77013885 A2 I} 10 0 00O 0O OO A

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

|CORRECTED VERSION|

(19) World Intellectual Property Organization f 11”11

International Bureau

(43) International Publication Date
1 February 2007 (01.02.2007)

) IO O 0O O

(10) International Publication Number

WO 2007/013885 A2

(51) International Patent Classification:
B23K 26/26 (2006.01)

(21) International Application Number:
PCT/US2005/036585

(22) International Filing Date: 13 October 2005 (13.10.2005)

(25) Filing Language: English

(26) Publication Language: English
(30) Priority Data:

60/618,128 13 October 2004 (13.10.2004) US

(71) Applicant (for all designated States except
SARNOFF CORPORATION [US/US];
ington Road, Princeton, NJ 08543 (US).

Us):
201 Wash-

(72) Inventors; and

(75) Inventors/Applicants (for US only): AGGARWAL,
Manoj [IN/US]; 4817 Ravens Crest Drive, Plainsboro, NJ
08536 (US). SAWHNEY, Harpreet [US/US]; 17 Melville
Road, West Windsor, NJ 08550 (US). KUMAR, Rakesh
[IN/US]; 966 Ridge Road, Monmouth Jct., NJ 08852 (US).

SAMARASEKERA, Supun [US/US]; 24 Blackstone
Drive, Princeton, NJ 08540 (US).

Agent: MOSER, JR., Raymond; 1040 Broad Street, 2nd
Floor, Shrewsbury, NJ 07702 (US).

(74)

(81) Designated States (unless otherwise indicated, for every
kind of national protection available): AE, AG, AL, AM,
AT, AU, AZ, BA, BB, BG, BR, BW, BY, BZ, CA, CH, CN,
CO, CR, CU, CZ, DE, DK, DM, DZ, EC, EE, EG, ES, FI,
GB, GD, GE, GH, GM, HR, HU, ID, IL, IN, IS, JP, KE,
KG, KM, KP, KR, KZ, LC, LK, LR, LS, LT, LU, LV, LY,
MA, MD, MG, MK, MN, MW, MX, MZ, NA, NG, NI, NO,
NZ, OM, PG, PH, PL, PT, RO, RU, SC, SD, SE, SG, SK,
SL, SM, SY, TJ, TM, TN, TR, TT, TZ, UA, UG, US, UZ,
VC, VN, YU, ZA, 7ZM, ZW.

(84) Designated States (unless otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,
GM, KE, LS, MW, MZ, NA, SD, SL, SZ, TZ, UG, ZM,
ZW), Eurasian (AM, AZ, BY, KG, KZ, MD, RU, TJ, TM),
European (AT, BE, BG, CH, CY, CZ, DE, DK, EE, ES, FI,
FR, GB, GR, HU, IE, IS, IT, LT, LU, LV, MC, NL, PL, PT,
RO, SE, S, SK, TR), OAPI (BF, BJ, CF, CG, CI, CM, GA,
GN, GQ, GW, ML, MR, NE, SN, TD, TG).

[Continued on next page]

(54) Title: FLEXIBLE LAYER TRACKING WITH WEAK ONLINE APPEARANCE MODEL

100
102

104

Select a Frame
of Video Data
from a Sequence
of Frames

Tnitialize the Layer Ownership

Probabilities for Pixels of the Pa

Selected Frame Using a Non-
Parametric Motion Model

Estimate « Set of Motion
13 of the Plurality of Layers

for the Selected Frame Using 2
Parametric Maximization Algorithm

Track the Object Based on

the Layer Ownexship Yes
ilities and

Are Estimates of the

Layer Qwnership

the Set of Motion Parameters
of the Object Layer(s)

112

108

Parameters Adequate?

ies and the
Set of Motion

110

y

| Motion P
the Plurality of Layers
for the Selected Frame

Hstimate a St of Refine the Layer
O hij

of

p
Probabilities for Pixels
| of the Selected Brame

(57) Abstract: Method for tracking an object recorded within a selected frame of a sequence of frames of video data, using a plu-
& rality of layers, where at least one object layer of the plurality of layers represents the object includes initializing layer ownership
& probabilities for pixels of the selected frame using a non-parametric motion model, estimating a set of motion parameters of the plu-
o rality of layers for the selected frame using a parametric maximization algorithm and tracking the object. The non-parametric motion
model is optical flow and includes warping the mixing probabilities, the appearances of the plurality of layers, and the observed pixel
data from the pixels of the preceding frame to the pixels of the selected frame to initialize the layer ownership probabilities for the

pixels of the selected frame.



WO 2007/013885 A2 {00000 0 000 0O O

Published: (15) Information about Correction:
—  without international search report and to be republished see PCT Gazette No. 13/2007 of 29 March 2007
upon receipt of that report
Fortwo-letter codes and other abbreviations, refer to the "Guid-
(48) Date of publication of this corrected version: ance Notes on Codes and Abbreviations" appearing at the begin-
29 March 2007  ning of each regular issue of the PCT Gazette.



WO 2007/013885 PCT/US2005/036585

UNITED STATES PATENT APPLICATION FOR:

FLEXIBLE LAYER TRACKING WITH WEAK ONLINE APPEARANCE MODEL

INVENTORS:

MANOJ AGGARWAL -
HARPREET SINGH SAWHNEY
RAKESH KUMAR

SUPUN SAMARASEKERA

ATTORNEY DOCKET NUMBER: SAR 14888 PCT

MOSER IP LAW GROUP
1040 Broad Street, 2™ floor
Shrewsbury, NJ 07702
(732) 935-7100



WO 2007/013885 PCT/US2005/036585

FLEXIBLE LAYER TRACKING WITH WEAK ONLINE APPEARANCE MODEL

GOVERNMENT RIGHTS IN THIS INVENTION

[0001] This invention was made with U.S. government support under contract
number F30602-00-C-0143. The U.S. government has certain rights in this

invention.

CROSS-REFERENCE TO RELATED APPLICATIONS

[0002] This application claims benefit of United States provisional patent application
serial number 60/618,126, filed October 13, 2004, which is herein incorporated by

reference.

BACKGROUND OF THE INVENTION

Field of the Invention

[0oo3] The present invention is related to the field of video processing and more
particularly concerns a layer-based tracking method for tracking objects within and
across video images. This method may also allow improved instantiation of objects

and tracking through occlusions.

Description of the Related Art

[0004] Video representations in terms of dynamic layers and associated algorithms
have emerged as powerful tools for motion analysis and object tracking. In this
form, the image is represented as a superposition of multiple independently moving
regions, also referred to as layers. The decomposition into layers provides a natural
way to estimate motion of independently moving objects. For object tracking
applications, a layer is represented by three entities: appearance; shape; and
motion models. Since, a priori, the decomposition of image/video into layers is
unknown, layer-based tracking algorithms jointly estimate the layer decomposition,

appearance, shape, and motion over time.
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[0005] Layer-based methods use parametric motion models to maich the
appearance and shape model parameters of the existing layers to the new
observation of a new frame, and thereby update the motion, appearance and shape
models. The underlying assumption of such a procedure is that the layer is rigid (up
to a parametric transformation, such as affine). Thus, these methods are unable to
handle complex non-rigid motions of layers, unless these motions are explicitly

modeled by using separate layers for each of the articulations of an object.

[0006] A key problem in layer-based trackers is that of estimating the motion
parameters for the layers given their appearance and shape representations. Some
existing layer-based methods, use an iterative Expectation Maximization (EM)
algorithm to estimate the motion parameters. In the Expectation step (E), a

parametric motion estimate is used to warp the appearance and shape models from

time 1 to the current time ?. These parametrically warped appearance and
shape models are then matched with the new observations to compute the layer
ownerships. In the Maximization (M) step, these computed ownerships are used to
refine the motion estimates. It should be noted that parametric motion constraints
are used to estimate the layer ownerships. With such an E step it is desirable for
either the object motion to strictly conform to the parametric motion model
employed, or for the object motion to vary slowly enough from the parametric motion
model that the resulting ownership estimates remain a sufficiently accurate
approximation to allow correct assignment of pixels among various layers. Even if
the object motion is rigid, estimating ownerships in this manner uses a pixel-by-pixel
match between the parametrically warped appearance models and the observations.
In such a match it is desirable for the selected appearance model to be capable of
accounting for rapid within-object shade or texture variations. An example of such
potential appearance variation occurs when a car that is being tracked moves
through the shadow of a leafless tree. The texture of shadow on the car appears to
move in the opposite direction to that of the car. Both non-rigid motion and rapid

intra-object appearance variations can lead to a poor approximation for ownership
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estimates, which may cause the EM algorithm to undesirably lock on to local

maxima and may result in tracking drift and/or tracking loss.

[0007] Some template trackers use parametric motion (affine/similarity etc.) to
update both the motion and the shape of the template. However, drift may still occur
in these models because there is no explicit updating of template ownership. The
appearance model can also be chosen to be the previous frame, but is susceptible

{o drift near occlusions,

[0008] Some methods use global statistics such as color histograms, instead of
templates. Because these methods do not enforce pixel-wise appearance, they are
robust to rapid shape and appearance changes. However, histograms are relatively
weak appearance representations. Therefore, the tracking of objects can drift near

occlusions or when nearby regions have similar statistics to the object being tracked.

[0009] The motion model used within each layer is often modeled as a single two
dimensional affine model. Such methods may model rigid objects reasonably well,
but often have difficulties with non-rigid objects. For non-rigid objects, such as
people, proposals include a further decomposition of a tracked non-rigid object into
multiple layers (arms, legs and torso) to account for the independently moving body
parts. However, the complexity of the problem increases linearly with the number of

layers.

[0010] As none of these approaches fully address the problems of providing an
accurate tracking system that remains robust even in cases such as partial or
complete occlusion, including objects passing one another, and the tracking of non-
rigid objects, there is a need for a method and video processing techniques for
same. Additionally, difficulties remain in the instantiation of layers, partticularly
dealing with issues such as shadow removal and distinguishing overlapping objects.
Another area in which improvement is desirable is the tracking of objects between
multiple cameras, including the identification of objects in multiple simultaneous

images taken from differing viewpoints.
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SUMMARY OF THE INVENTION

[0011] The disadvantages associated with the prior art are overcome by a method
for tracking an object recorded within a selected frame of a sequence of frames of
video data, using a plurality of layers, where at least one object layer of the plurality
of layers represents the object. The specific steps of the method include a)
initializing layer ownership probabilities for pixels of the selected frame using a non-
parametric motion model, b) estimating a set of motion parameters of the plurality of
layers for the selected frame using a parametric maximization algorithm and c)
tracking the object. The estimating of step (b) is based on appearances of the
plurality of layers for a proceeding frame of the sequence of frames, mixing
probabilities and observed pixel data from pixels of the preceding frame, observed
pixel data and the layer ownership probabilities for the pixels of the selected frame
and an initial estimated set of motion parameters of the plurality of layers for the
selected frame. The tracking of step (c) is based on the layer ownership
probabilities for the pixels of the selected frame and the set of motion parameters of

the at least one object layer estimated in step (b).

[0012] In one embodiment of the invention, the non-parametric motion model used in
step (a) is optical flow and step (a) includes warping the mixing probabilities, the
appearances of the plurality of layers, and the observed pixel data from the pixels of
the preceding frame to the pixels of the selected frame to initialize the layer
ownership probabilities for the pixels of the selected frame. In a second
embodiment of the invention, the non-parametric motion model used in step (a)
includes matching of two dimensional histograms of the appearances of the plurality
of layers of the preceding frame and the observed pixel data of blobs of pixels of the
selected frame. In a third embodiment of the invention, the non-parametric motion
model used in step (a) includes matching of three dimensional histograms of
appearances of the plurality of layers of the preceding frame and the observed pixel
data of blobs of pixels of the selected frame. In a fourth embodiment of the
invention, the non-parametric motion model used in step (a) includes a geometry-

based constraint on the layer ownership probabilities.

5
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BRIEF DESCRIPTION OF THE DRAWINGS

[0013] So that the manner in which the above recited features of the present
invention can be understood in detail, a more particular description of the invention,
briefly summarized above, may be had by reference to embodiments, some of which
are illustrated in the appended drawings. It is to be noted, however, that the
appended drawings illustrate only typical embodiments of this invention and are
therefore not to be considered limiting of its scope, for the invention may admit to

other equally effective embodiments.

[0014] Figure 1 is a flow chart illustrating an exemplary method of tracking an object

in a sequence of video data according to the present invention.
[0015] Figure 2A is a sequence of frames of video data.

[ooi16] Figure 2B illustrates exemplary templates demonstrating exemplary tracking
of a person in the sequence of frames of video data of Figure 2A using the

exemplary method of Figure 1.

[0017] Figure 3 is an exemplary change image that may be used in the exemplary
method of Figure 1.

[0018] Figure 4A is a frame of video data.

[0o19] Figure 4B illustrates exemplary templates demonstrating exemplary layer

ownership probabilities of tracked people in the frame of video data of Figure 4A.
[0020] Figure 5A is a frame of video data.

[0021] Figure 5B is an exemplary template demonstrating an exemplary method of
binning data to construct a three dimensional matching histogram according to the

present invention.

[0022] Figure 5C illustrates exemplary three dimensional matching histograms of two

people being tracked in the frame of video data of Figure 5A.



WO 2007/013885 PCT/US2005/036585

[0023] Figure 6 is a frame of video data illustrating an exemplary ground plane

geometry constraint according to the present invention.

[0024] Figure 7 is a frame of video data illustrating an exemplary shape model

constraint according to the present invention.

[0025] Figure 8 is a flow chart illustrating an exemplary method of instantiating new

layers in a frame of video data according to the present invention.

[0026] Figure 9 is a block diagram illustrating an exemplary method of using ground

plane geometry constraints to remove shadows according to the present invention.

[0027] Figure 10A is a block diagram illustrating an exemplary method of using

appearance constraints to identify layers.

[0028] Figure 10B is a block diagram illustrating an exemplary method of using three

dimensional depth constraints to identify layers according to the present invention.

[oo29] Figure 11 is a flow chart illustrating an exemplary method of identifying
tracked objects across multiple video frames from multiple cameras according to the

present invention.

[0030] Figure 12 is a series of video frames from multiple cameras illustrating a

number of people appearing in various frames.

[0031] Figure 13A is a pair of video frames from different cameras illustrating two

simultaneous views of a single person.

[0032] Figure 13B is a pair of three dimensional histograms of the person in the

frames of Figure 13A that may be used in the exemplary method of Figure 11.

DETAILED DESCRIPTION

[0033] The present invention includes exemplary methods for tracking within a layer-
tracking framework for a variety of different objects, both rigid and non-rigid, with

potentially significant frame-to-frame appearance changes, but without the need for
7
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using complex models of (articul\ated) motion and shape. These exemplary methods
make use of both non-parametric and parametric motion models to achieve robust
tracking of multiple non-rigid objects with rapidly changing appearances. Selective
use of non-parametric motion models, such as optical flow that may be estimated
using strong appearance constraints, accounts for non-rigidity in layer motion.
These non-parametric motion models are then used in conjunction with simplified
parametric motion models, with weak appearance constraints, to enforce object

coherence.

[0034] The exemplary overall observation model for an observed pixel d, may be
given as a weighted sum of the appearance model distributions for each of the
objects, the background, and an outlier process to accommodate spurious pixel
intensity changes. The weights used in summing various distributions are also
known as mixing proportions or mixing probabilities. This exemplary formulation is
general enough to handle multiple objects. The objective is to jointly estimate all

A = {M"Tt’@t}, to maximize the observation likelihood, where M, is

¥ is the set of all learned

parameters,
the set of mixing probabilities for all layers at time ?,

appearance models of all object layers at time f, and ©, is the set of all motion
parameters for all object layers at time . An Expectation-Maximization (EM)

algorithm may be used to solve this joint estimation problem,

[0035] In particular, a Laplacian filtered representation of the image may be used to

represent the observation data, 4 A Laplacian representation may be desirable as
it provides some degree of invariance to illumination changes, thereby adding

natural degree stability to the object appearance.

[0036] The background model in this exemplary method is modeled as an adaptive

non-parametric distribution on a per pixel basis that includes a static background

distribution and an outlier distribution. The background distribution may be obtained

by normalizing the temporal, exponehtially weighted histogram of the entire

observation history. The weight at time ! for the histogram bin corresponding to the
8
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S (k:t,) =, e O
(k7)) b , for k<t

pixel in a preceding frame, %, is given by The time

constant % controls the forgetting factor, and % is the normalization constant to
guarantee the sum of the weights equal 1. This exponential weighting may also lend
itself to an efficient recursive update of the background distribution. This exemplary

background model may also be used for object instantiation.

[0037]1 The outlier distribution is chosen to be uniform and accounts for data that
may not be explained by any of the object/background layers. This exemplary

background model may also be used for object instantiation.

t
[0038] In general, performing a joint estimation of all the parameters, {Ak}k=0, to

_ t
maximize the entire observation history, D, _{dk}kﬂ, is a difficult computational
problem. In one exemplary embodiment, to make the calculation tractable in real

time, or near real time, the problem may be desirably split into two parts. In the first

t
part, it may be assumed that all motion parameters, {Gk}kﬂ), are known, and an EM

algorithm may be used to jointly estimate the mixture distribution parameters,

1
{Mk’\yk}ho, Jepson et al. demonstrated an exemplary solution to this step in Robust
Online Appearance Models for Visual Tracking. In the second step, given the
A

appearance, shape, and motion parameters, “*+-1, for time #—1, the current motion

o

parameters, ¢, may be estimated.

[0039] The present invention relates to novel object appearance models and robust

approaches for the second EM step of estimating the current motion parameters,

o A fortime t-1. A key step in

t, given the appearance, and motion parameters,
estimating the motion of an object is determining what portion of the object is visible
(object ownership probabilities). On the other hand, object ownership probabilities
can be reliably determined only when the motion of all objects is known. This
chicken-and-egg problem of estimating object ownership and motion estimation

may require a second EM algorithm to iteratively refine both object visibility and

9
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object motion. The initialization of the iterative algorithm is a key critical step to

ensure the algorithm converges to the correct motion parameters.

[0040] One approach to this initialization is to initialize the set of all motion

0
parameters for the selected frame (i.e. time ?), © , by assuming either constant

velocity or constant acceleration motion individually for each object, and calculating

0
©, based on this prediction using a parametric motion model. This approach may

be reasonable if the parametric motion model used reliably captures the true motion
of the object, or if the object’s shape deviates slowly enough that the parametric
motion model remains a good approximation. However, for a variety of commonly
tracked object types, such as human forms, faces, vehicles, animals, etc. the initial
layer ownership probabilities obtained in this manner are far enough away from the
correct parameters that the EM algorithm may become locked on to an undesirable
local minima, resulting in the eventual loss of tracking. These problems may also
lead to tracking failures in a multitude of common indoor and outdoor scenarios,

such as the movement of an object through variable shadows.

[0041] Instead of predicting the desired parametric motion of each of the layers, the
exemplary method of Figure 1 uses an intermediate pixel-level non-parametric
motion model to create an initial estimate of layer ownership probabilities for time %,
step 102. This represents a modification of the expectation step used in many layer-

based trackers.  This approach circumvents the problem of getting an initial

0
estimate of © , by directly initializing the layer ownership probabilities, rather than

0
estimating ©, and then computing the expected ownership probabilities. Thus, the

layer ownership probabilities for pixels of the selected frame are initialized using a

non-parametric motion model.

[0042] Optical flow is one exemplary non-parametric motion model that may
desirably model non-rigid object motions and intra-object appearance variations. A
non-parametric motion model, such as optical flow between the selected frame (time

) and a proceeding frame (time ?—1) may be used to estimate the initial layer
10
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ownership probabilities directly. Such a model uses strong appearance (brightness

constancy) constraints, but at the same time does not enforce a parametric match

between appearance models from time —1 and observations at time ?- For the
purpose of estimating layer ownership probabilities, the accuracy of flow is used only
to the extent that it matches a point within the object from one frame to another point
within the object within the other frame. Further, optical flow may allow a reasonable
estimate of layer ownership probabilities to be obtained without explicitly modeling
the various articulations. Therefore, this exemplary approach may be more general

and applicable to a larger variety of objects that parametric motion models.

[0043] This exemplary approach improves the reliability of layer ownership
predictions in new frames of video data, even when the motions of objects being
tracked are not well modeled as parametric motions. In an exemplary maximization
step, the estimated layer ownership probabilities, with weaker appearance matching
constraints, are used to update the parametric motion model. Since a strong
appearance maiching constraint and a parametric motion constraint are not
simultaneously enforced in this exemplary method, significant frame-to-frame

variation in appearance and object motion may be handled without significant drift.

[0044] Figure 1 illustrates such an exemplary method for tracking an object recorded
within a selected frame of a sequence of frames of video data. This exemplary
method uses a plurality of layers, which include an object layer that represents the
object to be tracked. Figures 2A and 2B illustrate the operation of this exemplary
flexible-layer object tracker. The exemplary method of Figure 1 is used to determine

the parameters of these layers.

[0045] Figure 2A includes three video frames taken at different times. Ovals 200,
202, and 204 in these frames show the person being tracked in these three frames.
The thumbnails in Figure 2B include a set 210 of ownership probabilities 214
demonstrating the operation of the exemplary tracker in tracking this person. This
set 210 of ownership probabilities 214 represent the tracked person from frame-to-

frame. Note that the tracked person stays centered within the bounding box of the

11
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templates in this exemplary tracker, demonstrating the resistance to drift of this

exemplary tracker.

[0046] The exemplary tracker constantly keeps the object centered because the use
of optical flow for prediction of layer ownership probabilities allows correct labeling of
object pixels even when the object motions are flexible and articulated, as in the
example shown in Figures 2A and 2B. This may be contrasted with traditional layer-
based tracker the uses only parametric motion models in which these shapes tend
to become fuzzy and ambiguous as the frames progress, particularly for non-rigid

motions.

[0047] Figure 1 focuses on the exemplary estimation of the layers that is performed
for each frame of video data within an exemplary flexible-layer object tracking, such
as is shown in Figures 2A and 2B. A frame of the video is selected from the
sequence of frames provided by a video camera, step 100. Object tracking is often
desirably performed in real time and, thus, this selection is typically performed
sequentially through the sequence of frames as the frames are transmitted to the
tracker from the video camera. Alternatively, other selection orders may be

desirable in offline tracking implementations.

[0048] Figures 4A and 4B illustrate the estimation of layer ownership probabilities in
the case of a partial occlusion using the exemplary method of Figure 1. Frame 400
in Figure 4A includes images of three people, bounded by boxes 402, 404, and 406,
that are being tracked using this exemplary method. Figure 4B illustrates templates
408, 410, and 412, which correspond to the people in boxes 402, 404, and 406,
respectively, of Figure 4A. The brightness pixels in the templates of Figure 4B
reflect the ownership probability of the object layer representing the corresponding
person. Note the area in both template 410 and template 412 corresponding to the
occlusion of the person in box 404 by the person in box 406. The intensity of the
pixels in this region of both templates is less bright, indicating less certainty of
ownership in this region.  Still, the locations of both the person in box 404 and the

person in box 406 are accurately tracked as indicated by the centering of these

12
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persons in the bounding boxes. A parametric motion model may have difficulty
obtaining initial ownership probabilities in this section due to the occlusion,
increasing the potential for locking onto an undesirable local minimum during the

occlusion, which may lead to a loss of tracking.

[0049]1 Another exemplary type of geometry-based shape constraint that may be
included in the initialization and refinement of the ownership probabilities in steps
102 and 110. The location of the ground plane in frames of video data recorded by a
stationary may be determined in advance based on the viewpoint of the camera and
the fixed geometry of the scene. Based on this knowledge, the expected
relationship of two or more points on a tracked object moving along the ground may
be related in each frame by a simple matrix relation. For example the head and toe

of a person walking through a scene may be related by Equation 1.

T TH,
T.|-| K .H (1)
1) L1

[0050] In Equation 1, Txy are the X and Y coordinates of a toe point of a tracked
person walking through a scene, Hxy are the X and Y coordinates of the
corresponding head point of the tracked person, and K is the transformation matrix
based on the ground plane constraints. An exemplary application of this constraint
is illustrated in Figure 6. Figure 6 includes four frames of video data 600, 602, 604,
and 606. In each these frames, person 608 is being tracked. Stars 610 mark the
head point of tracked person 608 and circles 612 mark his toe point in each frame.
Note that in frame 602 the toe point 612 of tracked person 608 is occluded.
Enforcing ground plane constraints in such situations may help to constrain an
object’s extent and thus ownerships during partial occlusions or inter-object
occlusions. Also the ground plane constraints may be used to help determine three
dimensional depth information, assist in separating tracked objects as they pass and
partially occlude one another in one or more frames of a sequence, and/or assist

with additional image analysis, such as shadow removal. The use of ground plane

13
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geometry constraint may prove particularly valuable during the instantiation of new
layers and in the identification of tracked objects across multiple cameras, as

described below.

[0051] Further exemplary types of geometry-based constraints that may be included
in steps 102 and 110 include shape models for specific objects of interest. Images
may be analyzed for blobs or other features that match predetermined shape
models, such as the outline, or partial outline, of a type of object that the exemplary
tracker is particularly attuned to tracking, i.e. the shape of a car or other vehicle or a
human. These blobs or features may be formed by a number methods including:
optical flow or other motion detection methods; edge detection; and spatial or

spectral filtering of pixel data.

[0052] Figure 7 illustrates the use of head and shoulder shape model 702 for
identifying a person in a frame. In Figure 7, head and shoulder shape model 702 is
compared to features in edge image 700. This edge image has been formed by

using an edge detection algorithm on a frame of video data.

[0053] This exemplary method may allow improved tracking selectivity and may also
improve tracking when a tracked object ceases moving within the frames of video
data. The use of such shape models may be particularly advantageous in video
data which includes a large amount of motion of which only a relatively small amount
results from objects that it is desirable to track. Shape models may be combined
with other constraints, such as ground plane geometry constraints, to improve
initialization of layer ownership probabilities. For example, ground plane constraints
may be used to scale and orient the shape model in different portions of the selected

frame.

[0054] In step 104, with the layer ownership probabilities initialized for pixels of the

selected frame, a parametric motion model is estimated by matching both the

appearance and shape models from the preceding frame (time ?—1) with the new
observations and initialized layer ownership probabilities. This step provides the

necessary initialization for the EM algorithm to iteratively refine the layer ownerships
14
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and estimate the overall layer motion parameters. This iterative joint estimation
algorithm may desirably be based on: the learmed appearances of the layers from
preceding frames of the sequence of frames; the learned mixing probabilities for
pixels in the layers; the observed pixel data from pixels of the preceding frame;
observed pixel data and the initialized layer ownership probabilities for the pixels of
the selected frame; and an initial estimated set of motion parameters of the plurality

of layers for the selected frame.

[0055] The use of a parametric motion estimation algorithm in step 104 desirably
enforces object coherence, thus, avoiding drift of object pixels that may be
associated with a non-parametric motion model, such as that used in step 102 to
initialize the layer ownership probabilities. For general non-rigid object motion,
however, it has been found that appearance matching based on parametric motion

alone may not be robust. On the other hand, matching the shape model from time

t—1 with the initialized layer ownership probabilities of step 104 is more forgiving, as
the maximization step only tries to maximize the overlap area. Based by these
obseNations, only weak constraints for matching appearahce are employed for the
purpose of estimating the parametric motion. Because a strong appearance
matching constraint (in the expectation step) and a parametric motion constraint (in
the maximization step) are not simultaneously enforced, significant frame-to-frame

variation in appearance and object motion may be handled without drift.

[0056] An object appearance model may be simple 2D color histogram of pixels
weighted over time and over the spatial extent of the layer as defined by the layer
ownerships. The use of such weaker appearance models provide less stringent
appearance matching constraints than other appearance template models especially
when using a parametric motion model to fit non-rigid motion. This may improve the
accuracy of the tracking for non-rigid objects and may also increase the robustness
of the tracking algorithm to full and/or partial occlusions, particularly for occlusions

involving crossings of objects that are being tracked.

15
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[0o571 Alternatively, the histograms may be three dimensional histograms in which
the bins are populated according to pixel data and a geometric constraint. Figures
5A-C illustrate such exemplary three dimensional histograms. Figure 5A shows
frame 500 of video data, which includes two people 502 and 504 that are being
tracked in an outdoor scene. Figure 5B illustrates template 506. This template is
split into a series of bins that may be used to place data into an exemplary three
dimensional histogram by lines 508. These bins represent the distance of a pixel
from an edge of the blob within the template. In the example of template 506, the
bins created by lines 508 represent the distance a pixel is from the person’s foot. In
an alternative exemplary approach, the geometric constraint used to populate the
bins may be the distance of a pixel from an origin point, in which case the bins in the

figure would be separated by circles, rather than straight lines as in Figure 5B.

[0o058] Figure 5C includes two exemplary three dimensional histograms, histogram
510, which includes data from tracked person 502, and histogram 512, which
includes data from tracked person 504. The bins of these exemplary three
dimensional histograms are populated according to pixel intensity (X-axis) and the
distance from the foot of the tracked person (Y-axis), similar to the example of
Figure 5B. The brightness of each bin corresponds to the number of pixels that are
included in each bin (i.e., the Z-axis of the histogram). The two exemplary
histograms in Figure 5C illustrate an advantage of using three dimensional
histograms of this type over using two dimensional histograms based only on pixel
data. Two dimensional histograms based on the pixel intensity of tracked persons
502 and 504 may be very similar and, thus, difficult to distinguish, but, as shown in
Figure 5C exemplary three dimensional histograms 510 and 512 are significantly
different and easily distinguishable. This is due to the fact that person 502 is
wearing a dark top and light colored pant, while person 504 has on a light colored
top and dark pants. It is noted that the difference in scale of the two people may be
compensated by scaling the histograms based on the size of the blob in the image
or the depth of the object, if depth information is available to improve tracking

accuracy as objects move through the imaged space.
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[0059] In experiments under a variety of situations, it has been observed that a
translation motion model generally provides a robust parametric maximization
algorithm and provides significant computational efficiency as well. Higher order
models such as similarity, and affine motion models may tend to cause drift because

of larger degrees of freedom and significant frame-to-frame variation in shape.

[oo60] It is noted that translational motion models typically do not account for any
scale change or affine distortions. A relatively simple set of deterministic methods
may desirably be used to overcome this disadvantage. The scale and orientation
can be adjusted based on the ground plane constraint. Given the head location of
the person, Equation (1) provides the location of the foot. The head and foot location
can then be used to determine the size and orientation of the object in the image.
Further periodically, for every object being tracked, the tracker measures how much
of each change blob is owned by the object. If: 1) the object owns a significant
portion of a blob; 2) the sum of layer ownerships is close to blob size; and 3) there is
only one such blob, then the object is reset. During this re-instantiation of the object,
the bounding box, the appearance models and initial mixing probabilities are reset
for that object based on the change blob. The new bounding box is reset to cover
the whole change blob. This heuristic helps to ensure that a reset occurs only when
the object is not near other objects, and that the reset procedure does not switch the

identities of objects.

[0061] This reset heuristic may be used to desirably adjust the scale parameters of
the parametric maximization algorithm.  Since the use of an expectation
maximization (EM) algorithm decouples interdependence of the motion parameters
of various objects (especially near occlusions), each of the motion parameters can
be estimated independently. In the light of these simplifications, it may be desirable

to use a search-based method to find the best motion parameters.

[oos2] In step 104, with the layer ownership probabilities initialized for pixels of the

selected frame, a parametric motion model is estimated by maiching both the

17



WO 2007/013885 PCT/US2005/036585

appearance and shape models from the preceding frame (time —1) with the new

observations and initialized layer ownership probabilities.

[0063] The exemplary EM algorithm may be used as part of an inner loop to solve
for the motion parameters as described by J.A. Bilmes in A Gentle Tutorial of the EM

Algorithm and its Applications to Parameter Estimation for Gaussian Mixture and
Hidden Markov Models, Tech. Report TR-97-021 and by A. P. Dempster, N. M.
Laird, and D.B. Rubin in Maximum_Likelihood from Incompleie Data via the EM

Algorithm (J. Royal Statistical Society B, Number 39, pp. 1-38, 1977). In these
exemplary approaches, the EM algorithm may be used to solve for the current

0, A

motion parameters, , given that “+! (i.e. appearance, shape and motion

parameters for time 1) are known. The goal is to estimate the motion parameters

O O]

¢ that maximize the log likelihood of the current motion parameters, ¢, given the

appearance, shape and motion parameters for time -1, Af-l. According to the EM
algorithm, maximizing this log likelihood is equivalent to iteratively maximizing the
sum over all the layers of the log posterior probability of the current motion

parameters, ©

t, given past observation, layer assignments, mixture and motion
parameters times the expected ownership probability given the data observations,

and a set of appearance, shape and motion parameters.

[0o064] Using Bayes' rule and a uniform prior, this maximization problem can be
written in terms of the layer mixture model having three elements, each of which
represents a contribution to the objective function from each of the appearance
components per layer. The first element includes contributions due to the object
appearance model component summed over all object layers, the second element
includes contribution due to the background layer, and the third element includes the

contribution due to the outlier layer. Each of these elements has two terms; the first

term being the matching cost between the mixing probabilities from time (t-1)

warped to the current frame and the expected ownership probabilities and the
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second term being the matching cost between the appearance likelihood term and

the expected ownership probabilities.

[0065] An online version of this exemplary EM algorithm may be used to recursively

estimate the set of current parameters, Ay :{M,,‘I’,}

A

, given the set of parameters,
=1 from time -1 " Once an initial estimation of the set of all parameters,

{Ak};c=0, has been completed in step 104, the estimates of layer ownership
probabilities and the set of motion parameters are tested to determine if they are
adequate, step 106. This determination may be based on the log likelihood function
achieving a predetermined minimum likelihood value. Alternatively, it may be based
on the difference between the most recently calculated log likelihood and the log
likelihood value calculated in the previous iteration being below a predetermined
maximum change value, in which case the log likelihood function before the first
iteration may desirably be set to zero. It is contemplated that this determination may
be based on a combination of the present iteration log likelihood value and the
difference value. It is also contemplated that the estimation procedure of the
present invention may be designed to perform a set number of iterations to refine

the layer owner probability and motion parameter estimates.

[ooe6] If it is determined that the estimates of layer ownership probabilities and the
set of motion parameters are adequate, then these layer ownership probabilities and
motion parameters are used to update the object position and appearance model in
step 108. Otherwise, a recursive procedure, such as the exemplary EM algorithm, is

used to continue refining the estimates of the set of current frame parameters.

[0067] Since an initial set of estimated parameters have been calculated already, the
layer ownership probabilities for the plurality of layers in the selected frame may be
desirably refined using the EM algorithm, step 110. This refining step may be based
on: the appearances of the plurality of layers for the preceding frame of the
sequence of frames; the mixing probabilities and the observed pixel data from the

pixels of the preceding frame; and the estimated set of motion parameters of the
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plurality of layers for the selected frame. The estimated set of motion parameters of
the plurality of layers for the selected frame may then be refined as well using the
EM algorithm, step 112, based on: the appearances of the plurality of layers for the
preceding frame of the sequence of frames; the mixing probabilities and the
observed pixel data from the pixels of the preceding frame; the observed pixel data
and the updated layer ownership probabilities for the pixels of the selected frame;
and the estimated set of motion parameters of the plurality of layers for the selected

frame.

[ooes] These refined estimates may then be used to again determine if the
estimated layer ownership probabilities and set of motion parameters are adequate,
step 106. This recursive process may be continued until adequate results are
achieved for tracking of the object(s) in the frame of video data, or a predetermined
number of iterations of the EM algorithm have been performed. [t has been
observed during experimental use of this exemplary method that at most two
iterations of the EM algorithm are usually adequate to achieve a reasonable motion
estimate. It is also noted that the search window used during step 102 may be
chosen to be of a fixed size, and centered at the position predicted by an adaptive
constant velocity model to increase the efficiency of the non-parametric motion

model without substantially affecting the overall track capability of the system.

' [0069] In summary, by decoupling the problems of estimating initial layer ownership
probabilities from estimating layer motion, the exemplary method of Figure 1
achieves improved tracking over existing layer-based tracking systems. The initial
layer ownership probabilities are estimated using a non-parametric motion model,
such as optical flow, and hence can predict accurate initial layer ownership
probabilities even under complex motions, whereas layer motion estimation involves

simple parametric models of motion to allow for stable, drift-free estimates.

[0070] Another aspect of the performance of a real-world automatic system for
tracking object within frames of video data is the instantiation of object layers. The

present invention provides an improved method for instantiation of object layers.
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Figure 8 illustrates an exemplary method for instantiating one or more object layers
in a frame of video data that includes a plurality of pre-existing layers, which include

at least a background layer and an outlier layer.

[0071] Object instantiation may be desirably performed using the background

probability distribution, 7+(@) | and the outlier distribution, >(%) A change image
of the frame of video data is formed, using a non-parametric motion model to
compare the frame of video data to a preceding frame of video data, step 800. Non-
parametric motion models that may be used include optical flow and intensity
constraints. Figure 3 illustrates exemplary change image 300 formed using optical
flow. Figure 9 illustrates change image 904 formed from image 900 using a non-

parametric intensity constraint.

[0072] Three exemplary non-model-specific approaches to forming a change image
have been considered. In the first exemplary approach, change is detected by
competing between these probability distributions. Because the outlier model has a
uniform density, this approach reduces to a fixed threshold on the background
distribution. In the second exemplary approach, change is detected based on an
adaptive threshold on the probability distribution. The threshold may be chosen
individually for each pixel such that probability of false detect is a given constant.
This approach may have an advantage over the first exemplary approach when the
underlying distribution is peaky. Then the threshold may be chosen to be higher,
and in less peaky distributions the threshold may be chosen to be lower. In other
words, if a pixel area corresponds to a waving tree, choosing a lower threshold may
avoid detecting change. In the third exemplary approach, change is detected by
competing between the ownership probabilities for the background and the outlier
layer. This approach may provide additional robustness to random image
perturbations, because for the ownership probability of the outlier layer to become
high the mixing probability are also be high. Thus, only temporally persistent

change is detected using this approach.
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[0073] As a histogram based non-parametric model of the background is capable of
modeling a variety of changes, such as blinking lights, periodically waving trees,
bushes, etc., the first exemplary approach, which is the simplest among the three,
may be adequate, but, as noted above, the other two exemplary approaches have

certain advantages.

[0074] The non-parametric motion model also initializes the ownership probabilities
for pixels of the frame by pre-existing layers that have already been instantiated,
step 802. |If optical flow is used as the non-parametric motion model, this
initialization may desirably include warping mixing probabilities, appearances of the
plurality of pre-existing layers, and observed pixel data from pixels of the preceding
frame to the pixels of the frame to initialize the ownership probabilities for the pixels

of the frame by the plurality of pre-existing layers.

[o075] Connected component analysis is then applied on the change image to
extract one or more blobs that exhibit change, step 804. The non-parametric motion
model used in this exemplary method may include a number features that may help
to reduce difficulties associated with blob extraction, and other portions of the
instantiation process. For example, the non-parametric motion model may include
matching of histograms. These histograms may be two dimensional histograms of
appearances of the pre-existing layers of the preceding frame and observed pixel
data of blobs in the present frame. These two dimensional histograms may include
bins populated according to the observed pixel data. Alternatively, the matched
histograms may be the three dimensional histograms of appearances of the pre-
existing layers of the preceding frame and observed pixel data of blobs in the
present frame. These three dimensional histograms may inciude bins populated
according to the observed pixel data and a distance of a pixel from an origin point, or
bins populated according to observed pixel data and a distance of a pixel from an

edge.

[o076] The non-parametric motion model may also include a geometry-based

constraint on the ownership probabilities, such as a ground plane geometry
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constraint or a shape model. Exemplary shape models may include a human shape
model or a human head and shoulder model. Another exemplary geometry-based
constraint is a shape model that includes scaling and orientation parameters
determined by a ground plane geometry constraint. The non-parametric motion
model may also include a three dimensional depth constraint on the ownership

probabilities of the layers.

[0077] Oval 302 in Figure 3 illustrates a portion of change image 300 that may be
extracted by connected component analysis to form a blob. Likewise, in Figure 9,
oval 906 illustrates a portion of change image 902 that may be extracted as a blob in
this step. Note that the blob exiracted simply using connected component analysis
in Figure 9 includes not only a representation of person 902, but also includes their

shadow. This may often be undesirable.

[0078] Figure 9 illustrates an exemplary method to remove an associated shadow
from a blob extract in step 804 using ground plane constraints. First, connected
change blob 904 of change image 902 is identified as including change and
extracted by connected component analysis. The ground plane constraints are
applied to connected change blob 904 to identify any region of it that appears to lie
along the ground plane. Such regions are identified as shadows. Constrained
change image 908 illusirates the removal of shadow portion 910 from the extracted

blob, leaving only blob 912, which corresponds to person 902 in frame 200.

[oo79] Figures 10A and 10B illustrate another exemplary method to remove an
associated shadow from a blob extract in step 804. This exemplary method uses a
three dimensional depth constraint to remove a shadow portion from the extracted
blob. As illustrated in Figure 10A, subtracting current image 1002 from background
image 1000 provides a simple means of obtaining change image 1004.
Unfortunately, applying connected component analysis in step 804 to this change
image may lead to a large initial blob that includes several people moving through
the room and their shadows. Figure 10B illustrates the exemplary exiraction of

blobs 1014, 1016, and 1018 using three dimensional depth constraints. In this
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exemplary method, current frame depth image 1010 is subtracted from background
depth image 1008 to produce change image 1012, which includes depth information.
As the shadows have no depth, unlike change image 1004, they do not appear in

change image 1012.

[o080] The depth information in change image 1012 also allows for a simple
heuristic to separate regions representing different objects in the frame which have
partially occluded one another. It may also prove useful for instantiating new layers

for objects that enter the sequence of frames partially occluded.

[0081] When analyzing the set of blobs exiracted using connected component
analysis in step 804 to determine if the blob represents a new object for which a new
layer is to be instantiated, an initial blob is selected. A score is computed for every
blob extracted in step 804 that measures how much of the blob is already pre-owned
by existing layers, step 806. This measure may be computed by summing the layer
ownership probabilities over the pixels included in the blob. A threshold based on
the ratio of sum of layer ownership probabilities and blob size may used to
determine if a new blob should be instantiated. Other heuristics such as minimum
blob size and minimum average motion of the pixels in the blob from one frame to
the next may be used in conjunction with this threshold to determine whether to

instantiate a new layer.

[0082] In some cases the initially selected blob may be determined to include
portions representing more that one object, such as blob 1006 in Figure 10A. A
portion of the initial blob that represents an object may be desirably identified and
separately extracted from the remainder of the initial blob. This remainder may then

be returned to the set of blobs not yet analyzed.

[0083] Exemplary means for identifying portions of the selected initial blob

representing separate objects may include shape models of exemplary objects to be

tracked, ground plane geometry constraint, adaptable shape models that include

scaling and orientation parameters determined by the ground plane ‘geometry

constraint, and/or three dimensional depth constraints. If the objects desired to be
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tracked are humans, a human shape model, or a human head and shoulder model
may be employed. It is noted that such exemplary identification and separation of
blob portions may also desirably allow for the removal of unwanted shadow portions
from the selected initial blob. When using this exemplary method to remove shadow
portion from the selected initial blob. The selected initial blob may be separated into
a plurality of sub-blobs and each one of the sub-blobs selected one at a time to
identify the portion representing the object and returning the remaining sub-blobs to

set of initial blobs as new initial blobs.

[0084] The blob extracted in step 804 is instantiated as a new object layer when the
ownership score computed in step 806 meets predetermined criteria, such as being
less than a threshold ownership score based on a size of the blob, step 808. For
example, if the size of the exiracted blob is measured in pixels and the threshold
ownership score is greater than or equal to a predetermined constant times the size

of the extracted blob, then the blob is selected for instantiation.

[0085] The instantiation of the blob may desirably include the instantiation of the
object layer representing the newly identified object. During this instantiation, the
new object layer is initialized. At initialization, a bounding box for the layer is
determined from the bounding box of the associated blob so as to include the subset
of pixels in the blob. Within that bounding box, the appearance model is initialized,
and the mixing probabilities for each are set to a fixed value. The bounding box puts
a bound on the extent of the object, and the layer ownerships, mixing probabilities,
and the appearance model is updated only within that bounding box. The layer
ownership probabilities for the subset of pixels in the blob are updated to equal a
first predetermined probability of their ownership by the new static object layer, a
second predetermined probability of their ownership by the new object layer. The
probability of ownership of this subset of pixels by the plurality of pre-existing layers
is set to zero at the same time. The mixing probabilities for the object layer is
initialized to equal a third and fourth predetermined probability, respectively, for the
subset of pixels and zero probability for other pixels of the frame. The appearance of

the object is initialized to equal pixel values of the subset of pixels.

25



WO 2007/013885 PCT/US2005/036585

[0086] By constraining the influence of a newly instantiated layer to within the
bounding box, significant computational advantage is achieved without
compromising tracking performance An object layer is destroyed if the sum of
ownership probabilities falls below a fixed threshold related to the minimum blob

size.

[0087] The change image is then checked to determine if all of the blobs identified
therein have been extracted, step 810. If all of the blobs have been extracted, then
the instantiation of new layer is complete, step 812, and the tracking system may
proceed to estimate motion parameters and update layer ownership probabilities for
the current frame. Otherwise, additional blobs are extracted and analyzed in steps
804, 806, and 808 until all of the blobs have been exiracted.

[oo88] It is noted that translational motion models alone cannot account for scale
changes or affine distortions. To account for these changes, a simple layer
bounding box reset heuristic may be quite effective in practice. Periodically, for
every object layer, the amount of each change blob owned by the object layer is
measured. If 1) the object layer owns a significant portion of a blob; 2) the sum of
layer ownerships is close to blob size; and 3) there is only one such blob, the
bounding box, the appearance model and initial mixing probabilities are reset for the
object layer(s). A new bounding box is initialized that covers the whole change blob.
These conditions ensure that such a reset occurs only when the object represented
by the object layer(s) is not near other objects, and the reset procedure does not

switch the identities of objects represented by object layers.

[oosa] Figure 11 illustrates an exemplary method of identifying an object in a
plurality of frames of video data recorded substantially simultaneously by a
corresponding plurality of video cameras, each of which desirably has a different
viewpoint than the other video cameras. Each of the substantially simultaneously
recorded frames of video datia is represented by a corresponding set of layers. At
least one of these sets of layers includes one or more object layers that represent

the object as it appears in the corresponding frame of video data. Figure 12
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itlustrates such an arrangement. Frames 1200, 1202, 1204, and 1206 were
recorded at substantially the same time using four separate video cameras located
at different points in the room. Person 1208 can be seen in three of the frames,
frames 1200, 1202, and 1206. Person 1212 can be seen in two of the frames,
frames 1204 and 1206, while persons 1210 and 1214 can only be seen in one frame

each.

[0090] For each of the substantially simultaneously recorded frames of video data,
layer ownership probabilities of the set of layers corresponding to a frame are
calculated for the pixels of the frame. An appearance of each of these layers is
calculated as well, step 1100. The layer ownership probabilities and the
appearances of the layers may desirably be calculated using the exemplary method

of Figure 1.

[0091] One of the object layers representing the object in one frame of video data is
selected, step 1102. Another of the substantially simultaneously recorded frames is
then selected, step 1104. The selected object layer of the first frame is mapped
onto a corresponding section of frame of video data selected in step 1104 using
ground plane geometry constraints, step 1106. If this mapping is not possible, then
the object is not represented in the selected frame and another frame of video data

is selected.

[0092] One of the layers of the set of layers corresponding to the frame selected in
step 1104 is chosen, step 1108. This chosen layer is desirably substantially located
in the corresponding section of the frame. If one of the object layers of the frame
selected in step 1104 was previously identified as representing the object, and that
object layer is substantially located in the corresponding section of the other frame it
is chosen. Otherwise, the layer that has a highest average ownership probability for

pixels in the corresponding section of the frame selected in step 1104 is chosen.

[0093] The object layer selected in step 1102 is then matched to the layer chosen in

step 1108 using appearance constraints, step 1110. Any suitable matching
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algorithm may be used to match the appearances of these layers, including direct

pixel-to-pixel appearance matching and histogram matching.

[0094] For histogram matching, histograms of both the object layer selected in step
1102 and the layer chosen in step 1108 are generated. The histograms used for
matching may be either two dimensional or three dimensional histograms as
described above with regard to the exemplary method of Figure 1. |t is noted that
the histograms may desirably be scaled based on the number of pixels in the layers.
This may be particularly desirable when using three dimensional histograms.
Figures 13A and 13B illustrate the use of exemplary histogram maiching. Figure
13A includes two substantially simultaneously recorded frames 1300 and 1302,
which respectively include front image 1304 and rear image 1306 of a single person
walking through the room. Three dimensional histograms 1308, corresponding to
front image 1304, and 1310, corresponding to rear image 1306 are shown in Figure
13B. The exemplary histograms in Figure 13B show a significant maich between
the two layer appearances, even though direct pixel-to-pixel matching of the layers

would show only a partial match.

[0095] Other exemplary algorithm may also be used to improve the matching of the
selected layer and the chosen layer in step 1110. For example, a shape model for
the object may be used to refine bounding box estimates of the object layer selected
in step 1102 and the layer chosen in step 1108. The refined layers may then be

matched.

[0096] Once the matching of the layers in step 1110 is completed, the degree of
match between the layers is compared to predetermined matching criteria, step
1112. If the matching of the layers does not exceed these predetermined matching
criteria, the layer chosen in step 1108 is temporarily removed from the set of layers
corresponding to the frame selected in step 1104, step 1114. Other layers of the set
of layers corresponding to the frame selected in step 1104 are chosen and the
matching repeated, steps 1108 and 1110, until a suitable maich is obtained or all of

the layers have been chosen.
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foog7] If the matching of the layers in step 1110 does exceed the predetermined
matching criteria, the layer chosen in step 1108 is identified as an object layer
representing the object, step 1116. It is then determined whether all of the
substantially simultaneously recorded frames have been checked for object layers
representing the object, step 1118. If all of the frames have been checked then the
identification of the object across the frames of all of the cameras is complete, step
1120. [f some frames remain in which an attempt to identify object layers
representing the object has not yet been made, another frame is selected, step 1104

and the process continues.

[0098] It is contemplated that the exemplary method of Figure 11 may be expanded
to identify all object layers of all of the frames by performing these exemplary steps
on each new unidentified object layer in the first frame and then on any remaining
unidentified object layers in the other frames until all of the object layers have been
identified. This exemplary method may also prove useful for instantiation of new
layers by anticipating the appearance of existing layers other frames. It may also
prove useful for the tracking of objects through partial, and even full, occlusions in

frame recorded by some or all of the cameras.

[0099] A selective use of non-parametric motion in terms of optical flow for prediction
of object ownership probabilities, and parametric motion for object motion estimation
allows an exemplary flexible layer-based tracking system of the present invention to
handle tracking of complex objects under a variety of non-rigid motions and inter-

object occlusions.

[00100] The present invention includes a number of exemplary methods to track both
rigid and non-rigid objects in a variety of environments. The use of these exemplary
methods allows greatly simplified, yet highly accurate, tracking of these objects.
Although the invention is illustrated and described herein with reference to specific
embodiments, the invention is not intended to be limited to the details shown.
Rather, various modifications may be made in the details within the scope and range

of equivalents of the claims and without departing from the invention.
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Claims:

1. A method for tracking an object recorded within a selected frame of a
sequence of frames of video data, using a plurality of layers, at least one object
layer of the plurality of layers representing the object, the method comprising the
steps of:

a) initializing layer ownership probabilities for pixels of the selected frame
using a non-parametric motion model;

b) estimating a set of motion parameters of the plurality of layers for the

selected frame using a parametric maximization algorithm; and

c) tracking the object.
2. The method of claim 1 wherein estimating the set of motion parameters is
based upon:

appearances of the plurality of layers for a proceeding frame of the sequence
of frames;

mixing probabilities and observed pixel data from pixels of the preceding
frame; |

observed pixel data and the layer ownership probabilities for the pixels of the
selected frame; and

an initial estimated set of motion parameters of the plurality of layers for the

selected frame.

3. The method of claim 1 wherein tracking the object is based upon:
the layer ownership probabilities for the pixels of the selected frame; and

the set of motion parameters of the at least one object layer estimated in step

(b).

4. A method for instantiating one or more object layers in a frame of video data

that includes a plurality of pre-existing layers, the plurality of pre-existing layers
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including a background layer and an outlier layer, the method comprising the steps
of:

a) forming a change image of the frame of video data using a non-
parametric motion model to compare the frame of video data to a preceding frame of
video data;

b) initializing ownership probabilities for pixels of the frame by the plurality
of pre-existing layers using the non-parametric motion model;

c) applying connected component analysis to the change image to
extract a blob;

d) computing an ownership score for the blob exiracted in step (c);

e) instantiating the blob extracted in step (c) as an object layer when the
ownership score computed in step (d) is less than a threshold ownership score
based on a size of the blob; and

f) repeating steps (c), (d), and (e) until all blobs in the change image

have been exiracted.

5. The method according to claim 4, wherein:

the non-parametric motion model is optical flow; and

step (b) includes warping mixing probabilities, appearances of the plurality of
pre-existing layers, and observed pixel data from pixels of the preceding frame to
the pixels of the frame to initialize the ownership probabilities for the pixels of the

frame by the plurality of pre-existing layers.

6. A method of identifying an object in a plurality of frames of video data
recorded substantially simultaneously by a corresponding plurality of video cameras,
each video camera of the plurality of video cameras having a viewpoint different
than the other video cameras, each frame of substantially simultaneously recorded
video data is represented by a corresponding set of layers, at least one of the sets of
layers including one object layer representing the object in one frame of video data,

the method comprising the steps of:
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a) for each frame of video data, calculating ownership probabilities for
pixels of the frame by the set of layers corresponding to the frame and an
appearance of each layer of the set of layers corresponding to the frame;

b) selecting the one object layer representing the object in the one frame
of video data; '

c) mapping the one object layer selected in step (b) onto a corresponding
section of another frame of video data using ground plane geometry constraints;

d) choosing a layer of the set of layers corresponding to the other frame
that is substantially located in the corresponding section of the other frame;

e) matching the one object layer selected in step (b) to the layer chosen
in step (d) using appearance constraints; and

f) identifying the layer chosen is step (d) as an object layer representing
the object, if the layers matched in step(e) exceed predetermined matching criteria,
otherwise temporarily removing the layer chosen in step (d) from the set of layers

corresponding to other frame and repeating steps (d), (e), and (f).

7. The method according to claim 6, further comprising the step of:
Q) repeating steps (c), (d), (e), and (f), until an attempt has been made to match
the one object layer selected in step (b) to at least one layer in each frame other

than the one frame.

8. The method according to claim 6, wherein step (a) includes the steps of:

al) initializing the layer ownership probabilities for the pixels of each frame using
a non-parametric motion model; and

a2) estimating the appearance of each layer for each frame using a parametric

maximization algorithm.
9. The method according to claim 6, wherein step (d) includes the steps of:

d1) choosing an object layer of the set of layers corresponding to the other

frame that was previously identified as representing the object, if the previously
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identified object layer is substantially located in the corresponding section of the
other frame; or

d2) choosing the layer of the set of layers corresponding to the other frame that
has a highest average ownership probability for pixels in the corresponding section
of the other frame, if there is no previously identified object layer substantially

located in the corresponding section.
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