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ABSTRACT

In this paper, multiple object tracking system in a known environment is proposed. It extracts moving
areas shaped on objects in video sequences and detects tracks of moving objects. Color invariant co~
occurrence matnices are exploited to extract the plausible object blocks and the correspondences
between adjacent video frames. The measures of class separability derived from the features of co—
occurrence matrices are used to improve the performance of tracking. The experimented results are
presented.

Keywords : Object Tracking, Image Correspondence, Photometric Invariance, Co-occurrence natrix
1. Introduction applications lots of information can be obtained
from trajectories that give the spatio—-temporal

coordinates of each objects in the environment.
Information that can be obtained from such

Tracking the motion of objects in video
sequences is becoming important as related

hardware and software technology gets more
mature and the needs for applications where the
activity of objects should be analyzed and
monitored are  increasing[10]. In  such

trajectories includes a dynamic count of the
number of object within the monitored area, time
spent by objects in an area and traffic flow
patterns in an environment [41[7][15]{16]. The
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tracking of moving object is challenging in any
cases, since image formations in video stream is
very sensitive to changes of conditions of
environment such as illumination, moving speed
and, directions, the number and sizes of objects,
and background. Therefore the scope of
researches are usually confined to specific
application domains and the processes of
capturing video streams are also carefully
controlled. Moreover, most of related researches
are assuming gray level images as input image
source, which may lose much of information
available in color space such as imbedded
photometric color features and  synthesized
features derived from separate color channels.
Color image can be assumed to contain richer
information for image processing than its
corresponding gray level image. Also separate
color channel could be applied to different
problem domains.

In this paper multiple object tracking system for
obtaining spatio—temporal tracks of objects in
video sequences is proposed. Camera in static
position produces video sequences which are
analyzed in real time to obtain trajectories. In
each frame of video stream, segmentation
techniques such as simple progressive
projections and differencing color invariance
feature maps denived from adjacent image frames
vield regions of interest quickly and proved to
work well in real time. An important step towards
detecting trajectories of objects is the definition
of a proper set of features which could reliably
identify the corresponding objects between
adjacent frames. Here we choose one of the most
common statistical approach  for  the
characterization of texture, the co—occurrence
matrix, Within the context of image processing,
the co-occurrence matrix represents the
second-order joint conditional density function

f(i,j|d,0), ie., the probability of going from
gray level 7 to gray level j within a distance d
along a direction . In most researches, the

gray levels are considered as the dimensional
factors of co~occurrence matrix. Obviously three
color channels composing color images give

richer informations than gray level counterparts.
Invariances and discriminative power of the color
invariants is experimentally investigated here as
the dimensions of co-occurrence matrix and the
derived features for finding correspondences of
objects.

2. Related Researches

Jakub and Sarmalll} developed a system for
realtime tracking of people in video sequences.
They use a model-based sapproach to object
tracking, identifying feature points like local
curvature extrema in each video frame. Their
system has an advantage of handling occlusion
problems, but disadvantage of unreliable
extraction of extrema of curvature from object
contours. William[17] suggests motion tracking
by deriving velocity vectors from point-to-point
correspondence relations. Relaxation and optical
flow are very attractive methodologies to detect
the trajectories of objects{14]. Those researches
are based on the analysis of velocity vectors of
each pixel or group of pixels between two
neighboring frames. This approach requires
heavy computation for calculating optical flow
vectors. Another method infers the moving
information by computing the difference images
and edge features for complementary information
to estimate plausible moving tracks[15]1[21].
This method may be very sensitive to illumination
and noise imposed on video stream. The other
method adopts the model-based and/or statistical
approach, which has disadvantage of extracting
the previously trained objects only[5][6). The
algorithm showing the main steps taken in this
work is shown as follows:

Determine the most discriminative feature vectors from 1, 0
For t=1 to n, (tis the time frame of video sequence session)

Get two frames I,_Im

Generate color invariance Image map H P H +1

fom I ,’I 14 Tespectively

Detect moving local blocks
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Generate co-occurrence matrices 0' 0' +1 from

k k N
D, D, 41 respectively

kopk
Generate fealure vectors F, F from the

t+l

normalized 0," 0:'“ respectively
Identify the block correspondences between

k k ., k k
D, ’Dt+l using F, ‘F

t+1

fnd for

Main processing steps of given algorithm is
detailed in order.

3. Generation of color invariance map

Many block detection methods assume that the
lighting in the scene considered would be
constant, The accuracy of these methods
decreases significantly when they are applied to
real scenes because of constantly changing
illumination conditioned on background and the
moving objects. The methods to take only gray
level intensities into consideration may cause
ambiguous object boundaries, which results in
seriously degraded performance of object
segmentation and detection. It is known that color
is a powerful cue in the distinction and
recognition of objects. To reduce some of the
complexity intrinsic to color images, parameters
with known invariance are of prime importance.

Kubelka-Munk theory models the reflected
spectrum of a colored body based on a material-
dependent scattering and absorption function,
under assumption that light is isotropically
scattered within the material{12]1{13]. The
photometric reflectance model resulting from this
theory is given by

E(A3) = (A - pr (D) Ro(A D)+ e Dpp (B, (D)

where x denotes the position at the imaging

plane , 2 the wavelength, e(4,X) the

ilumination spectrum, p,(X) the Fresnel

reflectance at X, and R_(A,X) the material
reflectivity. The reflected spectrum in the
viewing direction is given by E(A,X). Since the

spectral components of the source are constant
over the wavelengths for an equal energy

illumination, a spatial component i(x) denotes

intensity variations, resulting in

E(3) =i0)(1- (D) Ro(AT) + g (B) - @

Differentiating (2) with respect to A twice and a

little computation, the ratio H=E, /E is known
to be dependent on derivatives of the object
reflectance functions R_(A4,X)only. That is, #

is an object reflectance property independent of
viewpoint, surface orientation, illumination
direction, illumination intensity and Fresnel
reflectance coefficient, assuming matte, dull
surfaces, and an equal energy illumination. This
color invariants may show more discriminative
power than gray levels, so can be used for
detection of the trajectories of objects reliably.
To get this spectral differential quotients, the
following implementation of Gaussian color model
in RGB terms is used (for details, see [12]).

E 006 063 027 YR
E; |=| 03 o004 -035]G 3
Epl l034 06 017 fB

Figure 1 shows the comparison of resultant
applications using /A image map and gray level
image after block detection process to be
mentioned below. The redundant shadowed areas
are eliminated properly when the color invariance
map His used.
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(@ (b) (©
Fig.1 (a) image to be tested, (b) block detected
when gray level image is used, (c) in case of /
map used

4. Block detection

This module plays an important role as shown in
many object tracking applications using
segmentation approaches{5][11]. This module
receives a pair of 4 maps, H{x,y) and Hi.£x,),
acquired at successive time instants & and &,
respectively. Then a list of minimum bounding
rectangle-shaped blocks of image areas where
significant moving features detected (related to
possible moving objects) is produced.

This module consists of three steps.
(1) computing the difference DF, (x,y)

between the two input images Hi.£x) and

H{xy) for obtaining spatial difference
information,

DFi(x.y) o Hy(x,9) - Hi (50| - 4
(2)computing the difference DB, (x,y)

between the two input images Hi.[(xy) and
background HB{x,y) for obtaining temporal
information,

DBy (x,) = Hia1 (x. )= HBx (5, )] - ®

(3)computing the hypothesis mask M, identifying
moving objects in the current frame.

Dy(x,y)=5|DFt(x.9)~ DBy (1, 3)-Te 1, (6)

where & is ordinary delta function and 7T is
thresholding value.

Noise filtering and searching for the minimum
bounding rectangular shaped blocks are
performed by means of simple opening
morphological operation[8] and the extraction of
extremal points using progressive projection. The
projection[3] is given as follows;

PRy(r)= IL D(rcos@ —ssinf,rsin@ +scos)ds , )

where L is the perpendicular line intersecting the
original line whose origin is inclined at an angle
¢ with respect to the x—axis, at a point that is a
distance r from the origin and s is the distance
from the intersecting point to a point in binary
map Dfxy) along L. In this work, only vertical

(8 =0 )and horizontal (8= /2 )projections

are considered. But the occluded objects needs
several projections recursively. This progressive
projections proceed until the detected blocks
contains proper size of pixels discemnible as an
object to human eyes (here, 15 pixels per
dimension). Progressive projection is very
effective and fast method to isolate the region of
interest from the binary image.

5. Local block feature extraction

Since the object detected with its bounding
rectangular block in current frame should be
uniquely associated with the corresponding block
in neighboring frame, each block should have

local block features possessing proper
discriminating power. There are many
researches done in this

area[11[2]1[141(181{20][21].
5.1 co-occurrence matnx

The co-occurrence matrix is a well-known
statistical tool for extracting second—order
texture information from images[9]. This matrix
can be thought of as an estimate of the joint pdf
of gray level pairs in an image. Suppose the

image frame to be analyzed is an M xN

dimensional matrix. An occurrence of some gray
level intensity may be described by a matrix of

relative frequencies Oy ,(a,b), describing how

frequently two pixels with gray levels a, b appear
in the matrix separated by a distance d in

direction €. Non-normalized frequencies of co—

occurrence as functions of angle and distance can
be represented formally as:
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Ope 4(a,b) = {((k,1),(m,m)) €V :k —m =0,]l -n|=d,D(k,})=a,D(m, n)=b}]

Oyse 4 (@b) (kD) (mm) €V :(1-n=~d,k-m =d)OR( -n=d,k~m=~d),

D(k,l)=a,D(m,n)=b}|

- )~
correlation = -ZSM
i TxCy

P(J))

where

Ogge 4(@.b) = {(k.D(m,m) €V :1~n = k= m|=0,D(k,l) = a, Dim, n) L1 =Z_P("’!') B D=2PC))

Orsse g @) HEDGmm) eV :( ~n=dk=m=d)ORU-n=~d k=25 pi, j) = Z0 4y = TIEPN=ZIBO),

D(k,1)=a, D(m,n)=b}}

where |{...}] refers to set cardinality, D is the
detected block and V =(M xN)x(M xN) .

The distance metric p in these equations can be

defined by p{(k.0).(mn)}=max{lk-ml|ji-nl}. It is

required to normalize the co—occurrence matrix
O so that the entries become probabilities of co-
occurrence P,

5.2 features derived from co-occurrence matrix

Many features can be extracted from co-
occurrence matrices[9]1[19]. These features are
derived by weighting each of the co—occurrence
matrix element values and then summing these
weighted values to form the feature values. The
weighting applied to each element is based on a
feature weighting function, so by varying this
function different texture information can be
extracted from the matrix. Assume that Kij) is
the (;pth element of a normalized co-occurrence
matrix (X, ). Then the following features are
defined from Rij).

energy= ¥ P(i, j)’
iJ

entropy =—Y P(i, )log P(i, j)

i
Inverse- Difference- Moment(IDM) =Y, 5 (i»j)2 )
ij1+G- )

inertia=y (i -j)2 PG, ),
i

promenance= Y (i+ j— yix —yy)4P(i,j) ,
L

variance=Y (i - #)ZP(l,j)y
ij

i

=36~ TPGI) 0y =T ~1)) TPG)) -

i J J i
Entropy is a measure of randomness and takes
low values for smooth images. Inverse Difference
Moment(IDM) takes high values for low—contrast
images due to the inverse (/ - )? dependence.
Correlation is a measure of image linearity, that is
linear directionality structures in a certain
direction
result in large correlation values in this direction.
Energy or angular second moment is a measure
of image homogeneity-the more homogeneous
the image, the large the value. There are many
other derivatives, but this paper deals with these
seven features just for  computational
convenience. But the other features can be dealt
with in similar way.

5.3 class separability measures

The optimal features and other related conditions
for class separability should be determined from
the implementational reasons,. A  major
disadvantage of the traditional class separability
criteria based on Bayes rules (such as
Mahalanobis or Brattacharyya distances) is that
they are not easily computed, unless the
Gaussian assumption is employed{19]. In this
paper, a set of simpler criteria built upon
information related to the way feature vector
samples are scattered in the /~dimensional space
is adopted.

A class separability comprise two criteria, within—-
and between-class measures. Within—class
scatter matrix is defined as follows:

M
Sw=XAS;
i=1

where §; is the covariance matrix for class @,
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S= E[(X—-,u,.)(X—pi)T], and F; the a priorf

probability of class @, . Here, P =n,/N ,

where f; is the number of samples in class @,

out of a total of N samples. Also between-class
scatter matrix is defined as follows:

L T
Sp = TR — po)(pi — Ho)

i=1

where g, is the global mean vector,

M
He =ZR,U,. . The mixture scatter matrix can

i=1

be defined as follows:
8= E[(X — pio)(X = pig)T ]

That is, S, is the covariance matrix of the feature
vector with respect to the global mean. From this
definitions, it is clear to see that the criterion

_ trace{Sy}
trace{S,,}

takes large values when samples in the #~
dimensional space are well clustered around their
mean, within each class, and the clusters of the
different classes are well separated. Sometimes
S, is used in the place of S, An alternative
criterion results if determinants are used in the
place of traces. From these matrices, the
separability measure in the one-dimensional, two
—class problem, so called Fisher’'s discriminant
ratio (fdp), can be easily derived as follows,

P -p9)°

2,2 '
0"+O'2

Since when two classes are equiprobable, the
determinant of S, |S.| is proportional to

ol +0o? and |5l proportional to (g -u,)t.

This measure are used as the class separability
criteria in this paper.

6. Object tracking

The goal of object tracking is to determine the 3-
D positions and the motion parameters of objects
recognized by the local block detection phase at
every time instant. The first requirement for this
task is to determine the correspondence of each
object detected from adjacent image frames. To
establish the correspondence relations of blocks
between sequential frames, the selected feature
values of local blocks at time ¢ are compared with
those of blocks detected at time ¢+ 1.

(') = argmin D (OF (5 3D, S (6 ¥)
where (x,y) is the central position of D,k , which

is the 4th detected blocks in D,. The function D,

is defined by computing the weighted L, error of
the transformed data using a combination of
feature value difference and Euclidean distance

C*¥  between the central

) positions of

DF* and D¥

t +1 "

Dy(DF ()0, A, ¥)=(1-DAF +1AC .

The feature value AF is defined as the MSE

between F," and FY

and AC is the C/. The

bias term A expresses a trade—off between the

contribution of the feature value error and the
Euclidean distance error. Generally, the feature
value error is the most important, since it
captures the spatial structure at the given image
area. However, in certain cases of spatial
ambiguity, the distance closeness is cntical for
making the correct match unambiguous. In real
situation, this bias term could be adjusted
dynamically if a priori knowledge about objects is
available.

7. Experimental results
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Several video clips are generated using static
SONY digital video camera according to the kinds
of objects and their speed variations under
natural illumination conditions. Also the variety of
different values of parameters associated with
the morphological operator, differential operators
applied to projection table, and the bias values for
block correspondence are tested.

(a) ®
Fig.2. (a) the original video frame tested and
resultant detected blocks, (b) the moving mask,

Fig.2 (a) shows the one of the video clips tested
and detected local blocks. This frame illustrates
the results of well-defined block detection
module. Fig.2(bXc) shows the moving masks
before and after applying opening morphological
operators to eliminate the noises. The result of
vertical and horizontal projections are presented
in Figure 3. The projections are convoluted with
Gaussian filter for isolating the regions
discernible as objects from the scattered clusters
of pixels which could not be recognized as
objects to human eyes. This projection may be
applied progressively until the sub-blocks are not
detected any more. Progressive filterings are
applied using scalable Gaussian kernels [20].

] M %ﬂ‘f ] *

L Ii“ ! L i

(\ IR

] BWQLét&hbll ] -fnlvlv L‘A
(@ )

Fig. 3 (a) the projection on y-axis. (b) the
projection on x—axis

To set up the optimal criteria for feature selection,
two detected block images are used to generate
10 color invariant images by differentiating
resolutions respectively. Figure 4 shows the
original color images and its corresponding color
invariant images. Figure 5 represents the results

after computing the 7 features with given data
images. The relevant euations are applied to two
images(van and truck) with the distance from 1 to
10 (maximum distance could be the maximum
pixel size discernible as objects to human eyes).
Hence the total 300 feature values per feature
category are obtained for each class.

Fig.4. three classes of color images (truck , sedan
and van) to be tested.

o
2

A &“ \§§

azf N b 1 1
NN

0 b ] %6 £l
e R

Fig5 the feature values of images, (upper)
entropy (lower) energy.

Roughly speaking, the features with more visually
separated plotting along y-axis may have high
class separability measures. But the scales of
resultant values are quite different from each
other, so the visual inspection may be imperfect
unless the scale of y-axis is normalized. Figure
6 shows the FDR measures, which tells that
energy may produce the highest separability
measure. Promenance and variance do not show
desirable discriminative power.
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Fig. 6 FDR class separability measures ( y~axis
are rescaled logarithmically for visualization)

Figure 7 shows the FDR measures for each
feature category depending on the different
distances of co~occurrence matrix. This measure
is very important, since the computation of co-
occurrence density can be very intensive to be
uttlized in real-time applications. The choice of
proper distance is critical for determining the
optimal features with given images and reducing
execution time complexity. This figure tells that
the distances, 2, 3, 4, 9 may be safe choice, but in
case of short distance, correlation, variance and
promenance should be selected, otherwise IDM,
energy and entropy may be the proper features.

Fig. 7 FDR class separabililty measures( y-axis
are normalized and rescaled logarithmically for
visualization)

e ed

Fig.8. the detected tracks of three objects after
processing 20 frames running 30fps.

Figure 8 shows the detected tracks of three

vehicles of Figure 2 (a). In this experiment, ¢=9,
and energy feature is used.

8. Conclusions and future research

A system for tracking objects using color
invariance features is presented. The system
outputs tracks that give spatio-temporal
coordinates of objects as they move within the
field of view of a camera. We try to solve the
occluded objects problem, which may be ignored
in many researches intentionally by utilizing radial
cumulative similarity measures imposed on color
invariance features and projection. But the
projection scheme presented here is too primitive
to solve this problem., needs more elaborations.
But this system is very fast to be used in real
time applications and to eliminate noises which
may be very difficult when using gray level
intensity only. Also several parameters should be
adjusted adaptively in order to be used in more
general settings. In this paper, only one feature is
used for detection of trajectories. It is easily
assumed that the combined feature set could give
more class separability measures. Future
research needs to address these kinds of issues
and tracking objects across moving cameras.
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