only skin color pixeis. In yet another
embodiment, Skin Color Detection step 24 defines
boundaries that confine the skin color region in the im-
age. It will be recognized that more than one skin color
region can be identified in the image.

{0021] Oval Region Extraction step 26 examines the
skin color regions detected by the Skin Color Detection
step 24 to locate skin color regions that may be indica-
tive of a face. Because the human face has a roughly
oval shape, the skin color regions are examined to lo-
cate an oval shaped skin color region. When an oval
shaped skin color region is found, the Oval Region Ex-
traction step 26 measures the geometric properties of
the oval shaped skin color region. The Oval Region Ex-
traction step 26 uses these measurements to define pa-
rameters that describe the size of the face and the lo-
cation of the face within the image.

[0022] Fig. 3 is an illustration of the relationship be-
tween the geometric parameters used to define an oval
shaped skin color region in the image. As is shown in
Fig. 3, these parameters include Oval_top 300,
Oval_bottom 302, Oval_left 304, Oval_right 3086,
Oval_center_row 308, and Oval_center_column 310,
These parameters are can be used in subsequent
processing of the image. It will be recognized that the
method of the present invention can be practiced using
skin color detection regions that have shapes that are
otherthan oval and that other geometric parameters can
be defined in association with such shapes. it will also
be recognized that it is not necessary to detect an oval
or other shaped area in the image. In such case, the
skin color region is examined to detect iris color pixels .
Further, in such a case, still other parameters describing
the skin color region are defined for use in the eye de-
tection process.

[0023] After the oval region extraction has been per-
formed, Iris Color Pixel Detection step 28 examines the
pixels in the oval shaped skin color region to delect iris
color pixels. In the method of the present invention, Iris
Color Pixel Detection step 28 determines whether a pix-
el is an iris by measuring the red intensity of the pixel.
Red intensity levels are measured because it has been
observed that that a human iris has a low red intensity
level as compared to human skin which has a relatively
high red intensity level. However, the method of the
present invention does not use a red level thresholding
meéthod to determine whether a pixel is to be classified
as an iris or as a non-iris.

[0024] Instead,the present invention classifies a pixel
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as an iris or a non-iris pixe! on the basis of a probability
analysis. This probability analysis applies an iris statis-
tical mode! and a non-iris statistical model. The iris sta-
tistical model defines the probability that a given pixel is
an iris pixel based upon the red intensity level of the pix-
el. Similarly, the non-iris statistical model defines the
probability that a given pixel is not an iris pixel based
upon the red intensity level of the pixel. The relationship
between these models is non-linear as is shown by way
of example in Fig. 4 which is an illustration of the con-
ditional probability 402 that a given pixel is an iris pixel
stated as a function of a specific red intensity and the
conditional probability 404 that a given pixel is a non-iris
pixel as a function of a specific red intensity 1.

[0025] The probability analysis can take many forms.
For example, the probabilities can be combined in var-
lous ways with a pixel being classified as an iris or not
on the basis of the relationship between these probabil-
ilies. However, in a preferred embodiment, a mathemat-
ical construct known as a Bayes mode! is used to com-
bine the probabilities to produce the conditional proba-
bility that a pixel having a given red intensity belongs to
an iris.

[0026] In this embodiment, the Bayes model is ap-
plied ae follows:

. P(Niris) P(iris)
P(iris| )= P{Wiris)P(iris)+ P nonins) P( nonins)’

where P(iris |1} is the conditional probability that a given
pixel intensity belongs to an iris; P(/ liris) is the condi-
tional probability that a given iris pixel has a specific in-
tensity |; P{iris) is the probability of the occurrence of an
iris in the face oval region; P(!/Inoniris) is the conditional
probability that a given non-iris pixel has a specific in-
tensity |; and P{noniris) is the probability of the occur-
rence of a non-iris pixel in the face oval region. The
Bayes model further applies the probability of the occur-
rence of an iris in a face oval region and the probability
of the occurrence of a non-iris pixel in the face oval re-
gion. Using a probability analysis based on the Bayes
model, a pixel is classified as an iris if the conditional
probability that a pixel having a given red intensity be-
longs to an iris is greater than, for example, 0.05.

[0027] In the embodiment described above, only
those pixels in the oval shaped skin color region defined
by Oval_top 300, Oval_bottom 302, Oval_left 304, and
Oval_right 306 are examined. Confining the pixels to be
examined to those in the oval shaped skin color region
reduces number of pixels to be examined and decreas-
es the likelihood that pixels that are not irises will be
classified as such. It will be understood that confining
the pixels to be examined to those in the skin color re-
gion, as is described in other embodiments of the
present invention, conveys similar advantages. it will al-
s0 be understood that it is not necessary to detect skin
color regions and thatthe present invention can be prac-
ticed by measuring the red intensity of each pixel in the
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image and determining whether a pixel is an iris based .

upon the probability analysis described above.

[0028] Fig. 4a shows a flow chart illustrating the proc-
esses used in the Iris Color/Bayes Model Training step
27 of Fig. 2for developing the statistical models used to
classify the pixels. This step will be performed before
the method for detecting irises is used to detect iris pix-
els. As is shown, a large sample of frontal face images
are collected and examined. All iris pixels and non-iris
pixels in the face region of each image are then manu-
ally identified 40, 42. Next, the conditional probability
that a given iris pixel has a specific red intensity I, P
(hiris) is computed and the probability of the occurrence
of an iris in the face oval region, P{iris) 44 is computed;
then the conditional probability that a given noniris pixel
has a specific red intensity /, P(Anoniris) is computed
and finally the probability of the occurrence of a non-iris
pixel in the face oval region, P(noniris) 46 is computed.
The computed statistical models of iris and non-iris are
used in the Bayes formula to produce the conditional
probability that a given pixel intensity belongs to an iris,
P(iris| )48. In application, the Bayes model can be used
to generate a look-up table to be used in iris Color Pixel
Detection step 28.

[0029] The Iris Color Pixel Detection step 28 identifies
the location of the iris color pixels in the image. In some
cases, it will be desirable to ensure that the iris color
pixels that are detected are associated with an eye. This
is done by performing the step of eye detection. Eye Po-
sition Detection s:cp 27 is used to estimate the eye po-
sitions. It will be appreciated that there are many ways
to determine whether an ir:s pixel is associated with an
eye in the image In one preferred embodiment of the
presentinvention the ins color pixel locations are used
to facilitate the process of determining whether an iris
pixel is associated with an cye in the image.

[0030] Fig. 5 shows a flcw chart illustrating the proc-
ess of eye position cetection using the iris color pixels.
Asis shown in Fig. 5. the eye position detection process
starts with an Iris Pixel Clustering step 50. If iris color
pixels are detected, thenthe iris pixels mustbe assigned
to a cluster. A cluster is a non-empty set of iris color pix-
els with the property that any pixel within the cluster is
also within a predefined distance to another pixel in the
cluster. One example of a predefined distance Is one
thirtieth of the digital image height. The Iris Pixel Clus-

. tering step 50 of Fig. § groups iris color pixels into clus-
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ters based upon this definition of a cluster. However, it
will be understood that pixels may be clustered on the
basis of other criteria.

[6031] Under certain circumstances, a cluster of pix-
els may not be valid. Accordingly, the optional step of
validating the clusters is shown in Fig. 6 as Cluster Val-
idation step 51. A cluster may be invalid because, if it
contains too many iris color pixels or because the geo-
metric relationship of the pixels in the cluster suggests
that the cluster is not indicative of an iris. For example,
if the ratio is greater than two, then this cluster is invalid.
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Invalid iris pixe! clusters are removed from further con-
sideration by the method of the present invention. Ac-
cordingly, in the portions of the description that follow,
valid iris pixel clusters will be referred to simply as iris
pixel clusters.

{0032] Afterthe clustering operation, a centerforeach
of the clusters is calculated in Cluster Centering step 52.
The center of a cluster is determined as the center of
mass of the cluster. The center position of the clusters
is calculated with respect to the origin of the image co-
ordinate system. The origin of the image coordinate sys-
tem for a digital image is defined is at the upper left cor-
ner of the image boundary.

[0033]) Oval division step 54 uses the
Oval_center_column 310 parameter to separate the
oval shaped skin color region into a left-half region and
aright-half region. As is shown in Fig. 6 iris pixel clusters
602 and the center positions 600 of the iris pixel clusters
602 are positioned in either the left-half or right-half re-
gions 604 and 606 separated by the
Oval_Center_Column 310.

[{0034) To locate eyes in the image using the iris pixel
clusters, a left-eye position search 56 is conducted in
the left-half region using a method known as the Sum-
mation of the Squared Difference. A right-eye position
search 58 is also conducted in the right-half region
based on the same Summation of the Squared Differ-
ence method. In general, the summation of the squared
difference method involves calculating the summation
of the squared difference of the intensity values of the
comesponding pixels in an eye template and a patch of
the image that has the same size as the template. In this
method, each pixel in the patch of pixels has a corre-
sponding pixel in the template. The difference between
the intensity level of each of the corresponding pixels is
calculated. Each difference is then squared. The sum of
each of the squared differences for each of the pixels in
the set is then calculated. This summation of the
squared differences provides a relative measure of the
degree of correspondence between each of the pixel
sets measured and the template. The eye template itself
is generated by averaging a large number of sample eye
images.

[0035) Asappliedin the presentinvention, summation
of the squared difference values are calculated for each
pixe! in each window in each half-region. These values
are compared and the pixel having the lowest relative
summation of the squared difference value is identified
as an eye location for the half-region. This process is
performed separately on the clusters of the left and the
right-half regions of the image in the manner described
below.

f0036] it will be noted that while the present invention
has been described as using the summation of the
squared difference method to identify the best relative
match between the average eye template and each of
the pixels, other methods to determine the degree of rel-
ative correspondence can be used. In particular, the
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mean-squared error method can be used in place of the
summation of the squared diflerence method.

[0037] Referring to Figs. 7 and 8, the eye position
search process 56 or 58 is started with centering 70 a
window 800 at the center of each cluster 802 in a re-
spective half-region. The operation of calculating the
summation of the squared differences 72 is then per-
formed, separately, using a patch of pixels centered on
each of the pixels in each of windows 74. The position
of the pixel having the lowest summation of squared dif-
ference value in each window 800 is recorded 76. When
this process has been completed for every cluster cent-
er 802 in a half region 78, the position of the pixel having
the lowest summation of squared difference value is re-
corded 79. This position is the eye position for the half-
region.

[0038] it willbe appreciatedthat the summation of the
squared difference method of steps 56 and 58 of Fig. 5,
can also be performed without the use of oval region
extraction. in such an embodiment, the skin colored re-
gioncanbe divided into a left-half region and a right-haif
region. Iris pixel clusters can then be divided into left-
half region and right-half region clusters. The summa-
tion of the squared difference method can then be ap-
plied.

[0039] The subject matter of the present invention re-
lates to digital image understanding technology, which
is understood to mean technology that digitally process-
es a digital image to recognize and thereby assign use-
ful meaning to human understandable objects, at-
tributes or conditions and then to utilize the results ob-
tained in the further processing of the digital image.
[0040] In this manner, the present invention provides
an efficient method for detecting normally appearing hu-
man irises in a digital image.

Claims

1. Adigital image processing method for detecting hu-
man irises in a digital image formed from pixels, the
method comprising the steps of:

measuring a red intensity of the pixels in the
image;

determining a probability that each pixel is an
iris based upon the red intensity of the pixel;
determining a probability that each pixel is not
an iris based upon the red intensity of the pixel,
and

determining whether each pixel is an iris by an-
alyzing the relationship between the probability
that the pixel is an iris and probability that the
pixel is not an iris.

2. The method of claim 1, wherein the step of deter-

mining whether each pixel is an iris is based upon
the application of a Bayes model to the probability
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that the pixel is an iris, the probability that a pixel is
not aniris, the probability of the occurrence of anon-
iris pixel in the image and the probability of the oc-
cumrence of a non-iris pixel in the image.

The method of claim 1 further comprising the step
of detecting skin color regions in the image and
wherein the step of measuring the red intensity
comprises measuring the red intensity of only the
pixels in the skin color region.

The method of claim 3 further comprising the step
of performing color equalization on the image prior
to the step of detecting skin color regions in the im-
age.

The method of claim 4 wherein the step of deter-
mining whether each pixel is an iris is based upon
the application of a Bayes model to the probability
that the pixel is an iris, the probability that the pixel
is not an iris, the probability of the occurrence of an
iris in a skin color region, and the probability of the
occurrence of a non-iris pixel in a skin color region.

The method of claim 4 further comprising the step
of finding oval shaped skin colored regions in the
image and wherein the step of measuring the red
intensity of the pixels in the skin color region com-
prises measuring only those pixel within an oval
shaped skin color region.

The method of claim 6 wherein the step of deter-
mining whether each pixel is an iris is based upon
the application of a Bayes model to the probability
that the pixel is an iris, the probability that the pixel
is not an iris, the probability of the occurrence of an
iris in an oval shaped skin color region, and the
probability of the occurrence of a non-iris pixel in an
oval shaped skin color region.

A computer program product for detecting human
irises and eyes in a digital image, the computer pro-
gram product comprising a computer readable stor-
age medium having a computer program stored
thereon for performing the steps of:

finding a skin colored region;

detecting ifis color pixels in the skin colored re-
gion using a Bayes model; and

locating eye positions based upon the detected
iris color pixels.

The computer program product of claim 8, wherein
the step of locating eye positions based upon the
detected iris color pixels comprises the steps of:

clustering iris color pixels;
finding the center of each cluster;
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dividing the skin colored region into a left-half
and a right-half;

locating the most likely left eye position in the
left-half region using the summation of squared
difference method; and

locating the most likely right eye position in the
right-half region using the summation of
squared difference method.

10. The computer program product of claim 9, wherain
the step of lccating the most likely left eye position
is performed using the summation of squared dif-
ference method comprises the steps of:

defining a window of pixeis surrounding the
center of each of the clusters in the image;
dividing the iris pixel clusters into left-half iris
pixel clusters and right-half pixel clusters; and
locating the most likely left eye position based
on the summation of squared difference be-
tween an average eye and patch of the image
centered at each of the pixels in each of the win-
dows surrounding a left-haff iris pixel cluster.
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(54) Digital image processing method and computer program product for detecting human irises

(57) A digitalimage processing method is taught for
detecting human irises in a digital image. The method
comprises the steps measuring the red intensity of the
pixels in the image, detemining the probability that each
pixel is an iris based upon the red intensity of the pixel,
determining the probability that each pixel is not an iris
based upon the red intensity of the pixel; and determin-
ing whether the pixel is an iris by analyzing the relation-
ship between the probability that the pixel is an iris and
the probability that the pixel is not an iris. In one embod-
iment of the present invention, the determination as to
whether a pixel is an iris pixel is then made based upon

the application of a Bayes model to the probability that
the pixel is not an iris, the probability of the occurrence
of an iris in the identified region and probability of the
occurrence of a non-iris pixel in the identified region. In
another embodiment of the present invention, the meth-
od comprises the steps of finding an oval shaped skin
color region, detecting iris color pixels in the ovalshaped
skin color region, detecting iris color pixels in the oval
shaped region using a Bayes model and locating eye
positions based upon the detected iris color pixels.

A computer program product for performing these
methods is also taught.
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A Unified Spatio-Temporal Articulated Model for Tracking

Xiangyang Lan

Daniel P. Huttenlocher

{xylan,dph}@cs.comnell.edu
Cormell University
Ithaca NY 14853

Abstract

Tracking anticulated objects in image sequences remains
a challenging problem, particularly in terms of the abil-
ity to localize the individual parts of an object given self-
occlusions and changes in viewpoint. In this paper we
propose a two-dimensional spatio-temporal modeling ap-
proach that handles both self-occlusions and changes in
viewpoint. We use a Bayesian framework to combine pic-
torial structure spatial models with hidden Markov tempo-
ral models. Inference for these combined models can be per-
formed using dynamic programming and sampling methods.
We demonsirate the approach for the problem of tracking
a walking person, using silhouette data taken from a sin-
gle camera viewpoint. Walking provides both strong spatial
(kinematic) and temporal (dynamic) constraints, enabling
the method to track limb positions in spite of simultaneous
self-occlusion and viewpoinit change.

1. Introduction

We consider the problem of detecting and tracking an ar-
ticulated object, such as a person in a video sequence, using
a two-dimensional parameterized model.- The main focus
of our work is on handling self-occlusions and changes in
viewpoint, which remain challenging problems in the track-
ing of articulated objects. Our approach combines pictorial
structure spatial models and hidden Markov temporal mod-
els into a single unified framework. A pictorial structure [5]
consists of a set of rigid parts where certain parts are con-
nected by springs to allow for bending and stretching. The
parts and their constraints are two-dimensional, similar to
the cardboard people models used in [7] for tracking peo-
ple, but within a more general spatial modeling framework.
Hidden Markov models (HMM’s) have been used exten-
sively for tracking as well as for gait and gesture recog-
nition. In our approach the states of the HMM correspond
to parameterized pictorial structure models that capture spa-
tial characteristics of representative views or “key frames™.
The transitions between states capture temporal dynamics

based on interpolation between representative views.

The main distinguishing characteristic of our work is the
integration of parameterized spatial models and temporal
models into a common framework. When the states of an
HMM are themselves parameterized models, it is gener-
ally intractable to perform inference — €.g., to find the best
sequence of states for a given input sequence, or even to
find good such state sequences. Here we provide a good in-
ference procedure for object detection and tracking, when
the states of the HMM are pictorial structure spatial mod-
els. The resulting combined model provides both strong
spatial (or kinematic) constraints from the pictorial struc-
tures and strong dynamic constraints from the HMM. The
model clearly delineates between the spatial and dynamic
constraints, yet the two are brought together in a common
estimation framework.

There are a wide range of approaches to detection and
tracking, many of which are surveyed in [6]. In contrast with
our approach, most prior work that uses parameterized-state
HMM’s for tracking articulated objects is based on having
linear dynamic system (LDS) models for the states (e.g.,
(1, 8]). Such methods have strong dynamic constraints but
relatively weak spatial constraints, because the LDS mod-
els (and associated Kalman filtering techniques) capture pri-
marily dynamic rather than spatial characteristics. HMM’s
have also been used in conjunction with template spatial
models, for problems in gesture, gait and action recognition
(e.g., [3]) These methods differ from our work in that each
state is a template rather than a parameterized model, mak-
ing it difficult to adapt such methods to tracking the actual
configuration of parts for an articulated object. Parametric
HMM’s have been used in other contexts, such as gesture
recognition (e.g.. [12]). But their work is more focused on
model learning, and difficult to apply to high-dimensional
problems such as tracking articulated objects.

Pictorial structure models have recently been success-
fully applied to tracking humans [10], but without explicit
models of the temporal constraints. Qur work extends those:
results by using an HMM temporal model, and as a con-
sequence is able to handle changes in viewpoint and self-
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Figure 1: The default configuration for a simple pictorial
structure model corresponding to a side view of a person
walking. Red denotes the person’s left limbs, blue their right
limbs and green their head and torso.

occlusions. The focus in [10] is on learning good appear-
ance models for the parts of an object, for use in track-
ing, whereas our focus is on combining spatial and tempo-
ral constraints. Thus the two pieces of work are complemen-
tary. Another recent approach to tracking articulated objects
uses a tree-based filtering method [11]. They demonstrate
" the method for hand tracking but it could also be applied to
other articulated objects. In their approach a large number
of views are clustered together and the focus of the work is
on using a tree structure to rapidly search for the best match-
ing view. In contrast we use a small number of representa-
tive views for accurate tracking of multiple parts, by having
a highly parameterized pictorial structure model.

2. An Integrated Spatio-Temporal Articu-
lated Modecl

We now discuss the specibies of the pictorial structure
and HMM modcls. and how they htogether in an integrated
modeling framework A pretonal structure is a paramet-
ric spatial model compnsed of multiple parts, with spring-
like connections betwaeen certasn pairs of parts. An instance
of such a model consists ot the parts P = (p1,-..,Pn)
and the connections ¢’ e, 1. where each c;; repre-
sents the spatial constraints between parts p; and p;. Each
part p; has parameters representing the appearance of that
part. For instance the appearance of a part may be char-
acterized by local oricnted filter responses, template mod-
els, feature detectors, ctc. Each connection c;; has param-
eters that encode both the ideal relative spatial configura-
tion of two parts and spring-like constants controlling de-
formations from this idcal configuration. For instance the
spatial relations may specify a relative position and orienta-
tion together with covariances that characterize the degree
of bending and stretching between the parts.

If we let p = (P,C) denote such a pictorial struc-
wre model, then a configuration of the model is given by
6 = (6,...,6,) where the 6; are parameters specifying
the location of each part p; in an image coordinate frame.
In a Bayesian framework the prior distribution of configu-
rations for a given model, P(©|u). characterizes the proba-
bility of different configurations occurring, independent of

any observed data. This prior is governed by the connec-
tion parameters C, as described in {4). The highest proba-
bility such configuration can be thought of as the preferred
or “default” configuration of the model. Such a configura-
tion is illustrated in Figure 1 for a model corresponding to a
side view of a person walking, when their arms and legs are
maximally extended. We use the color red to denote the left
arm and leg, blue to denote the right arm and leg. and green
to denote the torso and head. Deviations from this maximal
prior probability configuration can be thought of as incur-
ring a cost, in that such configurations have a lower chance
of occurring.

The posterior distribution of the configuration parame-
ters,

P(lJ, p) ,

characterizes the probability of different configura-
tions given a particular model p and image J. There are
several standard definitions of what constitute good con-
figurations. One definition is the MAP estimate, which is a
set of parameter values that maximize the posterior prob-
ability. Another definition is any set of parameter values
for which the posterior probability is high. Such values are
generally computed using sampling methods, where con-
figurations are selected at random, weighted by their
probability. Generally some other technique is used to se-
lect the best of these sampled configurations. Following
[4] we use the Chamfer distance as a selection crite-
rion.

Using Bayes’ rule, the posterior can be expressed in
terms of the product of a likelihood and prior,

P(J|©,p)P(O|p) . o)

In general for a high-dimensional parameter space © it is
not tractable to find the ©* that maximizes this probabil-
ity. or to sample values of © that have high probability. In
the case of pictorial structure models where the parts have a
tree-like skeletal structure, such as a human body or hand,
both these problems can be solved efficiently using dynamic
programming methods as described in [4].

We now turn from the spatial to the temporal component
of the models. Let § = {sy,...,Sn} be aset of represen-
tative views of an object. Representative views are analo-
gous to “key frames™ in animation, in that a video sequence
can be summarized by a sequence of representative views.
Intermediate frames between two representative views can
be generated by interpolation of those views. As noted in
the introduction, while representative view temporal mod-
els have been used in other work, in these models the views
are generally templates or exemplars and are thus not well
suited to tracking the configuration of parts of articulated
objects. In our case each representative view is a parame-
terized pictorial structure model rather than a template im-
age.

4
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Figure 2: Four state model corresponding to a side view of
a person walking.

A hidden Markov model (HMM) is a stochastic finite au-
tomaton, where each state generates (or accepts) some ob-
servation. Let Q, represent the hidden state and Y, repre-
sent the observation at time ¢, 1 < t < T, where the states
1ake on values i some set S and the observations take on
values in some set ©. An HMM is characterized by the tu-
ple A = (A, B,7) where the transition probabilities are
A4,j) = P(Q: = jlQi—y = i) fori,j € S, the ob-
servation probabilities are B(i,k) = P(Y; = k|Q, = i)
for k € Oand i € S, and the initial probabilities are
m(i) = P(Q) = i) fori € S. Fora good tutorial on HMM’s
see [9). In our case the observation is the image at each time
t, and each state is a pictorial structure model correspond-
ing to some representative view.

Given an observed sequence of images ¥ =
(Y1,...,¥7) and an HMM A = (A, B,T) we want
to determine a corresponding best sequence of representa-
tive views Q* = (QF,...,Q%). This temporal estimation
problem is commonly expressed as that of finding a maxi-
mum posterior probability (MAP) state sequence

Q" = argmaxgP(Q|Y, N) ,

and can be solved in time O(T'n?) for a given model A and
observation sequence Y using the Viterbi algorithm.

It is common to consider an HMM in terms of its state
space graph, where the nodes correspond to states and the
arcs correspond to non-zero entries in A(%, j). By way of il-
lustration, Figure 2 shows such a graph for the case of a
side view of a person walking (we focus more in depth on
walking in Section 3). The Figure shows each state together
with the highest prior probability configuration of the cor-
responding pictorial structure model for that state. The pic-
torial structures for all four states of this model consist of
the same set of parts, P. Only the spatial connection param-
eters, C, differ between states. as the only differences in the
views are in the expected part locations. The states shown at
the top and bottom of the Figure correspond to maximal ex-
tension of the arms and legs, and differ ounly in whether the

right arm and left leg are forward or vice versa. The states
shown at the sides of the Figure correspond to minimal ex-
tension of the arms and legs. and differ only in whether the
right leg is down and the left leg raised or vice versa.

Note that in this model the two states corresponding to
minimal extension of the limbs cannot be distinguished on
the basis of a single observed image. because they differ
only in which leg is bent. Similarly for the two states cor-
responding to maximal extension of the limbs. Over time
(and given a starting state) these ambiguities can be resolved
based on the allowable state transitions indicated by the ar-
rows, thus making it possible to distinguish between states
and thereby determine which parts are occluded. This illus-
trates how the combination of simple parameterized spatial
models and temporal models can be used to eliminate am-
biguity and localize parts that are occluded by other parts.

2.1. Combining the Spatial and Temporal Models

When the states of an HMM are parameterized models, it
is often not tractable to determine a best state sequence, Q.
because the observation probabilities cannot be reasonably
estimated. For HMM’s with LDS state models, approximate
inference procedures have been developed (e.g, {8]). Here
we consider the case of HMM’s with pictorial structure state
models, where it tums out there is a simple inference proce-
dure. In this combined spatio-temporal model, the observa-
tion probability, B(i, k) = P(Y: = k|Q, = i), results from
the parameterized pictorial structure spatial model, p;. This
is simply the probability over all possible configurations,
which can be determined by integrating over the model pa-
rameters,

P(Y, = klu) = / P(Y, = k|8;, p)P(O:|:)d6: . (2)

Computing this integral when ©; is a high-dimensional pa-
rameter vector, as is the case here, is generally intractable,
A standard approach to approximating such integrals is to
sample from the distribution. In our case this sampling can
be done efficiently because the distribution is the poste-
rior over configuration parameters in equation (1), which as
noted above can be sampled efficiently for a tree-structured
model. Moreover, as a byproduct of the sampling methods
in [4] the integral in (2) can actually be computed directly
without needing to sample configurations.
Given an image sequence Y = (V..
state sequence Q* = (Qj, ..., Q;) can thus be computed
using the Viterbi algorithm, once the observation probabili-
ties B(i, k), = P(Y: = k|Q. = i) for each image and state
have been computed using the corresponding distribution of
the form in (1). For the best state Q¢ at each time ¢, sam-
pling can be used to find parameters ©* that correspond to
a high probability configuration of the model. Thus the best

., Yp), the best .
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state sequence naturally specifies a corresponding sequence
of configuration parameter values e1,...,6%, specifying
a high probability confi guration of the best matching model
u; at each time ¢. These configurations take into account
both the spatial constraints in matching individual pictorial
structure models to images and temporal constraints in se-
lecting the best state sequence Q.

The above sequence of configuration parameters is based
on matching the best representative view model at each time
frame. When parts are occluded, interpolation between suc-
cessive representative views can be used to predict better
part locations than are obtained by simply using one of the
representative view models. This can be handled easily in
the current framework in one of several ways. One approach
is to simply introduce additional states into the HMM that
are intermediate between representative views. These views
have connection parameters, C that are based on interpola-
tion between adjacent representative views. The main dis-
advantage of this approach is that it increases the number
of states and pictorial structure models, which slows down
processing.

An alternative approach to obtaining better estimates of
the locations of occluded parts is to re-estimate the param-
eters ©, at each time, after first finding the best state se-
quence without the addition of any interpolated states to the
HMM: The observation probability P(Y: = k|lQ; = i) re-
flects how well the best model p; accounts for the observed
image at time t. This probability will be lower for time
frames that lie between two representative views compared
with those that are a good match to a single representative
view. This can be used to determine the degree 10 which
an image is intermediate between representative views and
then generate a corresponding interpolated model. The con-
figuration can then be estimated by matching this interpo-
lated model to the image rather than the model for the best
state. We use this approach to obtain better estimates for the
locations of occluded parts.

As described above the transition probabilities A are sta-
tionary, and do not vary with time. In our context it could
further be useful to have transition probabilities that vary
with time. For instance, one could envision stronger dy-
namic models where the transition probabilities vary. Given
such additional estimates the same Viterbi method can be
applied as above except A = (Ai, ..., At) is varying with
time.

A drawback of the Viterbi approach is that it operates
on an entire sequence of frames at once, whereas in in-
teractive tracking applications it is desirable to do incre-
mental processing one frame at time rather than batch pro-
cessing on an entire sequence. There are several standard
ways of handling this including using the forward probabil-
ities from the forward-backward algorithm, rather than the
Viterbi method. This corresponds to summing rather than

Figure 3: Modeling transitions between viewpoints.

maximizing products of probabilities.

3. Application to Human Walking

In the remainder of the paper we consider the problem of
tracking a walking person, including determining the loca-
tions of their limbs, using silhouette data taken from a sin-
gle camera viewpoint. Human walking has relatively sim-
ple temporal characteristics, yet this problem is still chal-
lenging due to single-frame ambiguities, self-occlusion and
changes in viewpoint. This section will show how the picto-
rial structure based HMM framework introduced above can
be used to tackle these difficulties effectively.

3.1. A Model of Walking

When only a single viewpoint is considered the simple
four state model introduced above, and shown for a side
view in Figure 2, provides a generic description of walking
as a cyclical gait between four representative views. Simi-
\ar four-state models have been proposed and used in a wide
variety of contexts, both in computer vision and in studies
of human walking.

To allow for changes in viewpoint, we consider the eight
possible viewing directions of front, back, left, right and 45-
degree views halfway between them (front-left, front-right,
back-left and back-right). The only allowable state transi-
tions between viewpoints are to stay at the same viewpoint
or to change to one of the immediately adjacent viewpoints.
These states and transitions are illustrated in the graph at
the top of Figure 3. Each node in this graph actually cor-
responds to an entire cyclical gait model. We use the four-
state gait model in Figure 2 for the two side views, a similar
model for the four 45-degree views, and a ope-state model
for the front and rear views, as illustrated in the expanded
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box at the bottom of Figure 3. The 45-degree gait models
differ from the side models in having less occlusion of the
arms and legs in the minimum extent configuration and a
smaller spread of the arms and legs in the maximum extent
configuration. For the front and back views the gait model
consists of just a single state because the positions of the
arms and legs do not change appreciably during the walk-
ing cycle from these viewpoints.

The full walking model thus has 26 states, four states for
each of the side views (left and right), four states for each
of the 45-degree views, and one state each for the front and
back views. Conceptually there are three different types of
transition edges in this graph: self transitions from a given
representative view to itself, gaif transitions from one state
in a gait cycle to the next but maintaining the same view-
point, and view transitions where the viewpoint changes but
the state in the gait cycle stays the same. One could fur-
ther imagine a combined transition that simultaneously goes
from one viewpoint to the next and one gait state to the next,
but we do not consider that here.

3.2. Estimating Model Parameters

Given the graph structure there are a number of param-
eters to be estimated. We use the maximum likelihood es-
timation approach in [4] to learn pictorial structure spatial
models from a set of labeled training images. Each training
image specifies the viewpoint and the locations of the ten
model parts (torso, head, and upper and lower left and right
arms and legs). All spatial relations between the parts are
learned from the examples, including covariances capturing
the degree of change in the relative locations of the parts for
a given representative view. In practice many of the view-
points have the similar spatial relations between their parts,
so training need not be done separately for each viewpoint.
For instance in the 26 view model above there are only 5 dis-
tinct spatial arrangemeants of parts: the minimum and maxi-
mum extent side views, the minimum and maximum extent
45 degree views, and the front/back view.

For the transition probabilities in the HMM we sim-
ply use constants corresponding to each of the three tran-
sition types identified above: 7, for self transitions, 7, for
gait transitions and T,, for view transitions. The transition
probabilities for a given node are then obtained by nor-
malizing these values so that the total over all outbound
edges from the node is 1.0. We set these constants such that
Te > Ty > Ty, and use the same values for all experiments.

In order to generate more accurate locations of occluded
parts we interpolate the pictorial structure model parameters
between the representative view states, as discussed above.
We use linear interpolation of the parameters, although for
walking a more accurate model would reflect that near the
representative views the change is slower than halfway be-
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tween such views. The number of intermediate views is de-
termined by the rate of walking. In principle this can be es-
timated from sample video sequences, but we simply use a
fixed value at the moment.

This modeling approach provides a framework for learn-
ing parameters such as the transition probabilities. Thus
possible extensions to this work include clustering images
to automatically identify distinct views, and estimation of
HMM parameters using EM.

3.3. Approximations

While pictorial structure matching is efficient given the
large number of parameters to be estimated, it still takes
approximately half a minute to match a ten-part person
model to an image using a 2 GHz processor. With one pic-
torial structure model per state, the processing requirements
for a large spatio-temporal model such as the one here is
thus many minutes per frame (although quite easily paral-
lelized). In this section we consider two methods for speed-
ing up processing in the specific case of tracking walking
people. The resulting technique runs at about 15 seconds
per frame for the full model considered above (on a 2.0 GHz
Pentium 4). The first technique uses the horizontal vari-
ance of the silhouette pixel locations to determine the best
state sequence, and then only matches the pictorial struc-
ture model that corresponds to the best state at each time.
The second technique uses a bounded velocity assumption
to limit the parameter range that is searched in finding the
best pictorial structure parameters for a given image frame.

Our goal here is to compute a best state sequence
(Q%,...,Qy) without needing to estimate the inte-
gral in (2) for every model and image. Thus we con-
sider an approximation to the observation probabili-
ties P(Y; = k|Q: = i). This approximation is based
on using the horizontal variance of the model pixel lo-
cations rather than the full model. As has been observed
in other work (e.g.. [2]), most of the change in the sil-
houette of a walking person is in the horizontal loca-
tions of the pixels. Let f(t) denote the variance in the
z-locations of the silhouette pixels at time ¢, where the sil-
houette has first been scaled to a standard height in or-
der to accommodate overall size changes. We define
the normalized horizontal variance as the difference be-
tween f(t) and a smoothed version of f(t). Namely,
g(t) = f(t) — (f(t) * Gp(t)), where G, is a Gaus-
sian of standard deviation p. the period of f(t). The pe-
riod, p, can be determined easily using auto-correlation
or the FFT. If the speed of walking changes substan-
tially then windowing can be used to vary the smooth-
ing.

An example of the normalized horizontal variance is
shown in Figure 4 for a video sequence of a person walking
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Figure 4: The normalized horizontal variance, g(t). fora
personwalking in a circle, illustrating the combined effects
of changes in viewpoint and gait cycle.

around in a circle, so the viewpoint is changing. The Figure
also shows corresponding representative pictorial structure
models for several of the views. Note that the primary ef-
fect of the normalization is to create a common “zero point™
around which g(t) oscillates in a periodic manner. The gait
cycle is captured by the oscillation of the function and the
viewing direction is captured by its amplitude. In order to
explicitly represent the amplitude at each time we also com-
pute the separation between the minimal and maximal val-
ues over each period, h(t) = gmax(t) — gmin(t) where the
min and max are computed for the period containing &.

For states within a gait cycle, the horizontal variance
g(t) distinguishes the two minimal extent states, which have
negative values of g(t), from the two maximal extent states,
which have positive values. Analogously to the pictorial
structure models, in a single time frame the two minimal
extent states cannot be distinguished from one another, nor
can the two maximal extent states, but these states are dis-
tinguishable based on transitions between states over time.

For changes in viewpoint, the amplitude h(t) distin-
guishes the two side views (colored magenta in the Figure),
which have high amplitude. from the four 45 degree views
(cyan). which have moderate amplitude, from the front and
back views (black), which have low amplitude. However,
even with the associated state transitions, h(t) is notenough
to distinguish different 45 degree views. Recall the view
transition diagram in Figure 3. The transitions from a side
view (or from a front/back view) are both to 45 degree views
which have essentially the same amplitude. However. while
the overall amplitude is the same, these two views differ
in terms of whether or not the 45 degree viewing direction

aligns both the forward and backward arms with the torso
(and vice versa for the legs as they are in opposing posi-
tions to the arms) while the viewpoint change is happening.
Thus we also compute the amplitude of the normalized hor-
izontal variance separately for the upper half of the silhou-
ette (corresponding to the arms) and the lower half (corre-
sponding to the legs) t capture these differences. Call these
amplitudes k* and h', respectively.

We use a normal distribution to model these parameters
for a given state i. Thus there are a total of eight parameters
to this model, the mean and variance for each of the nor-
malized horizontal variance g, its amplitude, h, and the am-
plitudes for the upper and lower halves h* and B Lelv;
denote these eight parameters for state i. We approximate
the observation probabilities using P(Y; = klv;). Given
the best state sequence Q* = (Q73,...,Q%) found using
this approximation, we then compute the spatial parameters
O, for each time frame by matching the pictorial structure

‘model corresponding to state Q; to the image at time ¢ by

sampling from the distribution in (1). As discussed above,
the pictorial structure model is interpolated between repre-
sentative views, so as to provide a stronger prior on the lo-
cations of parts and thus increase the localization accuracy
for occluded parts.

In the final step of computing the spatial parameters 6,
we use a bounded velocity assumption to further speed up
matching by eliminating large portions of the parameter
space from consideration when sampling the posterior dis-
tribution of mode! parameters in equation (1). The location
of each part is characterized by a set of parameters. Bound-
ing the velocity implies bounds on the degree of change
in the parameters from one time frame to the next. This
makes it possible to restrict the domain over which the pos-
terior must be estimated. We use a simple hypercube, lim-
iting each parameter to an interval around the correspond-
ing value for the previous time-frame. Recall that estimat-
ing the posterior involves computing both the likelihood and
prior over possible values of these parameters for each part,
whose domains are in turn limited. This results in an order
of magnitude speedup. Such windowing cannot only drasti-
cally shrink the volume of the state space that needs 1o be
computed, it can also improve the accuracy of the match-
ing results when there is a good prior on the part locations
but certain parts are hidden from view.

3.4. Examples

In this section we present-some experimental results to
demonstrate the capabilities of the method i tracking a hu-
man silhouétte. We consider three sequences, the first two
have a fixed viewpoint and in the third a person walks in a
circular path so that the viewpoint changes extensively.

The first two sequences are from the multi-view imagery
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Figure 5: This graph illustrates our experimental frame-
work. The three major steps are, (1) silhouetie extrac-
tion, (2) state labeling using approximation, (3) windowed-
sampling based pictorial structure matching.

in the CMU HID dataset. Each sequence is an 11 second
clip of a person walking on a weadmill. One sequence is
taken from a side-view and the other from a front-side 45
degree view. The third sequence, from Michael Black, is of
aperson walking in a circle and poses substantial challenges
in terms of self occlusion and viewpoint change, demon-
strating the power of having integrated spatial and temporal
models (we refer to this as the PARC sequence).
Our experimental framework can be summarized by the

iltustration in Figure 5. There are three major steps in the
whole process. The first step is silhouette extraction using
background subtraction because of the stationary camera.
The remaining steps of processing are all covered in the pre-
vious sections. The second major processing step involves
calculating the horizontal variance measures and Viterbi es-

timation of the best state sequence given the walking model
and the horizontal variance. The third major step is esti-

mation of the model parameters for the pictorial structure
model corresponding to the best state at each time ¢ (in-

cluding the use of interpolated models between representa-

tive views). These model parameters are then used to over-

lay the model on the original images. The calculations are
all done using a size-normalized coordinate frame and then
mapped back into image coordinates.

Figure 6 shows some of the results for the side-view
walking sequence. These frames illustrate that our approach
can handle self-occlusion and the ambiguity in the identity
of the parts in individual frames. Note that the distinctions
between the lefi (colored red) and right (colored blue) limbs
are correctly tracked over time. including through occlu-
sions. The matching is completely automatic. except that for
the first frame we specify whether the left arm and right leg
are forward, or vice versa, as this canoot be distinguished
from the image data. This is done by setting the initial state

Figure 7: Results for the 45-degree view of the treadmill se-
quence.

probabilities of the HMM. Figure 7 shows some results for
the 45-degree viewpoint sequence, again correctly tracking
the parts over time and through occlusions. These two se-
quences illustrate the capabilities of the single-view four-
state HMM gait model, using pictorial structures for the
states.

Figure 8 shows the results of our method for the PARC
sequence, where a person walks in a circle. Note the sub-
stantial changes in viewpoint and self occlusions. This re-
sult demonstrates that the full model, incorporating both
viewpoint and gait changes. can successfully track the left
and right side limbs over a sequence that combines many
successive changes in viewpoint simultaneous with the self-
occlusions due to the gait cycle. This is a challenging se-
quence and we are not aware of other methods that can suc-
cessfully track the parts over time as demonstrated here.

4. Conclusions

We have presented a modeling framework that integrates
pictorial structure spatial models with hidden Markov tem-
poral models, and have shown an efficient inference proce-
dure for finding a maximum a posteriori (MAP) probabil-
ity state sequence for such a model. Our method also pro-
duces a sequence of configuration parameters correspond-
ing to a high posterior probability match of the model at
each image frame. We then described an approximation that
uses the horizontal variation of pixel locations to more ef-
ficiently determine a MAP state sequence. The results il-
lustrate the ability of this combined spatio-temporal model-
ing technique to correctly track the position and identity of a
person’s limbs through self occlusions and changes in view-
ing direction.
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Abstract

This paper describes a method of detecting, tracking and
identifying moving objects in video scenes. The method is based
on an adaptive change detector which detects and racks moving
objects and extracts silhounertes of the objects from the
background so they can be classified by shape. The adaptive
change detector uses estimates of image noise and contrast to
dynamically adjust decision thresholds. A principal feature of
this method is the synergistic interaction between the tracker, the
segmenter and the classifier to eliminate uninteresting objects, o
improve estimates of the background and noise, to guide
threshold sclection, and to influence feature selection for
classification.

In some applic.tiens » m chine s :aon it is desirable to detect,
track and identif. nesap obein. [4) An important requirement
for a practical machtre vi-ie v sy e 1S that it be able to adapt o
changing conditici s w “neut operitor adjustment. It should
operate relinbly in the prosence ¢f environmental “noise” such as
dust, cloud shadows. and small camera motion as well as
electronic noise. It should be immune w nuisance objects such
as distant traffic, flashing lights, and birds. 1t should function
with a variety of wargets against a wide range of backgrounds
and with targets at different ranges.

A vision system that atiempts to address these requirements is
under development for applications that include physical security
|7], automatic on-site inspection {1], and keeping track of
nuclear materials in a storage facility [2]. This system exploits
changes in image scqucnces to distinguish moving objects from
the background. The camera is stationary with respect to the
background. The system recursively computes a reference
image which is an estimate of the background scene and
compares current images with the reference. If a significant
difference is detected between the current and reference images
within an image region, a change has occurred in that region.

22ACSSC-12/88/0533 $1.00 © 1988 MAPLE PRESS
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The basic change detection method can be applied to target
detection and tracking (collectively called “cueing”) and to
segmentation. The two applications have different requirements,
however. In cucing, the goal is to examine the entire image,
detect moving objects, and track those objects &s they move.
Segmentation is the process of extracting a silhouette of an
object so that it can be classified by shape. Both
detection/tracking and segmentation will be described. Then it
will be shown how the two can be combined to make both more
effective and how both can contribute to classification.

1.1 Detecti 1 Tracki

A method for tracking targets in change images has been
described in detail in [5]. The basic change detection scheme is
applied to the whole image at low resolution. Wherever a
"change" is detected in a region of the image, the region contains
a potential target. All connected pixels that have changed are
grouped together to form one object; this object is placed on a
list of known objects. In subsequent frames, changes are once
again detected, grouped into objects, and compared to known
objects. If a new object matches well with a known object on
the basis of length, height, area, velocity and predicted location,
the new object is assumed to be a new sighting of the old. The
old object description is updated with new information. When a
moving target has been seen scveral times, it becomes
"qualified”; the tracker places a bounding box on the target.
Objects that do not exhibit consistency in size and motion can be
dismissed as rendom events or noise.

-l—
Target Mation ﬂ AN

Vector Bounding Box

Figure 1: Using Change Detection for Target Tracking

The object oacker is characterized by low resolution, high
speed, and high reliability. The larter is due largely to the fact
that objects are observed many times before they are qualified.
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The tracker "coasts,” so that targets can escape detection for a
few frames and be picked up again without losing their identity.
The tracker also tri¢s to piece together objects that have broken
up so that different pieces of the object have been detected as
unconnected image regions. Because of these multiple
observations, the tracker relatively immune to occasional missed
derections and false alarms. The tracker is able to determine
with great confidence that a target exists, and approximately
where it is, but it is able to produce only the roughest target
description.

When a target has beea detected and tracked with sufficient
confidence, the tracker can wrigger or cue the segmenter.

12 Segmentation

When used as a segmenter, the change detector operates on a
"snapshot” of the current and reference images (o separate, or
segment, moving objects from the background. The silhouettes
of the objects can then be used for classification by shape. For
certain kinds of targets, such as vehicles, silhoucttes have the
advantage of being relatively invariant from one instance of a
target class to another. For example, two pickup trucks of the
same model are likely to have very similar silhouettes, whereas
they may differ considerably in other characteristics such as
color.

— iy
Silhouette

Figure 2: Change Detection for Segmentation

The segmenter is characterized by high resolution and low
speed. For object classification, accurately locating the essential
feaures of the target is important. It may be necessary to
examine many pixels in overlapping regions to decide just where
the object boundary lies. This requires great concentration of
computing resources over a small area.

L3_Classifieati

Many techniques have been developed for classifying objects
from silhouettes. One that has been applied to this problem is to
use central geometric moments as features (8] and to apply
statistical pattern recognition methods [9].

2. The Adaptive Change Detection Algorit)

The adaptive change detector can be cast as a classical detection
theory problem. Let us assume that the camera is stationary with
respect to the background. In our system we have a reference
image frame, #, which is a recursive estimate of the background
image, and a current frame, c. We assume that a given pixel
belongs cither to a target or to the background. That is, we have
cither a rarger event, 1, or a background event, b. At cach
pixel location (x,y), we compare the current image c, , and the
reference image 7, . If the absolute value of the Zifference
excceds a threshold 7', then the pixel belongs to a targer;
otherwise, it belongs to the background:

ICry~Tay | T )

TAV"

In order to make the system adaptive, we need to automatically
compute the threshold T that gives the desired performance
under changing conditons. Let us define an observation z such
that z = lc, - 1, |. Now the problem can be expressed in
terms of classical detection theory:

AP 3
b PB) £ * @

where

p(2/t) is the probability density of observation z given the
target event,

P(1) is the discrete a priori probability that pixel (x,y)
represents a target;

p(z/b) is the probability density of observation 2 given the
background event;

P(b) is the discrete probability that the pixel contains the
background.

The double inequality means that if the ratio on the lefi-hand side
of (2) is greater than A, we decide that the target event ¢ has
occurred; otherwise, we choose background event b. The
decision threshold A is determined by the type of decision rule.
For those who subscribe to the Bayesian philosophy of decision
theory, the choice of A can be justified in terms of Bayes risk
[6]). In practice, A is often a fixed parameter chosen empirically
by the user. Now the decision can be expressed in the form of
Equation (1):

z l§ T 3)
b
where
_, Plalb) P(b)
A e PGy @
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These relationships are illustrated in Figure 3 below for the case
where A = 1. In this case, T is chosen as the value of 2
where the two curves cross.

P(z/b) P(b)

p(z/t) P(1)

\

|

)
oT 2=Cy T,y
No | Change
Change

1

|

]

-T
Change |

Figure 3: Change Detection Threshold for A = 1.
2.1 Estimating the Conditional Probabiliti

In order to adjust to changing conditions, the adaptive change
detector must estimate the probabilities on the right-hand side of
@.

One approach w estimating p(zt) and p(zib) is to assume that the
background image estimate is effectively noiseless, and that the
system noise is additive. Then the uncerainty associated with
the observation of the background image is equal to the system
noise:

pizlb) = p(n)

Now we must assume a distribution for targets. In many
applications, a reasonable assumption is that target pixel grey
levels are distributed in the same way as the background. This
is because, in general, targets are made of the same kinds of
materials as backgrounds and are subject to the same
illumination, imaging and noisc processes. (Although the
targets and the background share the same statistics, in order 10
detect a target pixel, the given target pixel and corresponding
background pixel must not be identical.)

These assumptions can lead to several parametwric and non-
parametric methods for determining p(z/t), some of which are
described in [3). In order to conserve computing resources, it is
often reasonable to assume that noise and image statistics are the:
same over the image. Then, a running estimate of these statistics
can be obtained by sampling the reference frame and the current
frame at randomly chosen locations during cach image sampling
interval. On the average, {f there are no targets present:

10325202A_i_>
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(1) the reference image grey level distribution corresponds
to both background and arget pixel distributions;

(2) the difference between the reference image and the
current image gives us the distribution of the addirive
noise.

In busy scenes, many changes occur due to moving objects; if it
is not known that these changes are due to targets, they will be
erroncously atributed to noise. This will cause the noise
estimates to be antificially high. The adaptive change detcction
threshold is increased accordingly, and probability of detection
suffers. Recall, however, that the tracker is able to tell us, with
low resolution but high rcliability, whether there are moving
objects in the scene and approximately where they are. We can
easily mask the noise and background estimates with the
bounding boxes of all detected objects: if an image region
contains a target, we don't use this region in updating the
estimates. Thus, we can use the tracker 1o verify the condition
that no targets are present in the part of the scene being analyzed.

2.2 Estimating the a priori Probabilities

We now need to make an estimate of the probability that a
particular pixel belongs to the target or to background pixel in
the first place. That is, explicitly or implicitly, we must make
some assumptions about P(z) and P(b). Here the requirements
for the tracker and the segmenter differ.

For target detection, the @ priori probabiliry that a pixel contains
a target is likely 1o be quite small, on the order of 0.01. Since
there are only two passible events, P(b) = 1-P(1). The change
detection thresholds should be set accordingly.

Once a target has been found and qualified, the bounding box
tells us where the target can be found. The scgmenter can scarch
aggressively within the bounding box to find the target
sithouette. Recall that the tracker has kept a running estimate of
the target area, that is, the number of pixcls on the target.
Within the bounding box, the a priori probability that a pixel
belongs to a target is determined by

P) = Area of qun

Area of Bounding Box
P(1) is likely to be quite large, sround 0.80 (see FFigure 2).
Thus, the appropriate threshold for the scgmenter is
considerably lower than for detection and tracking. The
information provided by the macker allows us to automatically
set this threshold.
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The cost of making a mistake in the segmenter is higher than in
the tracker — the segmenter gets only one look at the target, and
we want on accurate estimate of the boundaries — 50 the user-
selectable threshold parameter A must be different as well.

3, The Trad Aid o Classificati

The tracker can be used to aid classification in several ways.
The first is in a screening role. The wacker provides information
about the gross size and behavior of targets that can be used to
eliminate centain candidates from consideration. For example, in
one security application, nuisance alarms are caused by birds
flying by the camera. Distant birds are casily eliminated by their
size. Birds near the camera appear large, but their apparent
speed is 100 great for them to be mistaken for humans. Thus,
the classifier can discard them on the basis of their velocity.

The tracker also provides supplemental information that can be
useful for classifying In one application, the objects of interest
are vehicles scen from the roadside. Each of these objects has
only two stable positions: it faces either left or right. In most
cases, the vehicles wavel forward. If we kmow which way a
vehicle is heading, we can guess which end is the front. The
wacker gives us this information with high reliability. Thus, we
can map left facing and right-facing vehicles into the same
feature space. If the featurcs arc geometric moments, this is
accomplished by simply reversing the sign of the odd moments.
This has two sdvantages: (1) it reduces the classification error
by increas:ing the wparanon hetween classes, and (2) it reduces
the size of the teature Library, since we don't need to include
samples of hath (cfi- and nzht facing targets.

" — W
Feature

Sample
Images

Library
Change Sign of

‘ g Odd Moments

Figure 4: Using Direction of Motion to Map Left and Right-
facing Vehicles into the Same Point in Feature Space

Finally, the size of the bounding box can be used to
automatically scale the resolution of the images before features
are extracted. This is useful because many classification
schemes are sensitive to quantization effects and target
resolution.

10325202A__1_>
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4. Condusions

Combining the racker with the segmenter and the classifier has
been shown to have several benefits. One is that it allows us to
ensure that image noise estimates are not contaminated by
targets. The high confidence in the target location provided by
the tracker allows us to estimate the a priori probability that a
given pixel within the target bounding box contains a target; this
helps us to automatically sct decision thresholds within the
pounding box. It also allows us to concentrate processing
resources within the box, where there is a very high probability
that a target exists. The size and motion information provided by
the tracker can help us to eliminate unlikely targets. We can use
the direction of motion to simplify the search for matching
targets and increase the separability between target classes.
Finally, we can use the size of the bounding box to automatically
scale segmentation resolution.
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AN ELECTRONIC VISION SYSTEM FOR SORTING COTTON BOLL WORM PUPAE BY SEX

Jay Jordan and Joe Ellington

New Mexico State University
Las Cruces,

ABSTRACT

The cotton boll worm Heliothis zea and the tobacco
bud wom jothi yirescens  are ming
increasingly resistant to pyrethroid based imsecticides.
Rather than using more powerful chemicals to control
these pests, an environmentally safe biclogical control
aﬂnem is being developed. This system, based on
the mass release of sterile male insects, requires the
sorting of large quantities of boll worm pupae by
sex. This paper describes the specification and
design of a computer vision system developed for this
tagsk. The system presented represents a transfer of
technology from the military to the agricultural sector
as it employs multiple sensors, feature extraction
techniques, and rmance measurement criteria
initially developed for military computer vision
systems.

INTRODUCTION

Mass releases of sterile insects have been an effective
pest management stmegx for medlly, iti
capitata, and screwworm fly, i i

infestations.  Applying this technique to the cotton
boll worm and tobacco bud worm is attractive, but

difficult as female insects of the Heliothis genus
(Lepidoptera: Noctuidae) require significantly more
radiation for sterilization than do males. Male

insects subjected to the radiation dose required to
sterilize females become inactivee This means that
the insects must be sorted by sex prior to
sterilization. = As a mass release may involve as
many as 50000 insects per acre per day during a
period of heavy infestation, this tedious task of insect
sexing must be automated to achieve a practical
biological contro! system.

[n the larval stage, H. zea and H.

caterpillars are extremely active and impractical to
handle with automatic machinery. Sex differentiating
features are not well developed.” In the adult stage,
the male and female moths are slightly different
colored and relatively easy to distinguish, however,
they are very active and too fragile to handle.
Sorting by sex must be performed during the pupal
stage of development when the insect is relatively
inactive and can be handled by automatic machinery.
Figure 1 shows an overview of the system.
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Figure 1.
Sterile Male Biological Control System Overview

COMPUTER VISION SYSTEM DESIGN

The initial approach to the design of the boll worm
sorting computer vision 6ystem was obtained by
observing  the technique wused by entomology
technicians with expert level ability in sorting boll
worm pupa by sex. The human experts identify the
male pupa by detecting the presence of two pads
midway between the last abdominal segment ring and
the tip of the abdomen on the ventral side of the
pupa. These features are shown in Figure 2. The
female insect is identified by the presence of
V—ghaped sutures (grooves) midway between the last
abdominal ent ring and the abdomen tip on the
ventral side of the pupa and by the presence of a
small notch perpendicular to and almost touching the
last admonial segment ring.
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4. [ Examiner's Comment Regarding Requirement for Deposit
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6. [] Interview Summary (PTO-413),
Paper No./Mail Date .
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Application/Control Number: 11/135,210 Page 2
Art Unit: 2624

EXAMINER’S AMENDMENT
1. An examiner’s amendment to the record appears below. Should the changes and/or
additions be unacceptable to applicant, an amendment may be filed as provided by 37 CFR
1.312. To ensure consideration of such an amendment, it MUST be submitted no later than the
payment of the issue fee.

The application has been amended as follows:

Claim 9:

Replace “A program storage device readable by machine, tangibly embodying a program
of instructions executable by the machine to perform method steps for object detection, the
method steps comprising:” with “A computer readable medium embodying a computer program
to perform method steps for object detection, the method steps comprising:”

Information Disclosure Statement
2. The information disclosure statements (IDS) submitted on 05/23/2005 and 10/24/2005
have been considered by the examiner.
Allowable Subject Matter
3. Claims 1-16 are allowed.

The following is an examiner’s statement of reasons for allowance:

Independent claims 1 and 9 both define features of providing a spatio-temporal model for
an object to be detected; determining a probability that the object is in each image; and detecting
the object in any image upon comparing the probabilities for each image to a threshold for
detecting the object. These features in combination with other features in claims 1 and 9, which

are the broadest allowable claims, are not taught or suggested by the art of record.
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Application/Control Number: 11/135,210 Page 3
Art Unit: 2624

The close prior art, U.S. Patent No. 6,597,801 B1, Cham et al, teaches providing a
kinematic model for an object to be detected (column 11, line 26), providing a video comprising
a plurality of images including the object (figure 4B); measuring the object as a collection of
components in each image (figure 10A); performing feature search operations for object features
by comparing a total probability with a predetermined threshold (column 3, lines 64-65).
However, Cham does not teach the claimed “spatio-temporal model”, which is different from the
kinematic model (spatial model).

The another close prior art, U.S. Patent No. 7,200,266 B2, Ozer et al, teaches a method to
detect objects in multiple video frames through object modeling and graph matching, where the
output of the graph-matching is the classified object parts, the movements of the object parts are
a spatio-temporal sequence of feature vectors that consists of the direction of the object part
movement. Additionally, Ozer's system checks direction of the movements of the object parts for
a number of frames and calculates the probabilities of the actives with the known activities by
using Hidden Markov Models and choose the pattern with the highest probability as the
recognized activity in these frames. However, Ozer does not teach the claimed features of
determining a probability that the object is in each image; and detecting the object in any image
upon comparing the probabilities for each image to a threshold for detecting the object.

Additionally, there is no suggestion or motivation to combine the Cham and Ozer
references because the object detection algorithms in two references are vastly different.

Any comments considered necessary by applicant must be submitted no later than the

payment of the issue fee and, to avoid processing delays, should preferably accompany the issue
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Application/Control Number: 11/135,210 Page 4
Art Unit: 2624

fee. Such submissions should be clearly labeled “Comments on Statement of Reasons for
Allowance.”

Conclusion
4. Any inquiry concerning this communication or earlier communications from the
examiner should be directed to Tom Y. Lu whose telephone number is (571) 272-7393. The
examiner can normally be reached on §:30AM-5PM.

If attempts to reach the examiner by telephone are unsuccessful, the examiner’s
supervisor, Matthew Bella can be reached on (571)-272-7778. The fax phone number for the
organization where this application or proceeding is assigned is 571-273-8300.

Information regarding the status of an application may be obtained from the Patent
Application Information Retrieval (PAIR) system. Status information for published applications
may be obtained from either Private PAIR or Public PAIR. Status information for unpublished
applications is available through Private PAIR only. For more information about the PAIR
system, see http://pair-direct.uspto.gov. Should you have questions on access to the Private PAIR
system, contact the Electronic Business Center (EBC) at 866-217-9197 (toll-free). If you would
like assistance from a USPTO Customer Service Representative or access to the automated

information system, call 800-786-9199 (IN USA OR CANADA) or 571-272-1000.

/Tom Y Lu/
Examiner, Art Unit 2624
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o 171 ilu-tom-y.xa. US-PGPUB; OR ON 2008/06/05
USPAT: 14:56
USOCR; EPO;
JPO;
DERWENT;
IBM_TDB
1S3 4 joint near US-PGPUB; OR ON 2008/06/05
probability USPAT; 14:58
same (spatio USOCR; EPO;
adj temporal) JPO;
DERWENT;
|BM_TDB
1S4 1 2 and joint US-PGPUB; OR ON 2008/06/05
near probability {USPAT; 15:00
USOCR; EPQ;
JPO;
DERWENT;
|BM_TDB
1S5 2 "6597801".pn. {US-PGPUB; OR ON 2008/06/05
USPAT; 21:49
USOCR; EPO;
JPO;
DERWENT;
IBM_TDB
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S6 9 spatio same US-PGPUB; OR ON 2008/06/07
temporal same {USPAT; 12:13
(video or USOCR; EPO;
frame) same JPO;
(probability or  \DERWENT;
statistic) same {IBM_TDB
(object or
subject) near2
(track$3 or
5 detect$3)
s7 9  ispatio same US-PGPUB; OR ON 2008/06/07
temporal same  {USPAT; 12:22
(video or USOCR; EPO;
frame) same JPO;
(probability or  {DERWENT;
statistic) same {IBM_TDB
(object or
subject) near2
(track$3 or
detect$3 or
segment$3)
138 171 {lu-tom-y.xa. US-PGPUB;: OR ON 2008/06/07
USPAT; 12:33
USOCR; EPO;
JPO;
DERWENT;
IBM_TDB
e 1 S8 and (spatio  {US-PGPUB; OR ON 2008/06/07
adj temporal )  {USPAT; 12:33
USOCR; EPO;
JPO;
DERWENT;
5 IBM_TDB
S10 368 ispatio adj US-PGPUB; OR ON 2008/06/07
temporal and USPAT; 13:25
(video or USOCR; EPO;
frame) and JPO;
(probability or  \DERWENT;
statistic) and IBM_TDB
(object or
subject) near2
(track$3 or
detect$3)
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(object or
subject) near2
(track$3 or

detect$3)).cim.

1S11 0 S8 and S10 US-PGPUB; OR ON 2008/06/07
USPAT; 14:06
USOCR; EPO;
JPO;
DERWENT;
z IBM_TDB
S12 27 {S10and US-PGPUB; OR ON 2008/06/07
f 382/103.ccls. USPAT; 14:06
USOCR; EPO;
JPO;
DERWENT;
IBM_TDB
iS13 4 (spatio adj US-PGPUB; OR ON 2008/06/08
temporal and USPAT; 15:55
(video or USOCR; EPO;
frame) and JPO;
(probability or  {DERWENT;
statistic) and IBM_TDB

6/8/08 3:57:11 PM
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Express Mail Label No.: EV336791321US
- IN THE UNITED STATES PATENT AND TRADEMARK OFFICE

Applicant(s): Sigal et al. Docket: 2004P09036USO1 (8706-817)

Serial No.: unassigned Date: May 23, 2005

Filed: concurrently herewith

For: BOOSTED GRAPHICAL MODELS FOR OBJECT DETECTION AND
TRACKING

Commissioner for Patents
PO Box 1450
Alexandria VA 20231-1450
INFORMATION DISCLOSURE STATEMENT
Sir:

Pursuant to Applicant(s) duty of disclosure, the information listed in the attached
form PTO-1449 is brought to the attention of the Examiner. Copies of the listed items are
enclosed.

The citation of the listed items is not a representation that they constitute a
complete or exhaustive Iisting of the relevant art or that the references are prior art. The items
listed are submitted in good faith, but are not intended to substitute for the Examiner's search. It
is hoped, however, that in addition to apprising the Examiner of these particular items, they will

assist in identifying fields of search and in making as full and complete a search as possible.

ALL REFERENCES CONSIDERED EXCEPT WHERE LINED TH RGU@§.1O€EYL/
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The filing of this information disclosure statement is not an admission that the
information cited herein is, or is considered to be, material to patentability as defined in
37 C.F.R. § 1.56(b).

[x] This information disclosure statement is being filed within three (3) months

| of the filing date of this application.

[1] This information disclosure statement is being filed within three (3) months
of the date of entry of the national stage as set forth in
37 C.F.R. §1.491 in an international application.

[] To the bést of Applicant(s) knowledge, this information disclosure
statement is being filed before the date of mailing of a first Office Action
on the merits in connecﬁon with this case.

[1 Statement under 37 C.F.R. § 1.97(e):
| hereby state that each item of information contained in this Information
Disclosure Statement was cited in a communication from a foreign patent
office in a counterpart foreign application not more than 3 months prior to
the filing of this statement.

[] Enclosed herewith is a petition under 37 C.F.R. § 1.97(d)(ii).

[ 1 Enclosed by check is the petition fee of $130.00. (37 C.F.R. §
1.17(i)(1))
[ 1] Please charge the fee of $130.00 for petition fee to deposit account
19-2179.
[] Enclosed by check is the $180.00 fee required by 37 C.F.R. § 1.17(p).
[] Please charge the fee of $180.00 fee required by 37 C.F.R. § 1.17(p) by

enclosed herewith.

2-
ALL REFERENCES CONSIDERED EXCEPT WHERE LINED TH RGU@Q.“/O"EYL/’
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[ X] Please charge any deficiency as well as any other fee(s) which may

become due under 37 C.F.R. § 1.16 and/or 1.17 at any time during the

pendency of this application, or credit any overpayment of such fee(s) to

Deposit Account _19-2179 . Also, in the event any extensions of
time for responding are required for the pending application(s), please
treat this paper as a petition to extend the time as required and charge

Deposit Account No._19-2179 therefor. A COPY OF THIS SHEET

IS ENCLOSED.

The claims of the application as now presented are believed to patentably
distinguish over the prior art and to be in condition for allowance. Early and favorable
consideration of the case is respectfully requested.

Respectfully submitted,

By: .
Donald B. Paschburg :
Reg. No. 33,753

Attorney for Applicant(s)

Mailing Address:

Siemens Corporation

Intellectual Property Dept, 5" Floor
170 Wood Avenue South

Iselin, New Jersey 08830

(732) 321-3191

(732) 321-3030 (FAX)

-3-
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Sheet 1 of 1

Form PTQ-1449 U.S. DEPARTMENT OF COMMERCE | ATTY. DOCKET NO. SERIAL NO.
PATENT AND TRADEMARK OFFICE
2004P09036US01 (8706-817) unassigned
INFORMATION DISCLOSURE APPLICANT
STATEMENT BY APPLICANT
Sigal et al.
(Use several sheets if necessary)
FILING DATE GROUP ART UNIT
concurrently here with
U.S. PATENT DOCUMENTS
EXAMINER DOCUMENT DATE NAME CLASS | SUBCLASS FILING DATE
INITIAL NUMBER IF
APPROPRIATE
FOREIGN PATENT DOCUMENTS
PUBLICATION DATE COUNTRY CLASS SUBCLASS ABSTRACT
NUMBER TRANSLATION
YES NO

OTHER PRIOR ART (Including Author, Title, Date, Pertinent Pages, Efc.)

/Tom Y. Lu/ (06/05/2008)

YL M. I‘sard. PAMPAS: Real-valued graphical models for computer vision, CVPR, Vol. 1, pp. 613-620, 2003.
Ly K. Okuma, A. Teleghani, N. de Freitas, J. Little and D. Lowe. A boosted particle filter: Multi-target detection and
tracking, ECCV, 2004. '
TYL/ . . . .
L. Sigal, S. Bhatia, S. Roth, M. Black and M. Isard. Tracking loose- limbed people, CVPR, 2004.
YL/ E. Sudderth, A. Ihler, W. Freeman and A. Willsky. Nonparametric belief propagation, MIT Laboratory for Information
and Decision Systems Technical Report P-2551 (October 15, 2002).
YL P. Viola and M. Jones. Rapid object detection using a boosted cascade of simple features, CVPR, 2001.
YL P. Viola, M. Jones and D. Snow. Detecting pedestrians using patterns of motion and appearance, ICCV, pp. 734-741,
2003.
EXAMINER DATE CONSIDERED

(06/05/2008)

* EXAMINER: Initial if reference considered, whether or not citation is in conformance with MPEP 609. Draw line through
citation if not in conformance and not considered. include copy of this form with next communication to applicant.

(Form PTO-1449 [6-4])

ALL REFERENCES CONSIDERED EXCEPT WHERE LINED THRGUGH}‘. /TYL/
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IDNR: 7093/ V: 17.09.04 / B: Fel

P

PATENT
IN THE UNITED STATES PATENT AND TRADEMARK OFFICE
stRiafrfed Applicant: Sigal Docket No.: 2004P09036 USO1
Serial No.: 11/135,210 Examiner: Not yet assigned
Filed: May 23, 2005 Group Art Unit: 2621
Title: GRAPHICAL OBJECT MODELS FOR DETECTION Date: October 20, 2005
AND TRACKING
CERTIFICATE OF MAILING

| hereby certify that corespondence is being deposited on October
20, 2005 with the U.S. Postal Service with sufficient postage as first
class mail on the below-indicated date in an envelope addressed to:
Mail Stop DD, Commissioner for Patents, PO Box 1450, Alexandria,
VA 22313-1450

onald B. Paschburg, Reg. No. 5.753

Mail Stop DD
Commissioner for Patents
P.O. Box 1450

Alexandria, VA 22313-1450

INFORMATION DISCLOSURE STATEMENT
Sir:

The documents listed on the accompanying Form PTO/SB/08a, and of which copies are
enclosed, are hereby cited pursuant to 37 CFR §1.56, §1.97 and §1.98, for consideration in the
examination of the above-identified application and for the purpose of having them made of record.
These documents were cited in an International Search Report (copy enclosed) in a related

application.

Respectfully submitted,

Lhoratit 5 %
Donald B. Paschburg

Reg. No.: 33,753

Siemens Corporation

Intellectual Property Department
186 Wood Avenue South

Iselin, NJ 08830

(732) 321-3191

ALL REFERENCES CONSIDERED EXCEPT WHERE LINED THROUGH. /TYL/
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IDNR: 7057 / V: 04-1.00 / B: Val

PTO/SB/08a (05-03)
Approved for use through 04/30/2003. OMB 0651-0031
U.S. Patent and Trademark Office; U.S. DEPARTMENT OF COMMERCE

Under the Reduction Act of 1995, no are required to o a collection of information unless it contains a valid OMB control number.
Substitute for form 1449A/PTO Complete if Known ‘
. Application Number 11/135,210
6 A\RFORMATION DISCLOSURE [ Fingoate May 23, 2005
STATEMENT BY APPLICANT First Named Inventor Leonid Sigal
Art Unit 2621
many sheets as necessary) Examiner Name Not yet assigned
| of |2 Attorney Docket Number | 2004P09036 US01
T U.S. PATENT DOCUMENTS
Examiner | Cite Document Number Publication Date Name °'gf;§"é?;,°,’,2,‘,’,‘" icant of Pages, Columns, Lines, Where Relevant
initials * | No.' Number - Kind Code® (If known) MM-DD-YYYY Pas,f;ﬁ:f\?;z:am
TS 1 US-6,597,801 7/22/03 Cham et al.
us-
us-
us-
us-
us-
us-
us-
us-
us-
us-
us-
us-
us-
us-
us-
us-
us-
us-
us-
FOREIGN PATENT DOCUMENTS
Examiner | Cite Foreign Patent Document Publicats Nipmeﬂ :; ;a;?gs:d o Pag\oﬁswcg;r;\g;nn&s
Initals® | No." Country Code® - Number* - Kind Code® (¥ known) | yas.mervyy *Document Passages or Relevant 18
Figures Appear
YL/ 2 EP 1217 572A2 6/26/02 Chenet al.
Examiner MTom Y. Lu/ (06/05/2008) Date (06/05/2008)
Signature Considered

*‘EXAMINER: Initial if reference considered, whether or not citation is in conformance with MPEP 609. Draw line through citation if not in conformance
and not considered. Include copy of this form with next communication to applicant. 1 Applicant's unique citation designation number (optional). 2 See
Kinds Codes of USPTO Patent Documents at www.uspto.gov or MPEP 901.04. 3 Enter Office that issued the document, by the two-letter code (WIPO
Standard ST.3). 4 For Japanese patent documents, the indication of the year of the reign of the Emperor must precede the serial number of the patent
document. 5 Kind of document by the appropriate symbols as indicated on the document under WIPO Standard ST. 16 if possible. 6 Applicant is to
place a check mark here if English language Translation is attached.

This collection of information is required by 37 CFR 1.97 and 1.98. The information is required to obtain or retain a benefit by the public which is to file
(and by the USPTO to process) an application. Confidentiality is governed by 35 U.S.C. 122 and 37 CFR 1.14. This collection is estimated to take 2
hours to complete, including gathering, preparing, and submitting the completed application for to the USPTO. Time will vary depending upon the
individual case. Any comments on the amount of time you require to complete this form and/or suggestions for reducing this burden, should be sent to
the Chief Information Officer, U.S. Patent and Trademark Office, U.S. Department of Commerce, P.O. Box 1450, Alexandria, VA 22313-1450. DO NOT
SEND FEES OR COMPLETED FORMS TO THIS ADDRESS. SEND TO: Commissioner for Patents, P.O. Box 1450, Alexandria, VA
22313-1450.

If you need assistance in completing the form, call 1-800-PT0O-9199 and select option 2.
ALL REFERENCES CONSIDERED EXCEPT WHERE LINED THROUGH. /TYL/
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IDNR: 7057 / V: 04-1.00/ B: Val

Under the Paperwork Reduction Act of 1995, no persons are required to respond to a collection of information unless it contains a valid OMB control number

PTO/SB/08b(05-03)
Approved for use through 04/30/2003. OMB 0651-0031

U.S. Patent and Trademark Office; U.S. DEPARTMENT OF COMMERCE

(Substitute for fprm 1449A/PTO

Complete if Known
Application Number 11/135,210
ON DISCLOSURE Filing Date May 23, 2005
STATQEI'Zvﬁl“ BY APPLICANT First Named Inventor Leonid Sigal
06T 2 . Group Art Unit 2621
Py sheets as necessary) Examiner Name Not yet assigned
28k , |40 | of | Attorney Docket Number | 2004P09036 US01
\__/
OTHER PRIOR ART -- NON PATENT LITERATURE DOCUMENTS
. Include name of the author (in CAPITAL LETTERS), title of the article (when appropriate), title of
Examiner Clte1 the item (book, magazine, journal, serial, symposium, catalog, etc.), date, page(s), volume-issue T?
Initials * No. number(s), publisher, city and/or country where published.
TYL/ Lan et al., "A unified spatio-temporal articulated mode! for tracking®, Computer Vision and Pattern Recognition,
/ / 3 2004, Proceedings of the 2004 IEEE Computer Society Conference on Washington, DC, 27 June - 2 July 2004,
Piscataway, NJ, Vol. 1, pp. 722-729.
- ; Donohoe, "Combining Segmentation and Tracking for the Classification of Moving Objects in Video Scenes”,
TYL 4 Conference Record, Asilomar Conference on Signals, Systems and Computers (Cat. No. 88CH2835-7),
Maple Press San Jose, CA, USA, Vol. 2, 31 October 1988, pp. 533-538.
Examiner /Tom Y. Lu/ (08/05/2008) Date {06/05/2008)
Signature Considered

*EXAMINER: Initial if reference considered, whether or not citation is in conformance with MPEP 609. Draw fine through citation if not in conformance
and not considered. Include copy of this form with next communication to appticant.
1 Applicant’s unique citation designation number (optional). 2 Applicant is to place a check mark here if English language Translation is attached.

This collection of information is required by 37 CFR 1.98. The information is required to obtain or retain a benefit by the public which is to file (and by
the USPTO to process) an application. Confidentiality is governed by 35 U.S.C. 122 and 37 CFR 1.14. This collection is estimated to take 120 minutes
to complete, including gathering, preparing, and submitting the completed application form to the USPTO. Time will vary depending upon the individual
case. Any comments on the amount of time you require to complete this form and/or suggestions for reducing this burden, should be sent to the Chief
Information Officer, U.S. Patent and Trademark Office, U.S. Department of Commerce, P.O. Box 1450, Alexandria, VA 22313-1450. DO NOT SEND
FEES OR COMPLETED FORMS TO THIS ADDRESS. SEND TO: Commissioner for Patents, P.O. Box 1450, Alexandria, VA 22313-

1450.

If you need assistance in completing the form, call 1-800-PTO-9199 and select option 2.

ALL REFERENCES CONSIDERED EXCEPT WHERE LINED THROUGH. /TYL/
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PART B - FEE(S) TRANSMITTAL

Complete and send this form, together with applicable fee(s), to: Mail  Mail Stop ISSUE FEE
Commissioner for Patents
P.0O. Box 1450
Alexandria, Virginia 22313-1450
orFax (571)-273-2885

INSTRUCTIONS: This form should be used for transmitting the ISSUE FEE and PUBLICATION FEE (if required). Blocks 1 th rough 5 should be completed where appropriate. Aif further
correspondence including the Patent, advance orders and notification of maintenance fees will be mailed to the current correspondence address as indicated unless corrected below or directed
otherwise In Block 1, by (a) specilying a new correspondence address; and/or (b} indicating a separate “FEE ADDRESS” for maintenance fee notifications.

CURRENT CORRESPONDENCE ADDRESS (Note: Use Biock 1 for any change of address) Note: A certificate of mailing can only be used for domestic mailings of the
Fee(s) Transmittal. This certificate cannot be used for any other accompanying
Customer Number: 028524 papers. Each additional paper, such as an assignment or formal drawing, must
X . have its own certificate of mailing or transmission.
Siemens Corporation Certificate of Malling or Transmission
Intellectual Property Department i hereby certify that this Fee(s) Transmittal is being deposited with the United
States Postal Service with sufficient postage for first class mail in an envelope
170‘ Wood Avenue South addressed to the Mail Stop ISSUE FEE address above, or being facsimite
Iselin, NJ 08830 transmitted to the USPTO (571)273-2885, on the date indicated beiow.
{Depositor's name)
(Signature)
(Date)
| appLicaTiONNO. | FILING DATE ] FIRST NAME INVENTOR | ATTORNEYDOCKETNO. | CONFIRMATION NO. |
11/135,210 05.23.05 Leonid Sigal 2004P09036 USO1 3651
TITLE OF INVENTION:
GRAPHICAL OBJECT MODELS FOR DETECTION AND TRACKING
| APPLN. TYPE | SMALL ENTITY | ISSUE FEE |  Pusucatonree | TOTAL FEE(S) DUE | DATE DUE
Nonprovisional NO $ 1440.00 $ 300.00 $1740.00 09.15.08
| EXAMINER | ART UNIT | cuasssusclass |
LU, TOMY 2624 382-103000

1. Change of correspondence address or indication of “Fee Address” (37 2. For printing on the patent front page, list

CFR 1.363) (1) the names of up to 3 registered patent attorneys 1 _Donald B. Paschburg
D Change of correspondence address {or Change of Correspondence or agents OR, alternatively,
Address form PTO/SB122) attached

[7] “Fee Address” indication (or “Fee Address” indication form (2) the name of a single firm (having as a member a registered 2 _F. Chau & Associates, LLC
PTO/88/47; Rev 03-02 or more recent) attached. Use of a Customer attorney or agent) and the names of Up 1o 2 registered patent
Number is required. attorneys or agents. if no name Is tisted, no name will be printed.

3

3. ASSIGNEE NAME AND RESIDENCE DATA TO BE PRINTED ON THE PATENT (print or type)
PLEASE NOTE: Uniess an assignee is identified below, no assignee data will appear on the patent. if an assignee is identified below, the document has been filed for recordation as set
forth in 37 CFR 3.11. Completion of this is NOT a substitute for filing an assignment.

(A} NAME OF ASSIGNEE (B8) RESIDENCE: (CITY and STATE OR COUNTRY)
Siemens Corporate Research, Inc. Princeton, NJ
Piease check the appropriate assignee category or categories (will not be printed on the patent): D individuat E Corporation or other private group entity [:] Government
4a. The following fee(s)are submitted: 4b. Payment of Fee(s): (Please first reapply any previously paid issue fee shown above)
E issue Fee D A check in the amount of the fee(s) is enclosed.
E Publication Fee (No small entity discount permitted) D Payment by credit card. Form PTO-2038 is attached.
D Advance Order # of Copies lZl The Director is hereby authorized to charge the required fee(s), or credit any overpayment, to

Deposit Account Number 19-2179 (enclose an extra copy of this form)

5. Change in Entity Status (from status indicated above)
D a. Applicant claims SMALL ENTITY status. See 37 CFR 1.27. D b. Applicant is no fonger claiming SMALL ENTITY status. See 37 CFR 1.27(g{2)

The Director of the USPTQ Is requested to apply the Issue Fee and Publication Fee (if any) or to re-apply any previously paid issue fee to the application identified above.
NOTE: The Issue Fee and Publication Fee (if required) wilt not be accepted from anyone other than the applicant; a registered attorney or agent; or the assignee or other parly in interest as

[lscdrengy Date __09.02.08

7

Typed or prirted name ___Donald B. Paschburg Registration No. _33,753

shown by the records of the lig,d States Patent and Trademark Office.
Authorized Signature &)

This collection of information is required by 37 CFR 1.311, The information is required to obtain or retain a benefit by the public which is to file (and by the USPTO to process)
an application. Confidentiality is governed by 35 U 8.C. 122 and 37 CFR 1.14. This collection is estimated to take 12 minutes to complete, including gathering, preparing, and
submitting the completed application form to the USPTO. Time will vary depending upon the individual case. Any comments on the amount of time you require to complete
this form ant/or suggestions for reducing this burden, should be sent to the Chiet Information Officer, U.S. Patent and Trademark Office. U.S. Department of Commerce, P.O.
Box 1450, Alexandria, Virginia 22313-1450. DO NOT SEND FEES OR COMPLETED FORMS TO THIS ADDRESS. SEND TO: Commissioner for Patents, P.O. Box 1450,
Alexandria, Virginia 22313-1450.

Under the Paperwork Reduction Act of 1995, no persons are required to respond to a collection of information unfess it displays a valid OMB control number,

PTOL-85 (Rev. 08/07) Approved for use through 08/31/2010) OMB 0651-0033 U.S. Patent and Trademark Office; U.S. DEPARTMENT OF COMMERCE

IDNR: 7085 / 04.10.2007 / Brief-ID: 2026039
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Electronic Patent Application Fee Transmittal

Application Number: 11135210

Filing Date: 23-May-2005

Title of Invention: GRAPHICAL OBJECT MODELS FOR DETECTION AND TRACKING
First Named Inventor/Applicant Name: Leonid Sigal

Filer: Donald Bruce Paschburg/v richman

Attorney Docket Number: 2004P09036US01

Filed as Large Entity

Utility under 35 USC 111(a) Filing Fees

Description Fee Code Quantity Amount Sullaj-s'l's(tsa)l in
Basic Filing:
Pages:
Claims:
Miscellaneous-Filing:
Petition:
Patent-Appeals-and-Interference:
Post-Allowance-and-Post-Issuance:
Utility Appl issue fee 1501 1 1440 1440
Publ. Fee- early, voluntary, or normal 1504 1 300 300
Meta 1002
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o ) Sub-Total in
Description Fee Code Quantity Amount USD($)
Extension-of-Time:
Miscellaneous:
Total in USD ($) 1740
Meta 1002
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Electronic Acknowledgement Receipt

EFSID: 3870394
Application Number: 11135210
International Application Number:
Confirmation Number: 3651
Title of Invention: GRAPHICAL OBJECT MODELS FOR DETECTION AND TRACKING
First Named Inventor/Applicant Name: Leonid Sigal
Customer Number: 28524
Filer: Donald Bruce Paschburg/v richman
Filer Authorized By: Donald Bruce Paschburg
Attorney Docket Number: 2004P09036US01
Receipt Date: 02-SEP-2008
Filing Date: 23-MAY-2005
Time Stamp: 11:13:50
Application Type: Utility under 35 USC 111(a)
Payment information:
Submitted with Payment yes
Payment Type Deposit Account
Payment was successfully received in RAM $1740
RAM confirmation Number 6736
Deposit Account 192179
Authorized User

The Director of the USPTO is hereby authorized to charge indicated fees and credit any overpayment as follows:
Charge any Additional Fees required under 37 C.F.R. Section 1.16 (National application filing, search, and examination fees)

Charge any Additional Fees required under 37 C.F.R. Section 1.17 (Patent application and reexamination processing fees)
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Charge any Additional Fees required under 37 C.F.R. Section 1.19 (Document supply fees)

Charge any Additional Fees required under 37 C.F.R. Section 1.20 (Post Issuance fees)

Charge any Additional Fees required under 37 C.F.R. Section 1.21 (Miscellaneous fees and charges)

File Listing:

D t . . File Size(Byt Multi P
ocumen Document Description File Name ile Size( )(es)/ u I. . ages
Number Message Digest | Part/.zip| (ifappl.)

69737
1 Issue Fee Payment (PTO-85B) 2004p09036us01-issuefee.pdf no 1
102275845f3558e9b179a91477069d 3d cOe
1432
Warnings:

The page size in the PDF is too large. The pages should be 8.5 x 11 or A4. If this PDF is submitted, the pages will be resized upon entry into the
Image File Wrapper and may affect subsequent processing

Information:

31931
2 Fee Worksheet (PTO-06) fee-info.pdf no 2
3e97191cddef88ead2efe3b104b55db4fa2
Warnings:
Information:
Total Files Size (in bytes); 101668

This Acknowledgement Receipt evidences receipt on the noted date by the USPTO of the indicated documents,
characterized by the applicant, and including page counts, where applicable. It serves as evidence of receipt similar to a
Post Card, as described in MPEP 503.

New Applications Under 35 U.S.C. 111

If a new application is being filed and the application includes the necessary components for a filing date (see 37 CFR
1.53(b)-(d) and MPEP 506), a Filing Receipt (37 CFR 1.54) will be issued in due course and the date shown on this
Acknowledgement Receipt will establish the filing date of the application.

National Stage of an International Application under 35 U.S.C. 371

If a timely submission to enter the national stage of an international application is compliant with the conditions of 35
U.S.C. 371 and other applicable requirements a Form PCT/DO/EO/903 indicating acceptance of the application as a
national stage submission under 35 U.S.C. 371 will be issued in addition to the Filing Receipt, in due course.

New International Application Filed with the USPTO as a Receiving Office

If a new international application is being filed and the international application includes the necessary components for
an international filing date (see PCT Article 11 and MPEP 1810), a Notification of the International Application Number
and of the International Filing Date (Form PCT/RO/105) will be issued in due course, subject to prescriptions concerning
national security, and the date shown on this Acknowledgement Receipt will establish the international filing date of
the application.
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UNITED STATES DEPARTMENT OF COMMERCE
United States Patent and Trademark Office
Address: COMMISSIONER FOR PATENTS

P.O. Box 1450

Alexandria, Virginia 22313-1450

WWW.uspto.gov

| APPLICATION NO. ISSUE DATE PATENT NO. ATTORNEY DOCKET NO. CONFIRMATION NO.

11/135,210 10/14/2008 7436980 2004P09036US01 3651

28524 7590 09/24/2008

SIEMENS CORPORATION

INTELLECTUAL PROPERTY DEPARTMENT
170 WOOD AVENUE SOUTH

ISELIN, NJ 08830

ISSUE NOTIFICATION

The projected patent number and issue date are specified above.

Determination of Patent Term Adjustment under 35 U.S.C. 154 (b)
(application filed on or after May 29, 2000)

The Patent Term Adjustment is 691 day(s). Any patent to issue from the above-identified application will
include an indication of the adjustment on the front page.

If a Continued Prosecution Application (CPA) was filed in the above-identified application, the filing date that
determines Patent Term Adjustment is the filing date of the most recent CPA.

Applicant will be able to obtain more detailed information by accessing the Patent Application Information
Retrieval (PAIR) WEB site (http://pair.uspto.gov).

Any questions regarding the Patent Term Extension or Adjustment determination should be directed to the
Office of Patent Legal Administration at (571)-272-7702. Questions relating to issue and publication fee
payments should be directed to the Customer Service Center of the Office of Patent Publication at
(571)-272-4200.

APPLICANT(s) (Please see PAIR WEB site http://pair.uspto.gov for additional applicants):

Leonid Sigal, Providence, RI;
Ying Zhu, Monmouth Junction, NJ;
Dorin Comaniciu, Princeton Jct., NJ;
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REPORT ON THE
FILING OR DETERMINATION OF AN
ACTION REGARDING A PATENT OR
TRADEMARK

Mail Stop 8
Director of the U.S. Patent and Trademark Oifice
P.O. Box 1450
Alexandria, VA 22313-1456

TO:

In Compliance with 35 U.8.C. § 290 and/or 15 U.5.C. § 1116 vou are hereby advised that a court action has been

filed inthe U.S. Dasinct Court

District of Delaware

on the following

] Trademarks or ¥ Patews. ([ the patent action involves 33 (.80, § 292.):
DOCKET NO. DATE FILED U.S. DISTRICT COURT

5/24/2022

District of Delaware

PLAINTIFF

Videolabs, Inc. and VL Collective IP LLC

DEFENDANT

Meta Platforms, Inc., Instagram, inc., WhatsApp LLC,
Facebook Technologies, LLC, and Giphy, Inc.

1 Us8130.878 B2 3i20/2012 Videolabs, inc.
2 187,768,238 B2 8/3/2010 Videolabs, Inc.
3 US 7,870,088 B2 §/28/2011 Videolabs, Inc.
4 U8 726868282 412007 VL Coliective IP LLC
5 US 7,438,980 10/14/2008 VL Collective 1P LLC

In the above—cntitled case, the following patent(s) trademark(s) have been included:

DATE INCLUDED

INCLUDED BY

T Amendment

[ Answer

3 Cross Bill

] Other Pleading

PATENT OR DATE OF PATENT T T (5 D & T OEMARK
TRADEMARK NO. OR TRADEMARK HOLDER OF PATENT OR TRADEM!
i
3
4
5

inthe above-—euntitled case, the following decision has been rendered or judgement issued:

DECISIONJUDGEMENT

CLERK

(BY)» DEPUTY CLERK

DATE

Copy I—Upon initiation of action, mail this copy to Birector

Copy 2 pon filing document adding patent(s), mail this copy to Birector

Copy 3—Upon termination of action, mail this copy to Birector

Copy 4

Case file copy
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