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METHOD FOR AUTOMATIC DETECTION
AND TRACKING OF MULTIPLE OBJECTS

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims priority from U.S. Provi-
sional application No. 61/058,234 filed Jun. 3, 2008, the
entire subject matter thereof being incorporated herein by
reference and from U.S. Provisional application No. 61/107,
707 filed Oct. 23, 2008 the entire subject matter thereof being
incorporated herein by reference.

TECHNICAL FIELD

[0002] This invention relates generally to methods for auto-
matically detecting and tracking multiple objects and more
particularly to methods for automatically detection and track-
ing pedestrians in crowds.

BACKGROUND AND SUMMARY

[0003] As is known in the art, multi-object detection and
tracking, such as detection and tracking of pedestrians in a
crowd, over extended periods of time is a challenging prob-
lem that has attracted significant attention in the context of
video surveillance systems. The main technical challenges
are in building practical and scalable systems whose compu-
tational complexity scales with the complexities in tracking
due to the number of people, inter-object occlusions, appear-
ance and shape/size similarities in persons (including similar
geometry, clothing, and homogeneity in person facial appear-
ance). See for example. U.S. Pat. No. 7,006,950, inventors
Greiffenhagen, et al. issued Feb. 28, 2006 entitled “Statistical
modeling and performance characterization of a real-time
dual camera surveillance system”.

[0004] In accordance with the invention, a method is pro-
vided for automatic detection and tracking of people in a
crowd from single or multiple video streams. In one embodi-
ment, the method uses an electronic computing apparatus to
process video signals using human-like reasoning approach
involving staged computation of approximate guessing (in-
dexing) and refinement of hypotheses about the number of
persons, their locations and direction of motion. A final opti-
mization stage refines the hypotheses generated to compute a
quantitative estimate of the number of persons, their locations
their tracks, along with specific attributes of the persons (in-
cluding size, height, dynamic state or posture in 3-dimen-
sions).

[0005] In one embodiment, a method is provided for auto-
matically detecting and tracking each one of a plurality of
people in a scene. The method includes: acquiring video
frames from a video camera: extracting discriminative fea-
tures distinguishing foreground from background in the
acquired video frames; detecting changes in the extracted
features to produce a change map; using the change map to
generate a hypothesis for estimating an approximate number
of people along with locations of the people uncertainties
therein; and using the estimates, initializing tracking each one
of'the people to obtain partial tracks of each one of the people
and using partial tracks to refine the estimate of the number of
people, their individual locations and uncertainties.

[0006] In one embodiment, the generation of the hypoth-
esis includes: (a) using the change map and/or the video
frames to identify smaller hypotheses regions in the scene for
further examination; (b) computing a summed-weighted
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score of occupancy of the identified smaller hypotheses
regions; (¢) using the score of occupancy to guess the number
of people; (d) using contours for a plurality of identified
smaller hypotheses regions to estimate another guess of the
number of people and their locations for each smaller hypoth-
eses regions; and (e) using an appearance based classifier that
uses a plurality of appearance features integrated with a rule-
based reasoning method to estimate number of people and
their locations.

[0007] Inone embodiment, a method is provided for auto-
matically detecting and tracking of each one of a plurality of
people in a scene. The method includes: obtaining video data
of the objects in the scene using a video system; processing
the data in computer apparatus using a indexing process to
generate estimate hypotheses of the location and attributes of
the objects within the scene; using person track estimates
from past frames to predict a likely locations of persons; using
the estimated hypotheses as input to construct space-time
features used to detect self and mutual occlusion hypotheses:
using the occlusion hypotheses to initialize a plurality of
mean-shift trackers whose histogram feature representation is
chosen adaptively to discriminate between the given person
and the rest of the scene and whose kernels are adaptively set
according to the occlusion hypotheses and posture predic-
tions; obtaining a plurality of partial tracks using the plurality
of mean-shift trackers that are robust under occlusions; and
fusing the partial tracks along with person location predic-
tions to obtain a refined estimate of number of people, their
locations and postures.

[0008] Inone embodiment, a method is provided for auto-
matically detecting and tracking objects in a scene. The
method includes obtaining video data of the objects in the
scene using a video system. The data is processed in computer
apparatus using a fast-indexing process to generate estimate
hypotheses of the location and attributes of the objects within
the scene. The estimate hypothesis is refined to generate
statistical models of appearance and geometry of the objects
being tracked. The generated models are then used for dis-
criminative tracking using context driven adaptive detection
and tracking processing.

[0009] In one embodiment, the uncertainty estimates are
used to derive predictive distributions of expected locations
of persons and enable the derivation of an occlusion hypoth-
esis that is fed back for adaptive decisions on feature.
[0010] In one embodiment, the method: acquires video
frames from a video camera; extracts discriminative features,
e.g., histograms computed from the most discriminative color
spaces, from the video frames; detects changes in the
extracted features using background subtraction to produce a
change map; using the change map to use a hypothesis to
estimate of an approximate number of people along with
uncertainty in user specified locations; and using the estimate,
track people and update the hypotheses for a refinement of the
estimation of people count and location.

[0011] The details of one or more embodiments of the
invention are set forth in the accompanying drawings and the
description below. Other features, objects, and advantages of
the invention will be apparent from the description and draw-
ings, and from the claims.

DESCRIPTION OF DRAWINGS

[0012] FIG.1is a flowchart of the method used to automati-
cally detecting and tracking objects in a scene according to
the invention;
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[0013] FIG. 2 is a diagram of a system according to an
embodiment of the present disclosure:

[0014] FIG. 3 is an illustration of steps in the formal design
mechanism according to the invention;

[0015] FIG. 4 shows Human-like Detection & Tracking
System according to the invention;

[0016] FIG. 5 illustration the pedestrian detection and
tracking strategy according to the invention; and

[0017] FIG. 6 shows from input image to Fourier Descrip-
tor (a) input image (b) foreground blob (¢) sampling points on
the boundary (d) magnitudes of Fourier Descriptor (e) recon-
structed shape from 14 Fourier coefficients; and

[0018] FIG. 7 is a flowchart of fast indexing used in the
process used to automatically detecting and tracking objects
in a scene according to the invention.

[0019] Like reference symbols in the various drawings
indicate like elements.

DETAILED DESCRIPTION

[0020] Referring now to FIG. 1, a flowchart of the method
for automatically detecting and tracking objects in a scene is
shown. The method includes providing a video system with
initial settings in an observed scene having one or more
objects to be tracked by the video system, Step 100. The
method obtains video data of the objects in the scene using a
video system (e.g., video camera), Step 102. The data is
processed in computer apparatus (FIG. 2) using a fast-index-
ing process to generate estimate hypotheses of the location
and attributes of the objects within the scene, Step 104. The
estimate hypothesis is refined to generate statistical models of
appearance and geometry of the objects being tracked, Step
106. The generated models are then used for discriminative
tracking by the video system using context driven adaptive
detection and tracking processing 108. During the discrimi-
native tracking, the objects location and attributes are updated
using online uncertainty estimation 110.

[0021] Referring to FIG. 2, according to an embodiment of
the present invention, a computer system 201 for implement-
ing the present invention can comprise, inter alia, a central
processing unit (CPU) 202, a memory 203 and an input/
output (I/O) interface 204. The computer system 201 is gen-
erally coupled through the I/O interface 204 to a display 205
and various input devices 206 such as a mouse and keyboard.
The support circuits can include circuits such as cache, power
supplies, clock circuits, and a communications bus. The
memory 203 can include random access memory (RAM),
read only memory (ROM), disk drive, tape drive, etc., or a
combination thereof. The present invention can be imple-
mented as a routine 207 that is stored in memory 203 and
executed by the CPU 202 to process the signal from the signal
source 208, here a video camera. As such, the computer
system 201 is a general purpose computer system that
becomes a specific purpose computer system when executing
the routine 207 of the present invention.

[0022] The computer platform 201 also includes an oper-
ating system and micro instruction code. The various pro-
cesses and functions described herein may either be part of
the micro instruction code or part of the application program
(ora combination thereot) which is executed via 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.

[0023] Tt is to be further understood that, because some of
the constituent system components and method steps
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depicted in the accompanying figures may be implemented in
software, the actual connections between the system compo-
nents (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
ordinary skill in the related art will be able to contemplate
these and similar implementations or configurations of the
present invention.

[0024] Referring now to FIG. 3, the real-time computer
vision tasks can be decomposed into stages involving “index-
ing” (—Step 104 FIG. 1 that involves quick hypothesis gen-
eration modules that are designed by use of the regularities in
the context) followed by detailed estimation (—Step 106
FIG. 1 that involves the computation or refinement of the
guesses that were made by the indexing step 104). The steps
104, 106 of the design mechanism are illustrated as an
example in FIG. 3. At frame t, two people with slight mutual
occlusion enter the camera field of view (Step (a)). Note that
we define mutual occlusion as occlusion caused by another
people or a static structure in the environment, e.g., occlusion
induced by a tree closer to the camera than a pedestrian, while
self occlusion means occlusion of body parts of a person
caused by other body parts of the same person, e.g., partially
invisible torso of a person due to a swaying arm of the same
person. Using scene geometry and camera calibration (prior
knowledge on the scene, Step 100, FIG. 1), pedestrian tem-
plates at that portion of the image are retrieved from a data-
base. Using these human templates, a quick indexing method
[see L. Dong, V. Parameswaran, V. Ramesh, I. Zoghlami: Fast
Crowd Segmentation Using Shape Indexing, ICCV 2007] is
called upon and initial hypotheses regarding the number of
people in the scene and their rough locations are generated
(Step (b)). These initial hypotheses are refined by optimizing
a criterion [see L. Dong, V. Parameswaran, V. Ramesh, I.
Zoghlami: Fast Crowd Segmentation Using Shape Indexing,
ICCV 2007] and accurate positions are estimated (Step (c)).
Multiple-kernel trackers [see V. Parameswaran, V. Ramesh, I.
Zoghlami: Tunable Kernels for Tracking. CVPR (2) 2006:
2179-2186] are initialized to track the two people (Step (d)).
Each person is tracked by a combination of two kernels, one
for tracking the head and one for tracking the torso. After
frame t, the states regarding the scene (i.e., herein referred to
as the “world state”), e.g., number of tracked people, their
speeds and locations, are updated. Using the current “world
state”, the best tracking strategies are computed. Two
examples of such strategies are presented in FIG. 3). After
framet, the system realizes that the two pedestrians have very
similar colors and shapes in the given input image resolution.
To track them, the video camera needs to zoom into the
pedestrians. Using scene priors and camera characteristics,
such a zoom factor can be optimally estimated [see M. Gre-
iffenhagen, V. Ramesh, D. Comaniciu, H. Niemann: Statisti-
cal Modeling and Performance Characterization of a Real-
Time Dual Camera Surveillance System. CVPR 2000: 2335-
2342]. As a result, the vision system actively controls the
video capturing cameras and at frame t+3, the two pedestrians
appear larger with more discriminative features on them (Step
(e). 2) Using motion parameters estimated for the two per-
sons, the system predicts that the torso of one person will be
occluded by another person at frame t+10. As a result, the
system can lower the weight for the torso kernel (kernel 2) and
reduce its influence in the tracking algorithm. This strategy
can effectively reduce tracking failures.
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[0025] The architecture is illustrated in FIG. 4. Please note
that it has close parallels to the dual-system model of cogni-
tion devised by eminent psychologist Daniel Kahneman [see
D. Kahneman and S. Frederick, Representativeness revisited
Attribute substitution in intuitive judgement. In T. Gilovich,
D. Griffin, & D. Kahneman (Eds.), Heuristics and biases: The
psychology of intuitive judgment (pp. 49-81). Cambridge:
Cambridge University Press, 2002]. Thus, in Step 102 the
video system generates single/multiple video streams that are
collected. In Step 104 fast indexing/reflexive vision data, i.e.,
real time hypothesis generation) is processed by the computer
system to generate an initial hypothesis (e.g., i.e., the number
of people in the scene, their locations in the scene, partial
tracks, etc.). It is noted that this step 104 uses “world state”
data (e.g., 3D scene geometry and priors, user defined rules,
etc.). Next, the adaptive tracking and estimation to generate
refine estimators of the number of persons being tracked, the
geometry and appearance models of the people being tracked,
Step 106. The generated models are then used for discrimi-
native tracking by the video system using context driven
adaptive detection and tracking processing 108. During the
discriminative tracking, the objects location and attributes are
updated using online uncertainty estimation 110. It is noted
that the refined hypothesis (Step 106) is used to update the
“world state”, which may also be updated by the user. This
updated “world state” is used in Step 108 to adaptively change
the video system (e.g., adaptive zoom parameter selection,
etc.)

[0026] Referring again to FIG. 1, the uncertainty estimates
are utilized to derive predictive distributions of expected loca-
tions of persons in the subsequent frame and will enable the
derivation of occlusion hypotheses that will be fed back to
adaptive decisions on feature representations useful for
robust tracking.

[0027] The fast indexing step is illustrated below in FIGS.
5 and 7. To address user-directed continuous tracking and
logging, the user selects an object to be tracked in a semi-
autonomous mode. In addition, the user is able to specify the
criteria for objects to be tracked via the use of a rule-based
policy engine.

Fast Indexing (Step 104)

[0028] Fast indexing is an efficient algorithm that quickly
calculates the number of people in a region of interest (ROI)
in an input video frame. In the example in FIG. 5, ROIs are
classified into those containing a single person (level-1),
small groups of people (2~6 people, level-2) and large groups
(>6 people, level-3). The basic principle of shape-based
indexing [see L. Dong, V. Parameswaran, V. Ramesh, I.
Zoghlami: Fast Crowd Segmentation Using Shape Indexing,
ICCV 2007] is to quickly map the contour of the group of
people into the number of pedestrians. The algorithm uses
discrete Fourier transform (DFT) on the 50 uniformly
sampled points on the contour. Magnitudes of the DFT coef-
ficients are used as indices to retrieve the number of people
(and candidate configurations) in a blob (In our context, a
blob is a connected image region corresponding to a group of
foreground objects, e.g., people, and it is usually computed
using a background subtraction algorithm. The outer bound-
ary of the blob corresponds to the aforementioned contour.)
using a k-nearest neighbor (k-NN) approach.

[0029] Referring to FIG. 7 based on knowledge about the
background appearance and predicted locations of objects
using previously estimated object locations and velocities,
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the algorithm adaptively select the most discriminative fea-
tures for tracking, Step 700. In one embodiment, such dis-
criminative features include the color space from which an
appearance model is derived from [R. Collins and Y. Liu:
On-Line Selection of Discriminative Tracking Features,
ICCV’03]. In another embodiment, the most discriminative
separating boundaries between a foreground object and sur-
rounding structures are adaptively updated using an online
learning and update approach [S. Avidan: Ensemble Tracking,
IEEFE Transactions on Pattern Analysis and Machine Intelli-
gence (PAMI), Vol. 29(2), pp 261-271, 2007], that is selecting
subsets of spatiotemporal filter responses selected by a dis-
criminative learning method. Next, the fast indexing process
detects a pixel-wise change map (foreground object versus
background) Step 702. Next, utilizing the change map, the
fast indexing process makes initial estimates by indexing the
number of people in the frame using crowd density estimation
(Step 705) or by indexing on the number of people and their
locations using contour-based estimation (Step 710) or by
indexing on the number of people and their locations using
appearance-based classification (Step 715) or by other fea-
tures that correlate with number of people. (Step 720).

[0030] Next, the process fuses all initial estimates using
uncertainty weighted average (Step 725). Note that less cer-
tain guesses are weighted less and the update weights are
computed a priori. The weights are stored as a look up table
conditioning on the imaging conditions such as foreground/
background color contrast and resolution. Next, the process
adaptively adjusts kernel sizes for space-time slices (Step
730). Next the process detects the occurrence of occlusion
among people and due to structures in the scene (Step 735),
by using inference on the space-time slices. Next, the process
initializes a mean-shift tracker, determining the number of
kernels and kernel size and location based on walking direc-
tion of a person (a pedestrian walking parallel to the camera
will need a more detailed model (thus more kernels) than a
pedestrian walking toward or away from the camera due to
larger range of swaying arms/legs apparent in the video
frames), amount of occlusion (legs of a person should not be
used for tracking if they are occluded) (Step 740). Next, the
process utilizes the mean-shift tracker to track people, using
the set of kernels determined in Step 740 and features deter-
mined in Step 700, and recover partial tracks (Step 745).
Next, the process fuses multiple hypotheses for a refined
estimation of number of people, location, 3D posture, et al.
(Step 750), using fused partial tracks estimated by the fast
indexing schemes (Step 725), partial tracks provided by the
mean-shift tracker, and partial tracks predicted by the motion
prediction process (Step 760), Next the process updates a
global state, number of people, locations, and postures, et al.,
for past estimations (Step 755). Next, the process predicts
object state using past estimations and velocity estimation
(Step 760)

[0031] It is noted that the change detection map is used to
derive the approximate number of people along with uncer-
tainty in user specified zones (see U.S. Pat. No. 7,457,436
patent by Paragios et al., “Real-time crowd density estimation
from video™) (Step 705). Further, the approximate number of
people and their locations in (Step 710) can be further esti-
mated through the procedure outlined in criterion [see L.
Dong, V. Parameswaran, V. Ramesh, 1. Zoghlami: Fast Crowd
Segmentation Using Shape Indexing, ICCV 2007] and
[United States Patent, Dong et al. Fast Crowd Segmentation
Using Shape Indexing, U.S. Patent Application Publication
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No. 2009/0034793, assigned to the same assignee as the
present invention, the entire subject matter thereof being
incorporated herein by reference] if the estimated number of
people along with uncertainty in a given zone is less than 6.
Other alternative schemes may be used to estimate the num-
ber of people and their locations (for example: an appearance
based head detection scheme may give a rough order of mag-
nitude of number of people along with uncertainty in a given
region). ( Step 720).

[0032] Reference is also made to U. S. Provisional Patent
Application Serial No. 61/107,707 filed Oct. 23, 2008 entitled
“A General-View, Self-Calibrating Crowd-Size Estimator”
inventors Vasudev Parameswaran and Visvanathan Ramesh,
the entire subject matter thereof being incorporated herein by
reference. As described therein:

[0033] It is assumed that (1) the scene is static, (2) the
camera’s height above the ground is greater than the maxi-
mum height of a human, (3) a background maintenance and
change detection module supplies a binary change detection
image C as input to our crowd size estimator, (4) the size of
humans as a function of pixel position (i.e. partial scene
geometry) is provided. These are reasonable assumptions in a
typical surveillance scenario. For the purposes of exposition,
we make two simplifications: (1) that humans can be modeled
as rectangles (the method can be extended in a straightfor-
ward manner to work with more detailed models of humans),
(2) vertical lines in the 3D world project to vertical lines in the
image (the general case can be derived in a similar manner).
Denote the width by w(y) and height by h(y). We work with
the y-axis pointing downwards as in an image. Let the width
and height of the image be W and H respectively. We propose
that the crowd size S can be expressed as a weighted area of
C:

w o)
5= > 80CG )

J=1

M=

i

[0034] Here S is a cumulative guess of the number of
people in a scene, utilizing a weighted sum of partial evi-
dences provided by each foreground pixel in the change
detection image (change map) C. S is subsequently called a
score. N. Paragios and V. Ramesh. “A MRF-based approach
for real-time subway monitoring.” Proc. IEEE CVPR, 2001
choose 0(1)=1/(w(i)h(i)). Although this is approximately
position invariant and a reasonable weight function, in this
work, we derive a weight function that incorporates position
invariance explicitly. Assume that there is one person in the
scene such that the rectangle modeling the person has its top
left corner at (.x,y). In this case we seek a function 6(.) such
that:

{0 wrn @
00 Z Cl, =1
Jj=x

i=y

[0035] Here f(y) is the y coordinate of the person’s foot
f(y)-y=h(f(y)). Let the y coordinate of the horizon be y,
which can be obtained by solving h(y)=0. The smallest y
coordinate for a person’s head we consider is given b y:

Yo=max(0, y,+e€) 3)
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[0036] Lety,,,. bethe maximal head position above which
the feet are below the image. Equation (2) applies for posi-
Hons Yo=Yy =y, Fory>y, . the weighted sum is adjusted to
the fraction of the visible height of the person. We thus have
(H=y,+1) equations in as many unknowns and the linear
system of equations can be solved to yield 0(.). Although this
is in principle correct, the equations do not enforce smooth-
ness of 0(y) and hence the resulting weight function is not
typically smooth. We could remedy this problem using regu-
larization (e.g. Tikhonov regularization, or ridge regulariza-
tion) but we found the following method quite effective in our
case. We first define the cumulative sum function

fo @)
Fy) = ) 0

=yg

[0037] Hence, equation (2) can be written as

FUON = F) + —— 2
T T)

[0038] This is a recurrence relation in F. We arbitrarily set
F(H)=1 and obtain F at sparse locations: y={H, H-h(H), . . .
, Yo}- Next we interpolate F using a cubic spline and finally
obtain as follows:

0=F()-F(y-1) (6)

[0039] Denote the true number of people in a scene as N.
For N>1, S obtained using the weight function above will
exactly equal N if the people do not occlude each other.
However, if there are occlusions, S will not be unique, but can
be described by a probability distribution function (PDF)
P(SIN). The entropy of P(SIN) will depend upon the camera
angle and be lowest for a top-down view. We estimate this
PDF by simulating N humans in various configurations and
degrees of overlap and calculating S using the resulting
binary image and the scene-specific weight function we cal-
culated in section 3. Note that this process allows the inclu-
sion of more detailed human body models and specific per-
turbation processes to the binary image. For example, if the
sensor noise characteristics are available we could incorpo-
rate them into the simulation process. Similarly, structured
perturbations such as shadows and reflections can also be
introduced into the simulation process, allowing the scaling
up to more complex viewing conditions. The essential output
of the simulation process is an estimate. Let the maximum
number of people in the scene be N, ... The simulation pro-
cess produces P(Sli),l=i=N,,,.. At runtime, Bayes rule is
used to find the posterior:

P(S | N)P(N 7
v 1 = LELOPD) @

5 PSP

[0040] We further reduce the computational burden at run
time by storing the posterior (rather than the likelihood) in a
look up table. Hence, all that needs to be done at run-time is
the calculation of S and a lookup into the table to obtain
P(NIS). We also approximate P(NIS) as a normal distribution

Samsung EX1006

Page 12



US 2009/0296989 A1

and simply store the mean and standard deviation in the table.
This has been found to work quite well in practice.

[0041] These guesses of number of people can be combined
in a sequential (the application of the algorithnis may follow
one another depending on the accuracy of the estimation
known a priori) or a parallel fusion scheme that weight the
guessed results where the weights are related to the uncer-
tainties. Location information is fused in similar manner.
(Step 725)

[0042] This estimated number of persons may be combined
with predictive information from the past state of the global
tracker which gives the prior distribution of number of people
and their locations in the scene. (Steps 755, 760)

[0043] For each object hypotheses, space-time projections
are computed with kernels that are chosen as function of
object hypotheses and their locations as described in U.S.
patent Application Publication No. 2008/0100473 entitled
“Spatial-temporal Image Analysis in Vehicle Detection Sys-
tems” inventors Gao et al. published May 1, 2008 assigned to
the same assignee as the present invention, the entire subject
matter thereof being incorporated herein by reference. (Step
730)

[0044] The space time projections are used to diagnose
occlusion states (occluded versus not-occluded) so that they
can provide evidence to the mean-shift tracker for termination
of tracks. (Step 735)

[0045] Given the object hypotheses and their locations,
kernels for tracking the object hypotheses are adapted so that
their likelihood of tracking will be maximized. (Step 740)

[0046] Mean-shift trackers [D. Comaniciu, V. Ramesh, P.
Meer: Real-Time Tracking of Non-Rigid Objects Using Mean
Shifi. CVPR 2000: 2142-2149 (Best Paper Award, D.
Comaniciu, V. Ramesh, P. Meer: The Variable Bandwidth
Mean Shift and Data-Driven Scale Selection. ICCV 2001:
438-445,V. Parameswaran, V. Ramesh, I. Zoghlami: Tunable
Kernels for Tracking. CVPR (2) 2006: 2179-2186, also US
Patent Application Publication No, 2007/0183630, Tunable
kernels for tracking, with inventors V. Parameswaran, V.
Ramesh and 1. Zoghlami, assigned to the same assignee as the
present invention, the entire subject matter thereof being
incorporated herein by reference] are initialized whose his-
tograms are constructed by using the adaptive kernels. The
histogram feature space will be adaptively constructed based
on the most discriminative color space that discriminates the
object from the neighboring objects and the background.
(Step 745)

[0047] Partial tracks of objects along with their histograms
and past locations are estimated and maintained in a tracking
hypotheses list. When occlusion is predicted for a given
object ID, the mean shift tracker is suspended. Re-initializa-
tion of the track is done by a search process that looks for a
match of the object histogram based on the distribution of
predicted location of the occluded object. (Step 750)

[0048] Object locations, appearance attributes and partial
tracks of objects are fused (using a multiple hypotheses track-
ing and fusion framework) with the predictions from the past.
(Steps 755,760)

[0049] The estimates can be improved through use of mul-
tiple cameras via head position estimation (through triangu-
lation) when the objects are in mid to close range.
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[0050] Furthermore, posture analysis techniques can be
used to estimate 3D gait and posture and improve the choice
of'kernels for tracking.

Intelligent Vision System (VS) as a Specific Case of Our
Systems Engineering Framework

[0051] Here, the method used three steps: a fast indexing
step to estimate hypotheses for person (group) locations and
attributes, a context driven adaptive detection and tracking
step that refines these hypotheses, builds (or refines) statisti-
cal models of appearance, geometry of persons being tracked
and utilizes these models for discriminative tracking, and an
online uncertainty estimation step for person locations and
attributes. The uncertainty estimates are utilized to derive
predictive distributions of expected locations of persons in
the subsequent frame and will enable the derivation of occlu-
sion hypotheses that will be fed back to adaptive decisions on
feature representations useful for robust tracking. The fast
indexing step is illustrated in FIG. 5.

[0052] The advantages of using such a fast indexing (di-
vide-and-conquer) approach include: 1) by spending a small
amount of computational power on easy cases, the overall
system can perform most efficiently; 2) by focusing more
computational power on more difficult cases, the system can
achieve best accuracy; 3) Detectors and trackers can be tai-
lored toward each specific case such that their overall perfor-
mance can be more easily optimized; 4) Scenario dependent
performance can be evaluated more accurately by theory and
by experiments, thus providing a better understanding of the
vision system performance bound under different conditions.
Note that in the general scenarios, groups of pedestrians may
split or merge thus making simpler or more difficult cases.
When splitting or merging happens, the number of people in
the new groups can be inferred from the original groups or the
fast indexing algorithni can be called upon again.

Performance Evaluation

[0053] Animportant tool for understanding and fine-tuning
the detectors and trackers is performance characterization,
i.e., a mapping from the tuning parameters to the tracker/
detector success rate [see V. Ramesh, R. M. Haralick: Ran-
dom Perturbation Models and Performance Evaluation of
Vision Algorithms. CVPR 1992: 521-27, V. Ramesh, Perfor-
mance Characterization of Image Understanding Algo-
rithms, Ph.D. Dissertation, University of Washington,
Seattle, March 1995, M. Greiffenhagen, V. Ramesh, D.
Comaniciu, H. Niemann: Statistical Modeling and Perfor-
mance Characterization of a Real-Time Dual Camera Sur-
veillance System. CVPR 2000: 2335-2342].

[0054] Here, recorded videos are used with ground-truth
for performance characterization of pedestrian detection and
tracking sub-modules at different levels of difficulties. An
experimental protocol that describes the data collection pro-
cess, systems analysis and performance measurement pro-
cess is devised to evaluate system performance and empiri-
cally determine tuning parameters for detection and tracking
sub-modules. For instance, we can gather data with various
crowded settings, different illumination conditions (e.g. dif-
ferent times of day), object or group attributes with similar
size, appearance (clothing), and facial features to effectively
determine the limits of our tracking system. Quantitative
results such as probability of correct tracking, duration of
persistent tracks, as functions of the various factors will be
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used to guide fine tuning of each sub-module and fusion of
these sub-systems. A systematic sampling of the possible
space of videos is performed so that the behavior of the
tracking system under various factors can validate as outlined
in the Table I below:

TABLE 1
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(>6 people, level-3). One embodiment of the indexing
method is the shape-based indexing described in a paper by L.
Dong, V. Parameswaran, V. Ramesh, [. Zoghlami entitled:
Fast Crowed Segmentation Using Shape Indexing, ICCV
2007.

Influencing factors and detection/tracking strategies

Factors influencing detection and

tracking systems Detection & Tracking Strategies

Environmental conditions:

Indoors: Piecewise Planar scenes, Partial
external illumination

Outdoors: Piecewise planar scenes
sudden/drastic illumination changes,

Scene priors involving object/scene geometry, object dynamics, and

illumination dynamics are utilized to devise illumination invariant

matching, background modeling and indexing strategies for object

detection and crowd density estimation. (see for example N. Paragios, V. Ramesh,
B., Stenger, F. Coetzee, Real-time crowd density estimation

dynamics due to moving light sources, etc. from video, U.S. Pat. No. 7,139,409 M. Greiffenhagen, V. Ramesh, D. Comaniciu,
H. Niemann: Statistical Modeling and Performance
Characterization of a Real-Time Dual Camera Surveillance System.
CVPR 2000: 2335-2342, A. Monnet, A. Mittal, N. Paragios and V. Ramesh:
Background Modeling and Subtraction of Dynamic Scenes.
ICCV 2003: 1305-1312, A. Mittal, N. Paragios: Motion-Based
Background Subtraction Using Adaptive kernel Density Estimation.
CVPR (2) 2004: 302-309, B. Xie, D. Comaniciu, V. Ramesh, M. Simon,
T. E. Boult: Component Fusion for Face Detection in the Presence of
Heteroscedastic Noise. DAGM-Symposium 2003, A. Mittal, V. Ramesh:
An Intensity-augmented Ordinal Measure for Visual Correspondence.
CVPR (1) 2006: 849-856, L. Dong, V. Parameswaran, V. Ramesh, I. Zoghlami:
Fast Crowd Segmentation Using Shape Indexing, ICCV 2007

Light traffic conditions, Persons Isolated
with no overlap

Feature representation for person tracking - adaptive as a function of
background to foreground contrasts. (See for example: R. Collins and Y. Liu:

On-Line Selection of Discriminative Tracking Features, ICCV'03, S. Lim,
L. S. Davis and A. Mittal: Task Scheduling in Large Camera

Networks. ACCV (1) 2007: 397-407, S. Avidan: Ensemble Tracking,
IEEE Transactions on Pattern Analysis and Machine Intelligence (PAMI),

Vol. 29(2), pp 261-271, 2007/).

Representation - color or texture, stable with respect to articulations,
pedestrian part based dynamics model for integrating spatial as well as
photometric constraints. (See for example: [Com00, Par06]), Object size
in the image will influence the type of representation that is necessary for

robust tracking.
Moderate traffic density - Moderate In addition to the above entries -

occlusions between persons.

a) Bottom-up tracking strategies with tolerance to a certain

degree of occlusion (e.g. via use of robust statistical measures

for matching)

b) Use top-down predictions of inter-object and self occlusions
using pedestrian model parameters (i.e. geometric and motion
attributes) estimated along with uncertainties to devise

discriminative feature selection and robust matching functions.

Crowded settings - Significant occlusions
between persons

Use crowd density estimates combined with specialized feature
detectors for face, head/shoulder detection along with pedestrian models

to provide hypotheses of person locations and directions of movement.
Refine hypotheses to estimate crowd state and motion and feedback
estimated state to predict occlusions to estimate online discriminate
features and robust matching functions.

In addition, use camera control to adaptively zoom in on objects when
the predicted probability of correct tracking is lower than a given
threshold, (i.e. the resolution is low and the features are not

discriminative enough).

[0055] In the following sections we will describe in more
details our technical approach for each of the modules that are
utilized in our proposed tracking framework.

Fast Indexing

[0056] Fast indexing is an efficient algorithm that quickly
calculates the number of people in a region of interest (ROI)
in an input video frame. In the example in FIG. 5, ROIs are
classified into those containing a single person (level-1),
small groups of people (2~6 people, level-2) and large groups

[0057] The basic principle is to quickly map the contour of
the group of people into the number of pedestrians. The
algorithm uses discrete Fourier transform (DFT) on the 50
uniformly sampled points on the contour. Magnitudes of the
DFT coefficients are used as indices to retrieve the number of
people (and candidate configurations) in a blob using a
k-nearest neighbor (k-NN) approach.

[0058] Referring to FIG. 6, such FIG. 6 shows from input
image to Fourier Descriptor (a) input image (b) foreground
blob (c¢) sampling points on the boundary (d) magnitudes of
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Fourier Descriptor (e) reconstructed shape from 14 Fourier
coefficients.

Pedestrian Detection and Tracking

[0059] After indexing, sub-classes of more specific prob-
lems can be defined. Group size and other prior knowledge
regarding the environment, e.g., scene geometry and camera
configurations, are used to design a set of pedestrian detectors
and trackers that perform best in each sub-problem.

[0060] For level-1 scenarios, a basic blob tracker is utilized
that is based on a combination of mean-shift tracker [D.
Comaniciu, V. Ramesh, P. Meer: Real-Time Tracking of Non-
Rigid Objects Using Mean Shift. CVPR 2000: 2142-2149
(Best Paper Award, D. Comaniciu, V. Ramesh, P. Meer: The
Variable Bandwidth Mean Shift and Data-Driven Scale
Selection. ICCV 2001: 438-445, V. Parameswaran, V.
Ramesh, I. Zoghlami: Tunable Kernels for Tracking. CVPR
(2) 2006: 2179-2186] and the background-subtraction
results, given the prior information that there is only one
person in the blob.

[0061] In level-2 cases, we adopt algorithms described in
[L. Dong, V. Parameswaran, V. Ramesh, 1. Zoghlami: Fast
Crowd Segmentation Using Shape Indexing, ICCV 2007, V.
Parameswaran, V. Ramesh, 1. Zohlami: Tunable Kernels for
Tracking. CVPR (2) 2006: 2179-2186]. The detection algo-
rithm [L. Dong, V. Parameswaran, V. Ramesh, 1. Zoghlami:
Fast Crowd Segmentation Using Shape Indexing, 1CCV
2007] involves two steps: 1) fast hypothesis generation using
a discrete Fourier transform-based indexing method; 2) opti-
mal people configuration searching using Markov-Chain
Monte-Carlo (MCMC) sampling. A robust, real-time mul-
tiple pedestrian tracker is provided by 1) using advanced
kernel methods [V. Parameswaran, V. Ramesh, 1. Zoghlami:
Tunable Kernels for Tracking. CVPR (2) 2006: 2179-2186];
2) using occlusion reasoning of pedestrians inferred from the
world state; the group of pedestrians are ordered from least to
most likely to be occluded. Pedestrians that are less likely to
be occluded will be tracked first. After they are tracked, more
heavily occluded pedestrians are tracked using the configu-
ration of tracked people and the possible occlusion intro-
duced by them; 3) using the stereo cameras to track a pedes-
trian when he/she is covered by both cameras of the stereo
system.

[0062] Solving the level-3 cases is a combination of utiliz-
ing active sensor planning, discriminative feature selection
and optimal kernel weight calculation. In this case, a PTZ
camera is actively involved in the detection/tracking process.
The following steps are used for level-3 tracking and detec-
tion: 1) the overview camera detects entrance of crowd. 2)
The PTZ camera is summoned to have a close-up view of the
crowd. 3) A face detector [B. Xie, D. Comaniciu, V. Ramesh,
M. Simon, T. E. Boult: Component Fusion for Face Detection
in the Presence of Heteroscedastic Noise. DAGM-Sympo-
sium 2003, B. Xie, V. Ramesh, Y. Zhu, T. Boult: On Channel
Reliability Measure Training for Multi-Camera Face Recog-
nition. WACV 2007] or head/shoulder detector is used to
detect the people in the scene. Detection results from multiple
frames are combined for best accuracy. 4) A registration
algorithm is used to match the PTZ view to the overview
panorama. Utilizing the registration, the detected people and
their locations can be transferred from the PTZ camera to the
overview cameras. 5) The overview cameras track and book
keep detected pedestrians. To track people in a crowd, the
vision system must utilize prior scene geometry knowledge
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(camera calibration parameters, 3D scene models) and cur-
rent world state to adaptively determine the best kernels and
the most discriminative features for tracking.

Resolving Ambiguities in Tracking Using Discriminative
Feature Selection and Active Sensor Planning

[0063] A pedestrian may dress in clothes that have similar
colors to the background. This will be a difficult case for both
the background subtraction algorithm and the mean shift
tracker. It is necessary to select the right set of discriminative
features for reliable tracking. Siemens will incorporate the
most advanced discriminative trackers [S. Avidan: Ensemble
Tracking. IEEE Transactions on Pattern Analvsis and
Machine Intelligence (PAMI) Vol. 29(2), pp 261-271, 2007,
R. Collins and Y. Liu: On-Line Selection of Discriminative
Tracking Features, ICCV’03, S. Lim, L. S. Davis and A.
Mittal: Task Scheduling in Large Camera Networks. ACCV
(1) 2007: 397-407] in this system.
[0064] People in a group may dress in similarly colored
clothes. This case will cause tremendous difficulty for color-
based trackers such as the mean-shift tracker. In order to track
the group of people, we need to 1) find the most discrimina-
tive features for tracking. This can be achieved by using
feature selection in the color space [R. Collins and Y. Liu:
On-Line Selection of Discriminative Tracking Features,
ICCV’03] or by using classification-based methods [S.
Avidan: Ensemble Tracking, IEEE Transactions on Pattern
Analysis and Machine Intelligence (PAMI), Vol. 29(2), pp
261-271,2007,S.Lim, L. S. Davis and A. Mittal: Task Sched-
uling in Large Camera Networks. ACCV (1) 2007: 397-407].
If'the ambiguities can be resolved by finer resolution images,
an active sensor planning approach can be utilized; 2) use the
dynamics and physical constraints of the group. There are
certain physical rules that a group of pedestrians need to obey.
For example, one pedestrian cannot interpenetrate another,
and from frame to frame the acceleration and velocity of a
pedestrian cannot change dramatically (in a matter of 33
milliseconds).
[0065] A number of embodiments of the invention have
been described. Nevertheless, it will be understood that vari-
ous modifications may be made without departing from the
spirit and scope of the invention. Accordingly, other embodi-
ments are within the scope of the following claims.
What is claimed is:
1. A method for automatically detecting and tracking each
one of a plurality of people in a scene, comprising:
acquiring video frames from a video camera;
extracting discriminative features distinguishing fore-
ground from background in the acquired video frames;
detecting changes in the extracted features to produce a
change map;
using the change map to generate a hypothesis for estimat-
ing an approximate number of people along with loca-
tions of the people and uncertainties therein; and
using the estimates, initializing tracking for each one ofthe
people to obtain partial tracks of each one of the people
and using partial tracks to refine the estimate of the
number of people, their individual locations and uncer-
tainties.
2. The method recited in claim 1 the generation of the
hypothesis includes:
(a) using the change map and/or the video frames to iden-
tify smaller hypotheses regions in the scene for further
examination;
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(b) computing a summed-weighted score of occupancy of
the identified smaller hypotheses regions;

(c) using the score of occupancy to guess the number of
people;

(d) using contours for a plurality of identified smaller
hypotheses regions to estimate another guess of the
number of people and their locations for each smaller
hypotheses regions; and

(e) using an appearance based classifier that uses a plurality
of appearance features integrated with a rule-based rea-
soning method to estimate number of people and their
locations

3. The method recited in claim 1 wherein the discriminative
features include histograms computed from discriminative
color spaces or subsets of spatiotemporal filter responses
selected by a discriminative learning method.

4. The method recited in claim 2 wherein the rule-based
reasoning includes:

5. The method recited in claim 1 wherein the generation of
the hypothesis includes:

(a) using the change map and/or the video frames to iden-
tify smaller hypotheses regions in the scene for further
examination;

(b) computing a summed-weighted score of occupancy of
the identified smaller hypotheses regions; and

(c) using the score of occupancy to guess the number of
people.

6. The method recited in claim 1 wherein the generation of

the hypothesis includes:

(a) using the change map and/or the video frames to iden-
tify smaller hypotheses regions in the scene for further
examination;

(b) using contours for a plurality of identified smaller
hypotheses regions to estimate another guess of the
number of people and their locations for each smaller
hypotheses regions.

7. The method recited in claim 1 wherein the generation of
the hypothesis includes: using an appearance based classifier
that uses a plurality of appearance features integrated with a
rule-based reasoning method to estimate number of people
and their locations.
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8. The method recited in claim 1 wherein the generation of
the hypothesis includes:

(a) using the change map and/or the video frames to iden-
tify smaller hypotheses regions in the scene for further
examination; and

(b) using an appearance based classifier that uses a plural-
ity of appearance features integrated with a rule-based
reasoning method to estimate number of people and
their locations

9. A method for automatically detecting and tracking of
each one of a plurality of people in a scene, comprising:

obtaining video data of the objects in the scene using a
video system;

processing the data in computer apparatus using a indexing
process to generate estimate hypotheses of the location
and attributes of the objects within the scene;

using person track estimates from past frames to predict a
likely locations of persons;

using the estimated hypotheses as input to construct space-
time features used to detect self and mutual occlusion
hypotheses;

using the occlusion hypotheses to initialize a plurality of
mean-shift trackers whose histogram feature represen-
tation is chosen adaptively to discriminate between the
given person and the rest of the scene and whose kernels
are adaptively set according to the occlusion hypotheses
and posture predictions obtaining a plurality of partial
tracks using the plurality of mean-shift trackers that are
robust under occlusions;

fusing the partial tracks along with person location predic-
tions to obtain a refined estimate of number of people,
their locations and postures.

10. The method recited in claim 9 including updating num-

ber of people, locations, postures, or past estimations.

10. The method recited in claim 9 including fusing all
initial estimates using uncertainty weighted averages.

11. The method recited in claim 9 including detecting
occurrences of occlusion among people and/or strictures in
the scene.

12. The method recited in claim 9 wherein the occlusion
hypothesis is generated using space-time projections.
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