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METHOD AND APPARATUS FOR UNSUPERVISED LEARNING OF
DISCRIMINATIVE EDGE MEASURES FOR VEHICLE MATCHING BETWEEN NON-
OVERLAPPING CAMERAS

CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This application claims the benefit of United States provisional patent
application number 60/633201, filed December 3, 2004, which is herein incorporated

by reference.

GOVERNMENT RIGHTS IN THIS INVENTION

[0002] This invention was made with U.S. government support under contract number
NBCHO030085. The U.S. government has certain rights in this invention.

BACKGROUND OF THE INVENTION

Field of the Invention

[0003] The present invention relates to image processing. In particular, this invention
relates to a method and apparatus for unsupervised learning of discriminative edge

measures for vehicle matching between images from non-overlapping cameras.

Description of the Related Art

[0004] Visual object recognition is an important component of image processing for
matching a movable object between two non-overlapping cameras, and prior research
and development has provided a number of mechanisms for performing such visual
object recognition. For example, visual object recognition may be determined as a
function of (i) edge-based object matching, and (ii) learning robust and discriminative

measures for classification.

[0005] Object matching using edge features has proven to be reliable. For example,
edge features have been used to detect traffic signs and pedestrians,‘ and even
recognize hand gestures. Examples of prior edge-based match measures include
Chamfer distance, Hausdorff distance, and Earth Mover's distance. In addition, both

edge locations and edge orientations may be used to define a combined edge
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measure, which may be used to improve performance of the matching and
classification. A SIFT descriptor may use aggregated measures computed from both

gradient orientation and magnitude so as to tolerate slight location errors.

[0o0o6] Despite the prior research and development, two issues related to edge-based
measures exist. These issues include robustness and feature selection and
combination. Many prior works have disclosed using clean edge maps for at least one
of two edge maps. Truncated Chamfer distance or robust Hausdorff distance, for
instance, may work for when one edge map is clean, but not when both edge maps are

not clean.

[0007] The issues of feature selection and combination of discriminative edge
measures focus on maximizing the overall classification performance. To address this,
others have used learning discriminative image features with a limited set of labeled
data based on a semi-supervised learning approach. In addition, others have
addressed on-line selection of discriminative color features for tracking. In this case,
learning is based on a set of foreground pixels and background pixels labeled by the
tracker with a “center-surround” approach. However, a result can be biased by pixels

~ that are incorrectly labeled.

[0008] Therefore, there is a need in the art for a method and apparatus that provides
for unsupervised learning of discriminative edge measure for vehicle matching
between non-overlapping cameras that is unsupervised and does not involve a fixed

label set.

SUMMARY OF THE INVENTION

[0009] The present invention is a method and apparatus for for unsupervised learning
of measures for matching objects between images from at least two non-dverlapping
cameras. In one aspect, the invention processes images from the non-overlapping
cameras, collects at least one two pairs of feature maps, where the at least one two
pairs of feature maps are derived from features of objects captured in the images. The
invention further includes computing, as a function of the two pairs of feature maps, at

least first and second match measures, wherein the first match measure is of a same
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class and the second match measure is of a different class. Obijects in the same class

are deemed to match.

BRIEF DESCRIPTION OF THE DRAWINGS

[0010] So that the manner in which the above recited features are attained and can be
understood in detail, a more detailed description, which is briefly summarized above, is

described below with reference to the Figures illustrated in the appended drawings.

[0011] It is to be noted that the Figures in the appended drawings, like the detailed
description, are examples. And as such, the Figures and the detailed description are
not to be considered limiting, and other equally effective examples are possible and
likely. Furthermore, like reference numerals in the Figures indicate like elements:

wherein:

[0012] FIG. 1 is a block diagram illustrating an example of tracking a vehicle across a

network of non-overlapping cameras;

[0013] FIG. 2 is a flow diagram illustrating an example of a method fof matching

objects in images;

[0014] FIG. 3 is a block diagram illustrating a number of example appearance changes

in objects;

[0015] FIG. 4 is a block diagram illustrating example images from a single camera at

four different times of the day;

[0016] FIGS. 5 and 6 are block diagrams illustrating example elements of a-method for

edge feature computation;

[0017] FIG. 7 is a chart illustrating an example elements of a method for edge feature

computation;

[0018] FIGS. 8 and 9 are block diagrams illustrating an example method for sample

collection;
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[0019] FIG. 10 is a block diagram illustrating an example method for unsupervised

learning;
[0020] FIG. 11 is a block diagram illustrating examples of objects in databases;

[0021] FIG. 12 is a block diagram illustrating example images of a vehicle captured by

multiple cameras;

[0022] FIG. 13 is a block diagram illustrating an example alignment result of two edge

maps and their corresponding images;
[0023] FIG. 14 is a block diagram illustrating example raw measures;

[0024] FIG. 15 is a block diagram illustrating example estimated inlier and outlier
distributions overlaid with the corresponding histograms for two different pairs of

cameras;

[0025] FIG. 16 is a table that lists example parameters of inlier distributions of three

raw measures for 8 pairs of cameras;

[0026] FIG. 17 is a table that lists example weights of the corresponding measures

computed for the 8 pairs of cameras;

[0027] FIG. 18 is a table that lists example ranking results computed for 8 pairs of

cameras;

[0028] FIG. 19 is a block diagram illustrating an example of a computer suitable for

implementing the processes and methods described herein.

DETAILED DESCRIPTION

[0029] The present invention is a method and apparatus for object matching between
images created by non-overlapping cameras. The method and apparatus are
particularly useful for performing unsupervised learning of discriminative measures for

vehicle matching between images created by non-overiapping cameras.
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[0030] Tracking people, vehicles and other objects can be used by various épplications
to provide a number of important safety, security and other beneficial purposes. These
applications may be pertinent to any number of products and industries, including
automotive and transportation products and industries, entertainment products and
industries, digital media products and industries, healthcare products and'industries,
life sciences products and industries, homeland security, image sensors and cameras,

etc.

[0031] In one embodiment, a method for matching road vehicles or other movable
objects between images from at least two non-overlapping cameras is provided.
Herein, matching is a function of classifying two observations of objects from images
created by the two non-overlapping cameras into either a “same classification” or into
“different classifications” (collectively “same/different classification”). Such
same/different classification is based on a probability of the two observations being of

the same vehicle or from different vehicles.

[0032] In this embodiment, the method includes deriving at least one measurement
vector that has one or more edge-based measures computed from at least one pair of
aligned edge maps. The edge based measures may be, for example, three

independent edge-based measures.

[0033] The method also includes determining a weight of a match measure by
unsupervised learning so as to sepaféte a same class from a different class. By
determining a weight of a match measure by unsupervised learning, the same/different
classification may be optimally separated in a combined measurement space. A
robustness of the match measure and the use of discriminant analysis in classification
may ensure that the method outperforms existing edge-based approaches, especially
in the presence of missing or false edges. Such false edges may be caused by
shadows, differing illumination conditions and/or systematic misalignment caused by

one or more different camera configurations.

[0034] FIG. 1 is a block diagram illustrating example architecture 100 for tracking a
vehicle using a network of cameras 102 where the cameras provide a non-overlapping

field of view (“non-overlapping cameras”). The architecture 100 includes, for example,
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a number of vehicles 104 representing moveable objects that may be monitored by the
non-overlapping cameras 102 while traveling on one or more roads 106. Of course,

the example architecture 100 may be used to track any kind of object or subject.

[0035] Using the architecture 100, the non-overlapping cameras 102 may capture
sample images 108 that have varying lighting and poses. A separation between each
of the non-overlapping cameras may be hundreds of meters. Instead of using images
with large amounts of extraneous information, in-camera trackers provide “vehicle
chips” for processing. That is, the in-camera trackers may crop (e.g., using a bounding
box or other bordering mechanism) or otherwise transform each of the sample images

108 to yield an corresponding image having a majority dedicated to the vehicle.

[0036] Each of the non-overiapping cameras 102 may be installed along a roadside at
a given separation so as to prevent overlap. That is, a field of view of each of the non-
overlapping cameras 102 does not overlap. As a result, the vehicles 104 need to be
matched to determine that an image of a first vehicle captured by one of the non-
overlapping cameras contains an image of the same vehicle in another image from

another camera.

[0037] FIG. 2 is a flow diagram illustrating an example method 200 for matching
objects in images. The method 200 starts at termination block 201 and proceeds to
process block 202. At process block 202, a pair of vehicle images 202 is received
from a respective pair of the non-overlapped cameras 102. At process block 204, a
two-class classifier is determined for the respective pair of images from the non-
overlapped cameras 102. At process block 206, a probability that the images are from
the same vehicle or from different vehicles 206 is computed. At process block 208, a
probability of a match is provided to a vehicle tracking system 208. The method 200

terminates at a second termination block 210.

[0038] FIG. 3 is a block diagram illustrating examples 300 of appearance changes in
objects. The examples 300 include images of a first object (‘first images”) 302 and
images of a second object (“second images”) 304. The first images were captured by
two different the non-overlapping cameras, and the second images were captured by

the same non-overlapping camera. The first and second images 302, 304 may exhibit
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differing appearances, such as size, angle, illumination and shadows. Such
differences may occur in the first and/or second images of the same object from the

same cameras can vary at different times of day, as shown in FIG. 4.

[0039] FIG. 4 is a block diagram illustrating example images 400 captured at four
different times of the day by one non-overlapping camera in a network of non-
overlapping cameras. lllumination changes may occur for many reasons, such as the
time of day or weather conditions. Because of the illumination changes, a fixed
same/different classifier does not cover all the changes. Manual labeling is not
practical solution, especially for the system architecture 100 or any other architecture
that may operate seven days a week, 24-hours a day under continually changing

ilumination conditions.

[0040] On the other hand, no manual labeling process is required when using
unsupervised learning as described above and below. In one embodiment, the
unsupervised learning may be performed using learning of a discriminative edge
feature. As part of the learning of a discriminative edge feature, an edge feature
computation is performed. This edge feature computation in relatively stable with
respect to illumination changes; the edge feature computation is a good shape
descriptor for objects, such as vehicles; and runs in real time and/or near-real time.
The discriminative edge feature provides an optimal combination for maximal

discriminating power as compared to non-discriminative edge features.

[0041] FIGS. 5 and 6 are block diagrams illustrating example elements 500 of a
method for edge feature computation, and FIG. 7 is a chart illustrating example
elements 500 of the method for edge feature computation. The example elements 500
include a first image 502, a second image 506, and edge maps 504, 508 that are

derived from the first and second images 502, 504.

[0042] In one embodiment, a process of edge-based alignment is used to determine
whether the objects in the first and second images are the same or different. This
process of edge-based alignment may performed by generating an edge map

alignment 510. In addition, a six-dimensional feature may be derived from a pixel-wise
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edge distance, an angle difference, magnitude difference, inlier percentages and/or

outlier percentages.

[0043] As shown in FIG. 6, a six-dimensional vector combines an inlier percentage with
each measures of point-wise distance 602, angular distance 604, and magnitude
distance 606. The point-wise distance 602 is sensitive to translation scale errors. The
angular distance 604 is sensitive to rotation error. The magnitude distance 606 is
sensitive to illumination change. Using the six-dimensional vector, the discriminative
edge feature becomes an optimal linear combination of the six-dimensional edge
features, i.e., x=W*X". The optimal weights are computed using Fisher's Linear

Discriminant, for each pair of the non-overlapping cameras 102.

[0044] As shown in FIG. 7, using Fisher's Linear Discriminant, the six-dimensional
vector 700 is projected to a one-dimensional vector 702 along a line defined by W that
maximizes the separation between the two classes, i.e., the different class and the
same class. Each class is fitted with a Gaussian distribution 704. The same/different

distributions may tend to form two Gaussian distributions.

[0045] One embodiment of unsupervised learning of discriminating edge features is
performed without manual labeling. To avoid such labeling, a sample set is
automatically collected with a sufficient amount of same/different samples, and an
optimal weight, w, is found automatically for the six-dimensional edge feature vector;

examples of which are described in more detail below.

[0046] FIGS. 8 and 9 are block diagrams illustrating examples of a method of sample
collection 800. FIG. 8 illustrates time gating. For each vehicle 104 on a right camera
102, all vehicles on its left within the time window 802 are selected as initial candidate

vehicles.

[0047] FIG. 9 illustrates a process of using a ranking score to produce a sample set.
The candidate vehicles are matched and sorted 900 according to a ranking score. A
predetermined threshold determines the top by rank, e.g., top k=2, to go to the sample
set 902. The ranking score may be based on a pixel-wise distance and angle

difference, and may be a robust measure based on truncated ramp function. As
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discussed in detail below, no training data is required for determining the ranking

score.

[0048] FIG. 10 is a block diagram, illustrating an example method 1000 of
unsupervised learning with and Expectation-Maximization (EM) algorithm and Gibbs
sampler. The method 1000 determines the weights 1002 in a six-dimensional vector

without manual labeling.

[0049] The weights 1002 may be determined by searching within the six-dimensional
vector space to find an optimal solution. For instance, a sample may be drawn by
randomly drawing a discretized sample (“W*”) 1004 from the six-dimensional vector
space. The sample W* 1004 is used to provide feature projection 1006 of the sample

set 902 and to combine the six-dimensional vector into a 1-D projection 1008.

[0050] The EM algorithm has two components 1010 and is used automatically compute

the mean and variance, 1, 1,,0,, ando,, parameters of two Gaussian distributions.

Using these parameters, a function to optimize, J(W*) 1012, is computed. The
function to optimize J(W*) 1012 represents the separation between the two Gaussian
distributions. The discretized sample W* that maximizes function to optimize J(W*)

1012 is selected to combine the six-dimensional vectors into a single score.

[0051] There are many ways to find the W*. One approach is to form a Gibbs
distribution 1014 from function to optimize J(W*) 1012 called G(W*) 1016. The G(W*)
1016 using a full conditional 1018 and equations 1020 to compute the next W* to
choose based on the current weight Iterations are performed from 1004 to 1020 until

the process converges with the optimal W (see FIG. 22).

[0052] FIG. 11 is a block diagram illustrating examples of objects 1000 in databases.
These examples were collected from eight pairs of the non-overlapping cameras 102
within about thirty minutes. Although the examples include various vehicles, the
present invention is not limited to vehicles, but encompasses all kinds of objects and

subjects that can be monitored or tracked by a camera system, including people.
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[0053] FIG. 12 is a block diagram illustrating example matrix 1200 containing images of
the same vehicle from a multiple of the non-overlapping cameras 102 that together
demonstrate a variety of changes in appearance and pose. The matrix 1200 includes
first, second and third columns of images 1202-1206. The first column of images 1202
are captured by a first of the non-overlapping cameras 102, the second column of
images 1204 are captured by a second camera of the non-overlapping cameras 102,
and the third column of images 1206 are captured by a third camera of the non-
overlapping cameras 102. A field of view for the first, second and third non-

overlapping cameras 102 do not overlap.

[0054] Although the matrix 1200 includes Images from the same vehicle, the
appearance can be drastically different among such images. For example, in the first
column 1202, there is a shadow on the left side. In the second column 1204, there are
shadows on the vehicle body. In the third column 1206, there is a shadow on the right
side, from a different angle than in the first column 1202. In the first row 1208 the
vehicle is driving in one direction and, in the second row 1208, the same vehicle is
driving in the opposite direction. Comparing the vehicle in images in the first row to
images in the second row, the size and orientation also are different. Thus, the same
vehicle can have a very different appearance (e.g., size, illumination, and the like) in

different images 1200.

[0055] Various embodiments of the present invention address a problem of matching
vehicles as they are imaged in non-overlapping fixed cameras along a road network.
The cameras are roughly oriented perpendicular to the direction of motion along the
road. One component of maintaining a track of vehicles over multiple cameras is

feature-based vehicle matching between observations from a pair of cameras.

[00s6] In addition to the cameras being physically different with different optical and
internal geometric characteristics, the temporal and spatial separation between two
observations from two cameras involves changes due to pose of vehicles, illumination
conditions and the position of shadows due to environmental structures, such as trees,
light poles, and buildings. The vehicle matching approach described herein combines

approximate knowledge of the relative geometry of vehicles and cameras, with robust
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match measures and discriminant analysis to compute the probability of two
observations being of the same vehicle versus different vehicles. The approach
incorporates edge feature extraction, discriminant-based combinations of robust match

measures and unsupervised learning.

[0057] The vehicle matching problem can be posed as a two class classification
problem, where a discriminative match score is computed by combining multiple edge-
based measures through unsupervised learning. A classifier produces a probability of
the score between observations from two cameras given that the observations belong
to the same vehicle and the probability of the score given that the observations belong
to different vehicles. Given the two-class probabilities, a global tracker that maintains
multiple hypotheses for vehicles across multiple cameras can make decisions based
on multi-hypotheses filters, such as the Joint Probability Density Association Filter or

Probabilistic Multi-Hypotheses Tracker.

[0058] One step involves learning of same and/or different probability density
functions. A multidimensional measurement vector is computed, and its use can be
demonstrated in learning these distributions in an unsupervised mode. In the
unsupervised mode, the learning these distributions may be performed using a
sampling algorithm that (i) efficiently exploits the space of the weights, and (ii) finds an

optimal solution for combining the edge measures.

[0059] The unsupervised discriminative learning framework is not limited to and
independent of any specific features. For instance, other features, such as shape
context, sift features, spin images, etc., may also be used. Edge-based measures are
chosen, however, because edge features are the dominant features in vehicular
objects and are relatively stable over aspect and illumination variations. Each edge
map is computed from the masked area of a vehicle chip, where the masks are
provided by a real-time tracker running on each of the non-overlapping cameras 102 in
the road network.

[0060] For a given pair of the non-overlapping cameras 102, C; and C;, estimate the

probability density functions as:
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P(ylsame,C,,Cj)EP(ylS,.J)

1
P(y | different,C,,C;)=P(y|D,,), ()

where P(y|D,;)and P(y|S,;)are the probability density function of the match score y

given that the two observations are of same/different vehicles classification, and

where y is a scalar function of two observed edge maps, E; and E/, corresponding to

the kth and Ith observations in the non-overlapping cameras 102, C; and C;,

respectively.

[0061] The two edge maps are assumed to have been approximately aligned using
parametric alignment models and Iterative Closest Point (ICP) algorithm, but both
could be contaminated by noise, scene clutter, and obscuration. Each edge map is

also time stamped in one embodiment.
[0062] Learning Robust Edge Measures

[0063] FIG. 13 is block diagram illustrating an example alignment result 1300 of two
edge maps and their corresponding images. The alignment result 1300 includes an
example of an edge map alignment 1302 of two vehicle images 1304 being matched,

1306 and their corresponding edge maps 1308, 1310.

[0064] The edge maps 1308, 1310 are a representation generated or derived from the
image that looks kind of like an outline of the vehicle. The edge maps 1308, 1310
include various edges, and mat be used to match the two vehicles images. There are
many ways to measure similarity between the two edge maps 1308, 1310 are. One

way is determining a discriminative match score.

[0065] Within the edge map alignment 1302, is an exact match 1312, a close or
approximate match 1314, and an outlier 1316. In one embodiment, information
content in the edge maps 1308, 1310 is exploited by computing a six-dimensional
measurement vector. A match measure incorporates the different types of matches,

e.g., exact, close, approximate, or outlier.
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[0066] Three components measure spatial, orientation, and magnitude differences
between matching features. Separation of matching features into sets of inliers and
sets of outliers provides another set of useful match measures, namely, a coverage of

features for each match measure.

[0067] Each set of inliers for a match measure gives a percentage of the features
included in the match measure. Ideally, matching observations should not only have
low distances corresponding to the three matching features, but for each feature, the
coverage should be high, thereby, indicating that a high degree of correlation is
present between the two edge maps. Thus, each of the three match measures may be
augmented with its corresponding coverage measure. The optimal combination of the
component match measures is then determined by a process of learning discriminant

edge measures, in one embodiment.
Raw Edge Measures

[ooe8] FIG. 14 is a block diagram illustrating example raw measures 1400 or building
blocks for the match measure, including point-wise distance 1402, angular difference
1404, and gradient magnitude difference 1406. The two lines for the point-wise
distance 1402 are each from different edge maps (see e.g., FIG. 13, close match
1314.) A match measure is formed from a distance between edges, between two close
points on two lines, and the like. Similarly, the angular difference 1404 is determined
between two close points on two lines and the gradient magnitude difference 1406 is

computed from differences in edge strength between two edges.

[0069] The six-dimensional match measure is derived from the three pixel-to-pixel
measures as shown in FIG. 14. Suppose that M and | are two aligned edge point sets,

p is a point in M and q is the closest point p in |, define
dir =[P -al,s (3)
alff—)l = op - 0q, (4)

my,_, = mag, —mag,, (5)



WO 2006/073647 PCT/US2005/043835
14

[0070] where d, a, and m denote distance, angular difference, and magnitude

difference, respectively; &

wgy@nd mag,,  are the edge directions, and gradient

magnitudes defined on the edge points p and q, respectively. The subscript

M — | denotes that the closest point is defined from M to |.
Derived Edge Measures

[0071] Based on the three raw measures, the distance measure between a pair of edge

maps is derived as:
v, =[d,c?,a,¢%, m,c™], (6)

[0072] where the subscript M — /denotes that the measure is defined symmetrically.

The first measure d =d,,_, is the average inlier distance defined as:

& _ ZpeGﬂ,_,, d”+ ZpeG,d_,M d’ (7)
N(M)+N(I) ,

[0073] where G;_,Yis the set of points in X corresponding to the inlier distances
defined from X to Y and N(X) is the number of total edge points in X. Whether a
distance measure is an inlier or an outlier is determined by estimating inlier and outlier

distributions. The second dimension ¢’ =cf_,is the cardinality of the set of points

covered by the inlier distances and is defined as:

s _N(GE)+N(GL)

1—

N(M)+N(/) ®)

[0074] The other four measures related to the raw angular difference and magnitude

difference m are defined in a similar way.
Estimating Inlier and Outlier Distributions

[0075] A raw measure x”,x e{d,a,m}at a point p can be classified as an inlier or an

outlier as follows:
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X" €{G*, if B,(x")< G,(x"),

B*, otherwise

(9)

[0076] where B*is the set of outliers for the raw measure x, B the probability density
function of outliers and Gy is the density function of inliers. Assuming that both B, and

G are Gaussian, the parameters of these distributions can be computed by collecting

a set of aligned edge maps{M; <> /;}, and computing raw measures xy, , and x/,,, for

all the pixels in each pair. The standard EM algorithm is then applied to the set of all
the raw measures to estimate the parameters of a Gaussian mixture model with two

components. Because the outlier distribution should be close to a uniform distribution,

the inlier distribution is the component with the smalleroc. Then,B, =N, (4;,0;,)

andG, = N,(y;,0,), where N denotes a normal distribution and ag <o,.

[0077] FIG. 15 is a suite of graphs illustrating example estimated inlier and outlier
distributions overlaid with the corresponding histograms 1500 for two different pairs of
the non-overlapping cameras 102 in accordance with a point-wise distance 1502, an
angular difference 1504, and a magnitude distance 1506. There are three types of
matches, exact 1312, close 1314, and outlier 1316 (see FIG. 13). To distinguish
between these types in the match measure, a threshold level is determined to define
an outlier, i.e., how far away is too far away. In one embodiment, the threshold is
given by equation (9). After computing the one or more of the raw measures (e.g.,
distance 1402, angular difference 1404, and/or magnitude difference 1406), inliers are

distinguished from outliers.

[0078] FIG. 16 is a table 1600 that lists exemplary parameters of inlier distributions of
three raw measures for 8 pairs of the non-overlapping cameras 102. Indices of the
non-overlapping cameras 102 are from 1 to 16 for the 8 cameras. Odd numbered and
even numbered indices refer to vehicles traveling in the near and far lane,
respectively. Each row of table 1600 is a pair of cameras and each pair of cameras

has different parameters for these curves.

[0079] To ensure the success of the EM algorithm, each component needs to have

enough samples. For the results presented in FIG. 15 and FIG. 16, the set
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{M, <> I;}contains only those pairs of edge maps that correspond to same vehicles

across the two cameras. By and G, can be computed without knowing the ground truth.

The inlier distribution for d is more like a Rayleigh distribution.
Learning Discriminant Edge Measures

[0080] Given the six-dimensional distance measure, the weight of each individual
component in the distance measure is determined such that P(y | D)and P(y | S)of the
combined match score y are maximally separated. If y is assumed to be a linear
combination of the components of v, this problem can be solved with the Fisher's
Linear Discriminants (FLD). Given two sets of n six-dimensional samples

v;|i =0,...,n-"T}collected from two distinct cameras of the non-overlapping cameras

102, n, in the set V, labeled as true matches and n; in the set V. labeled as wrong

matches. Each vector may be projected onto a line in the direction of w such that
Y =w',, (10)

[0081] where the original n samples are then divided into the corresponding subset y4
of true matches and y, of wrong matches. The best line direction w, i.e., the weight

vector, can be found by maximizing the criterion function:

~ ~ 12
ﬂ —

J(W)=—| . ”le , (11)
S1 +82

[0082] where [, are the sample means and §f1'2} are the scatters for the projected

sample setsy,,,, . Once the optimal w is obtained,

P(ylS)=N(ﬁ1,§12/n1) (12)
P(y | D)= N(j,, &5 In,),
[0083] where N denotes a normal distribution.

[0084] FIG. 17 is a table listing example weights of the corresponding measures

computed for the 8 pairs of the non-overlapping cameras 102. The raw measures (see
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FIG. 14) are combined into a single measure, a scalar variable. From the raw
measures, the equation (6) derives a distance measure, e.g., a six-dimensional vector

for a pair of edge maps (see FIG. 13).

[0085] The six-dimensional vector provides a measurement of similarity and difference
between the two vehicles that are represented by the edge maps. The scalar variable
is computed using equation (10). Weights may be tuned to take into account
differences in appearance among cameras (e.g., see FIG. 12). However, tuning
weights occurs without manually labeling data. This leads to the need for
unsupervised learning of weights and distributions. In one embodiment with
unsupervised learning, tuning occurs automatically for the non-overlapping cameras
102 in the network so that after about 30 minutes or an hour, all the parameters are in

place, without any manual labeling process.

[0086] The weights are normalized with the z and o of each measure for a meaningful

comparison. In most cases, the angular difference has high weight. This is consistent
with the observation that adding edge orientation leads to significantly better
classification results. The coverage features, such as ¢® and ¢™ are also the measures
with large weights. Therefore, a combination of the distance features and the amount

of data explained by the inliers is an effective feature set for the problem at hand.

[0087] A nice property of this approach is that it automatically selects measures that
are imp"ortant for the particular pair of cameras under consideration. Looking at the
distribution of each measure in the table of FIG. 16, the angular measure seems to be
most discriminative for the pair of 15 and 11, because the magnitude change between
these two cameras is the largest among all the pairs of cameras. In the case of 11 and
7, the magnitude measure plays an important role, because the magnitude change is

the smallest among all the pairs of cameras.
Unsupervised Learning of Weights and Distributions

[0088] Learning robust and discriminative edge measures may require a large amount

of labeled data, which is difficult to obtain for a system with many of the non-
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overlapping cameras 102. Furthermore, distributions computed at one time of the day

may not be suitable for the situation at another time or day.

[0089] To address these problems, one embodiment is an unsupervised approach in
which robust and discriminative edge measures are learned without labeled data. The
algorithm for this embodiment may be executed in a batch mode during run time. For
example, the example architecture 100 may collect vehicle images for a certain period
of time, e.g., 20 to 30 minutes. An estimation of discriminative distributions is based
on the latest data so that the distributions can be adapted to the current situation. As
a result, one embodiment may be is able to re-initialize itself without any manual input.
The embodiment may also be modified to run in a continuous manner using the
distributions that were computed at an earlier time. The algorithm for the unsupervised
approach in which robust and discriminative edge measures are learned without

labeled data is outlined as follows.

1. Collect an unlabeled set E of aligned pairs of edge maps and ensure that

there is sufficient amount of true matches in the sample set;
2. Learn outlier and inlier distributions based on E;

3. Compute the set V of six-dimensional derived measures based on E and
the outlier and inlier distributions learned in step 2 and learn the weight

w, P(y|D)and P(y|S)from V simultaneously.

Ranking Vehicle Matches for Sample Collection

[0090] One challenge of building a representative sample set for unsupervised learning
is to collect a sufficient percentage of true maitches in the set. This problem is
addressed in one embodiment by using a ranking mechanism with time gating as a

pre-pruning state.

[0091] Consider traffic flow between two of the non-overlapping cameras 102, C; to C;.
Each vehicle image has a time stamp. A vehicle in G is said to be time gated with a
vehicle in C; only if its transition time from C; to C; is within a certain range of the

average transition time between these two cameras. For each vehicle edge map Elin
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C;, form a candidate list of edge maps of all the vehicles in C; that time gated with E!l.

For each edge map inC/, compute a ranking score and, then, sort the candidate list

from high to low according to the score. For each vehicle edge map E/, then select K

samples with top scores in its candidate list and L samples in the rest of the list and

call it the sample set E. The ranking score is defined as:

ZM—)/ h(dp’ 5)h(ap’ a) + Zl—)M h(dp, 5)h(ap, a)
Y=

N(M)+N(I) (13)

[0092] where M and | are the two edge point sets, h(x,c)= p for |x| >cand p is a small

positive number; d° and a° are as in equations (3) and (4). The constants § and « are
kept the same for all pairs of cameras. The score in equation (13) is in the range of
[0,1].

[0093] The score converts the point-wise distance and angular difference and their
coverages in terms of inliers and outliers into a single linear inverted hat like robust
match measure. Edge magnitude differences might not be used for ranking, because
they are relatively more sensitive to illumination changes. The ranking score might not
be as discriminative as the discriminative match score computed in equation (10) using
the six-dimensional edge measures. However, the rank score computation is generally
sufficient for relative ordering among candidate matches that help in choosing training

data for learning.

[0094] FIG. 18 is a table 1800 that lists example ranking results computed for 8 pairs of
the non-overlapping cameras 102. Matches for vehicles traveling from C; to C; are
ranked. The total column 1802 lists a number of total vehicles with ground truthed
matches, and a top 2 column 1804 lists the number of true matches that are ranked
within the top 2. The table 1800 also shows that the average probability that the true
matches are ranked within the top 2 is about 0.9556. [n other words, by collecting two
top ranked samples and one sample from the rest of the candidate list for each vehicle,
on average, about 95.56/3 = 31.9% of matches are true matches in the resulting
sample set E. This is sufficient for unsupervised learning. Other values for

unsupervised learning may be used as well.
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Estimating Outlier and Inlier Distributions

[0095] A two component Gaussian mixture model is fitted to scores in the set E. Each
component is essentially the P(y|D)and P(y |S)for the score. The component with
the large mean accounts for the true matches. Because the score is not optimally
designed for separating wrong matches from true matches, samples are conservatively
picked as inliers for which P(y|D)<<P(y|S). At this stage, the samples are not
labeled as true and false matches; and a fitted mixture model is used only to prune the

set of scores and the corresponding matches.
Learning Weights and Distributions

[0096] Once the outlier and inlier distributions are known, compute a set

V ={v,,v,,...,v,, .} of derived measurement vectors from the sample set E. Compute

the weight, w, as in equation (10) along with the discriminative distributions as in

equation (12) without explicit labeling of samples.

[0097] First, discretize weQ={,/,..../.,}°, where n is the number of discrete

samples for each of the six dimensions and |; are the values uniformly distributed in the
range of [-1,1] under the assumption that each of the six measures can be normalized
within its range. The most discriminative weight w* is then obtained by solving the

following optimization problem:

max,_, J(w), (14)

weQ

where the objective function is defined as

2
|#1 —Iu2l (15)

2 2 "
oy +0,

[0098] Given any w, Kaznand oy, are computed by first projecting the set of V onto the

direction w and, then, fitting a two-component Gaussian mixture model on the

projected samples. In other words, for any hypothesized direction w, the unlabeled
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samples are described using a two-component mixture model and that model that

produces the maximal discrimination is chosen as the final solution.

[0099] Solving equation (14) with exhaustive search requires 6" operations, which is
tractable only when n is small. When n is large, a Gibbs sampler is employed to
explore the discrete solution space efficiently. The Gibbs distribution that corresponds

to the objective function in equation (14) is given by:
Gw)= —;—exp[J(w)/T], (16)

where Z is an unknown normalization factor and T is the temperature constant. The

local conditional probability can be derived from equation (16) as follows.

G(w; =/, |{w,|i # j})
_ 8w, =hiw})
G({w,})
_ Glw, =liw})
ZW} e{lJk=0,....n-1} G(Wj ' {W,' }) ’

(17)

where w is the jth dimension of w. The unknown factor Z is canceled out in equation
(17). In order to compute G(wj,{w,.})sG(w’) for all{w! lw;, =1,k =0,...,n-1}, write
the projection Y* =[y,...,y5 1=w!"[v,,...v,_,] of the sample set V onto each w/ as the

following matrix form

/\,0
VO'“V1 .

=
.
.

<

. .

Wosees W) = e W] vi-vie

(VEvvd ) (18)

VO,]—‘I
_ T _ T Ji
={Wy; W, =l,W; s}V

vj+1,5

[0100] As seen from equation (18), the following recursive formula computes Y*:
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0 T 0,j-1 T j+1,5
Yo =wo, VO AW VT (19)
YR = YR v,

[0101] where 1=/, —/,_,, the step between two consecutive levels. From Y¥, the g and

o of the Gaussian mixture model and hence G(w')can all be computed. The mixture

model computed from Y¥ can be used to initialize the EM algorithm for Y to save

computational time.

[0102] Given a random initial guess, the Gibbs sampler sweeps through each
dimension w; sequentially, and then assigns its value according to the local conditional
probability in equation (17). The same process is repeated for several iterations and
the w that has the smallest G(w) is selected as the solution. Because the objective
function is simple and the dimension is relative small, Gibbs sampler can quickly

converge to a solution very close to the global optimum.

[0103] To prevent the singular case that only a few samples are assigned to one
component of the mixture model, enforce in the sampling process the constraint that
the prior iteration for each component also estimated from the EM algorithm should be
larger that a threshold. This threshold is related to the percentage of the true matches
in the sample set, e.g., around 31.9%. In practice, a practical threshold was found to
be about 0.2 for all pairs of the non-overlapping cameras 102. The threshold,

however, may be set at other numbers as well

[0104] FIG. 19 is a block diagram illustrating a high level block diagram of a general
purpose computer 1900 suitable for use in performing the functions described herein.
The system 1900 includes a processor element 1902 (e.g., a CPU); a memory 1904,
e.g., random access memory (RAM) and/or read only memory (ROM); a module 1905
for matching objects between two non-overlapping cameras; and various input/output
devices 1906 (e.g., storage devices, including but not limited to, a tape drive, a floppy
drive, a hard disk drive or a compact disk drive, a receiver, a transmitter, a speaker, a
display, a speech synthesizer, an output port, and a user input device (such as a

keyboard, a keypad, a mouse, and the like)).
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[0105] It should be noted that the present invention can be implemented in software
and/or in a combination of software and hardware, e.g., using application specific
integrated circuits (ASICs), a general purpose computer or any other hardware
equivalents. In one embodiment, the present module or process 1905 for matching
objects between two non-overlapping cameras can be loaded into memory 1904 and
executed by processor 1902 to implement the functions as discussed above. As such,
the present process 1905 for matching objects between two non-overlapping cameras
(including associated data structures) of the present invention can be stored on a
computer readable medium or carrier, e.g., RAM memory, magnetic or optical drive or
diskette and the like.

Conclusion

[0106] Exemplary embodiments of an unsupervised learning algorithm to compute
robust and discriminative edge measures for matching images of vehicles between
non-overlapping cameras are provided. The need to separate edge measures into
outlier and inlier distributions was demonstrated. The power of discriminant learning
was verified for combining the new set of edge measures into a single match score.
An algorithm for unsupervised discriminant learning without explicit or implicit labeling

is also provided.

[0107] While various embodiments have been described above, it should be
understood that they have been presented by way of example only, and not limitation.
Thus, the breadth and scope of a preferred embodiment should not be limited by any
of the above-described exemplary embodiments, but should be defined only in

accordance with the following claims and their equivalents.
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CLAIMS

What is claimed is:

1. A method for unsupervised learning of measures for matching objects between
images from at least two non-overlapping cameras, comprising:
collecting at least two pairs of feature maps, wherein the at least two pairs of
feature maps are derived from features of objects captured in the images;
computing, as a function of at least two pairs of feature maps, at least first and
second match measures, wherein the first match measure is of a same class and
the second match measure is of a different class, , and wherein objects in the same

class are deemed to match.

2. The method of claim 1, wherein computing, the first and second match measures:
determining a weight of the at least one match measure, wherein the weight is

indicative of the same class or the different class.

3. The method of claim 1, further comprising: using discriminative feature detection of

objects captured in the images to derive the feature maps.

4. The method of claim 1, wherein computing the first and second match measures
comprises: deriving at least one measurement vector from differences between

oriented features of the objects captured in the images.

5. The method of claim 4, further comprising: projecting the at least one
measurement vector to a one-dimensional projection along a line defined by a
weight for each of the first and second match measures so as to maximize a

separation between the same class and the different class.

6. The method of claim 1, wherein the at least one measurement vector has at least 2

dimensions.

7. The method of claim 1, further comprising: learning from the at least two pairs of
feature maps outlier and inlier distributions, wherein determining the first and
second match measures, comprises: computing, as a function of the outlier and

inlier distributions, a weight for each of the first and second match measures, and
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probabilities for the first and second match measures being of the same and

different classes.

8. The method of claim 7, wherein computing the probabilities of the first and second
match measures comprises: fitting to a Gaussian distribution the same class and

the different class.

9. The method of claim 1, wherein collecting, determining and computing are

performed automatically on a periodic basis:

10.An apparatus for matching objects between images from at least two non-
overlapping cameras, comprising:
means for collecting at least one pair of feature maps, wherein the at least one
pair of feature maps are derived from features of objects captured in the images;
means for computing, as a function of at least two pairs of feature maps, at least
first and second match measures, wherein the first match measure is of a same
class and the second match measure is of a different class, , and wherein objects in

the same class are deemed to match

11.The apparatus of claim 10, wherein the means for determining a same class and a
different class comprises: a means for determining a weight of the first and second
match measures, wherein the weight is indicative of any of the same class and the

different class.

12.The apparatus of claim 10, further comprising: a means for deriving the feature

map via discriminative feature detection of objects captured in the images.

13.The apparatus of claim 10, wherein‘ the means for computing the first and second
match measures comprises: means for deriving at least one measurement vector

from differences between oriented features of the objects captured in the images.

14.The apparatus of claim 13, wherein the means for computing the first and second
match measures the further comprises: projecting the at least one measurement
vector to a one-dimensional projection along a line defined by a weight for each of
the first and second match measures so as to maximize a separation between the

same class and the different class.



WO 2006/073647 PCT/US2005/043835
26

15.The apparatus of claim 10, further comprising: learning from the at least one two
pairs of feature maps outlier and inlier distributions, wherein the means for
computing the first and second match measures comprises: computing, as a
function of the outlier and inlier distributions, a weight for each of the first and
second match measures, and probabilities for the first and second match measures

being of the same and different classes.

16.The apparatus of claim 15, wherein computing the probabilities of the first and
second match measure comprises: fitting to a Gaussian distribution the same class

and the different class.

17.A method for unsupervised learning of measures for matching objects between

images from at least two non-overlapping cameras, comprising:

collecting at least two pairs of feature maps, wherein the at least two pairs of
feature maps are derived from features of objects captured in the images;

learning from the at least two pairs of feature maps respective outlier and inlier
distributions;

computing, as a function of at least two pairs of feature maps and the respective
outlier and inlier distributions, at least first and second match measures, wherein
the first match measure is of a same class and the second match measure is of a

different class, and wherein objects in the same class are deemed to match

18.The method of claim 17, wherein learning from the at least two pairs of feature
maps respective outlier and inlier distributions comprises ranking the feature maps

as a function of the features of the objects captured in the images.

19.The method of claim 17, wherein computing the first and second match measures
comprises: deriving at least one measurement vector from differences between

oriented features of the objects captured in the images.

20.The method of claim 18, wherein the images are unlabeled.
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