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ABSTRACT

Matching of single individuals as they move acrdisgoint
camera views is a challenging task in video sulegile. In
this paper, we present a novel algorithm capabteaithing
single individuals in such a scenario based on appee
features. In order to reduce the variable illumoraeffects
in a typical disjoint camera environment, a cumuétolor
histogram transformation is first applied to thgresented
moving object. Then, an incremental major colorctpen
histogram representation (IMCSHR) is used to reprethe

algorithms have been proposed for this in theditee (see
[3] for references). However, it is difficult to ply an exact
color constancy algorithm in our scenario sincdeliis
known about the scene and the objects. Approachssdb
on intrinsic images aim to separate pure refle@dnages
from illumination images, with effective methodsadsable
for image sequences [4]. In [5], Javed al proposed to
learn the transfer functions between cameras dudng
learning phase. In this paper, instead we proposes¢é a
simple cumulative color histogram transformation
compensate for the varying illumination conditiovi¢e also

to

appearance of a moving object and cope with sm@dep make use of an object matching algorithm based mn a
changes occurring along the track. An IMCHSR-baseéhcremental major color spectrum histogram reprasiem
similarity measurement algorithm is also proposed t(IMCSHR), a similarity measurement to assess timdagiity
measure the similarity of any two segmented movingf any two tracked objects, and a post-matchinggiration

objects. A final step of post-matching integratalong the
object’s track is eventually applied. Experimentasults
show that the proposed approach proved capable
providing correct matching in typical situations.

Index Terms—Object tracking, major color spectrum
histogram representation, disjoint camera views.

1. INTRODUCTION

Computer vision-based tracking of moving objecta ba

based on coherency of shape, motion and appearan

features ([1, 2]). However, in the case of peopéeking,
shape features are not immediate to exploit sinoeams are

deformable objects. Moreover, when camera views ar

multiple and disjoint, motion coherency may notassessed

when the tracked objects move across different came

views. Actually, the definition of disjoint camexgews in

itself implies that the extent of separation betwegews
prevents prediction of the path and timings of kngoving
objects. In such a case, appearance featuresearadin cue
to reconcile the tracks from separate camera vigvassame
physical object. Such a scenario is very commoreat-life

situations where existing camera networks cannovige

full coverage of the monitored space nor measucerate
individual biometrics.

phase to make the whole matching more robust [6].
Differently from previous papers, our approach does
oéquire global information about objects in thevsillance
systems [7] nor rely on a topographic model of ¢henera
network [8].

2. MAJOR COLOR SPECTRUM HISTOGRAM

In the RGB color space, using one byte to represanh
color yields a total of 16.8 million different coto It is, in
%eeneral, very difficult to compare two objects lthem so
many possible values. By using the concept of adistance
[6], we can scale down the number of colors from816
million to a very limited number of “major colorstithout
%sing much accuracy in representing a moving dbjeor
each moving object, a given percentage of majoorechre
retained in the representation, while colors thatly appear
are discarded [9-11]. Colors within a given mutditance
threshold are dealt with as a single color. An exanof
such a major color representation is shown in Eig.
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The illumination conditions between disjoint cansecan be (@) tn_flower' picture  (b) MCSHR Histogram(c) MCSHR in RGB Space

significantly different and have great influence dme
appearance of moving objects. Illumination effetisst be

Figure 1 The Major Color Spectrum Histogram Representatd@$HR)
of the ‘tn_flower'.

eliminated or at least reduced in order to make thén example picture is shown in Fig. 1 (a), in whigh can
appearance of same object comparable. Color canstansee that the most frequent colors are around dadngand



yellow values. Fig. 1 (b) shows us the histogramthad
major colors under the color distance threshol@.61. Fig.
1 (c) shows us the positions of these major colorthe
RGB space, with the size of the color spheres ptigal
to the frequency of each color.

3. MOVING OBJECTSIMAGE PRE-PROCESSING
FOR THE DISJOINT CAMERAS

The biggest challenge for the matching of movingeots
from disjoint camera views is in the different awarying
illumination causing great differences in their apmnces.
For example, a same object may look very brighveny
dark depending on the actual illumination. In ortbereduce
its effects, a cumulative color histogram transfation
algorithm is proposed here. Fig. 2 shows the méapss
first, the bounding box of a moving object is |lamhin the
frame. An example of input frame and the located/ing
object is shown in Figs. 3 (a) and (b). In the sekstep, the
color histograms §, (r), pg(r) @nd py(r).) are calculated for

the purpose of cumulative color histogram transtdrom, in
which the background pixels are replaced with airfixels
of the size of moving object that are equalizedRiGB.
Then, the three color histogram equalization trams$

transformation in red are shown in Figs. 3 (f-fpwing the
re-mapped ranges of the red channel.
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Figure 3 Example of pre-processed moving object (referecasiera 5,
frame 018).

4. IMCSHR AND TRACK MATCHING

4.1 Moving Objects Similarity M easur ements

In this section, a similarity measurement basechanost-
similar color search is proposed to measure thélasity
between two moving objects. This algorithm is basedhe
major color spectrum histogram of the two movingeots.
We assume that there dvemajor colors in the spectrum of

(T, , Ty andr,) are calculated based on the moving objectoving object A, which can be represented as:

and virtual background and applied to the movingecb
image. An example of transformed moving objecthisven
in Fig. 3 (c).

(a) (b)
Color Histogram Calculation:
Input Image Frame Moving Object (1) Red Color Histogram - pr(r)
From Disjoint Cameras Locating (2) Green Color Histogram - pg(r)
(3) Blue Color Histogram - pb(r)
HistogramEqualization
TransformCalculation : (c) (d) (e)
o) 7
S =T (r) =2, P (1)) - - )
‘ = ! Moving Object Major Color Spectrum
= = - Extraction By Histogram Representation ——
s =T, (r)= ). : ! H
W =To(h) ;p“( ) Using a Mask Calculation
8 =Ty () =2 p(r) ¥
=
k=010 ,(L-1).

Figure 2 Moving objects image pre-processing for disjoinnesa views
By comparing Figs. 3 (b) and (c), we can see thatcontrast of
moving object has been significantly improved whizdm
prove helpful for the matching process either bynpoters
or humans. After this step, the MCSHR is computedhz
object’s “blob”. The example of the moving objecask and
the MCSHR after transformation with color threshalfi
0.01 is shown in Figs. 3 (d) and (e) respectivElgase note
that throughout the paper, the “blob” of the extiedcobject
has been corrected manually to avoid mixing diffiere
aspects such as power of the proposed representatid
segmentation errors. In Section 3, we will discuss

MCSHR(A)= {G, G, 1l CyI Cu,} @
where CA =121 ,Mis a major color (RGB) in object

A. Object A’s major color bin counts can be repreed as:

P(AF {p(A).p(A ) p(A)D P(Ay )} 2
Similarly, the major color spectrum histogram ofiext B
can be represented as follows:

MCSHR(B)= {G; Cg, ! Cs, }
p(BF {N(B).pB ) .p(By)} 4)

In order to define the similarity between two mayin
objects, a subset ofMCSHRB)In equation (3) is firstly

defined as:
MCSHR(B|C, 0)={C, Cy I Cy}

®)

()
where the distance betweemB, ,j=1201 ,Land C,is less

than a given thresholsl

Then,CBJ s IS defined as the most similar color ©, in

subsetMCSHR(B) satisfying:

Cg s @ j=argmin{d(C, .C, )} (6)
' k=10 L x

Differently from [14], we consider only the colorf &

closest to A instead of the whole subseCSHR(B). In this

way, we aim to achieve a more selective similasiiyerion
capable of limiting false matches. The portion @R in

approach to mitigate the impact of the unavoidablepject A can be simply calculated as:

segmentation errors on the representation.
The  corresponding  cumulative  color
transformation and

histogram Prom (A ) =
the histograms before and after

P(A)
> p(A)

i=12{ M

(@)



Similarly, the portion ofC in object B can be calculated similarity threshold more easily. Eventually, manch is

as: B assessed iSimilarity(A,B) is above the chosen similarity
' (A1 (g threshold. A muIti_—frame, incremental r_najor colqme(_strum
plAl B,)= P (B)) (8) histogram matching and post-matching integrationrewe
> p(Bj) described in [11].

F12) N

5. EXPERIMENTAL RESULTSAND ANALYSIS

In this section, we report example results fromr fiypical
_ _ _ _ tracks from three real disjoint video surveillanc@meras
814 IN Object B is defined as: installed in the Faculty of Information Technologyilding,
SIT(C. Coo)=mi Al (99 University of Technology, Sydney, where two moving
i A 5 ) = ming p”‘{'“‘(A) p”"'“‘(_ ih _ objects have been detected and tracked. The segmnent
Themin() operator aims to achieve symmetric measurementgoying objects, major color spectrum histograms and

when searching color matches from A to B and viesa.  experimental results are shown in the following-sabtions.
However, since the “closest to” relationship is not

reciprocal, strictly symmetric measurements arepassible
and themin() operator not strictly necessary. Then, th
similarity of the whole objects A and B in the ditien from

A to B is then defined as:

where plA! (B;) is the frequency OfCB,u\ . Then, the

similarity of color Ca in object A with its corresponding
color C

5.1 TheMatching of the Same M oving Person in

Digoint Camera Views

®The test data here reported are from the same rperso
recorded from two disjoint video surveillance caastracks

" (reference: camera 3a, frames 001-019, and camgra 5

Sin(AB) =X SiMC, Cgy ) 10 frames 300-318.), with some of the frames showRigure

- 4. The two cameras are significantly disjoint irttbgpace
and time and the person’s appearance in the twistreould

its corresponding coloC,, in object A is defined as: not be matched trivially. Moreover, illumination ries

In the same way, the similarity of colg, in object B with
]

. — (8] significantly also with the object's position withieach
Sin(G, ’CA"?i )= n?m{_ p"‘f”“(Bj ) p_""”“(A % o (%1) camera view (unlike assumptions in [10, 12]). Hoerewur
and the object similarity of objects A and B in tieection  representation proves capable of coping with sastations
fromBto Ais: in appearance.

Sin(B,A) = ilsm(c% Cap,) (12) e -
= g

In order to derive a symmetric similarity measuramé¢he |
minimum and maximum of equations (10) and (12) are
defined as:

Sim,i, (AB)=min{ Sin(AB)Sin(B,A)} (13)
Sim,.« (AB)=max{ Sin(AB)SimB,A)} 14)
and eventually combined into a single final value,
Similarity(A,B). If Simmin(A,B) is less than a giMe  Figure 4 Moving objects from camera 3a, frames 001-009 amdera 5,

frame 300

discrimination thresholdydiscrim, the similarity of objects frames 300-308.

A and B is simply defined as: IMCSHR matching results are reported in Table 1wshg

Similarity( A,B)= Sim,,, (AB) (15)  that the same moving object in the two disjoint eearviews

The rationale is that in this case the two objécilarities s reliably matched.

between A and B, (14) and (16), are either veryrasgtric Table 1 Results of IMCSHR Matching and Post-Integration

or both low and for this reason we decide to bolnedn by Test Case | Frame No| Camera Similarity M;;r;ﬂ:?sg

their lowest value. Instead, $imy,,(A,B) is above or equal 001.005 3a

the discrimination threshold, we define: 1 300304 5 0.9817 1 (Yes)

Similarity(AB)=1- >ha(AB) = Sifthy, (AB) (16) 2 003007 | 33 | 9758 | 1 (Yes)
Simy. (AB) + Simy,, (AB) 302-006 | 5

In this case, we are confident that the two visimécts are 3 005009 | 3a | 4,795 1 (Yes)

possibly a same physical one. As a further vetifice we 304-308 | 5

choose to check the difference between the maximnch 4 007-011 | 33 | (9856 | 1 (ves)

minimum similarities in a ratio form. In (16) wercaee that ggg'gig g

the bigger the difference between maximum and minim 5 308:312 5a 0.9452 1 (Yes)

similarity, the less similar are considered the wgects. 001019 | 3a 100%

Such a definition aims to prevent asymmetric, pérti Integration — e T 5 (Match)

matches between two objects and let us set thd fmﬂlote: with 90% major colors cut off, color thresthot similarity color



threshold = 0.05, discrimination threshold = 0.#JCISHR matching
threshold = 0.8, and final integration matchingetimold = 80%.

5.2 TheMatching of Two Different People from Two
Digoint Camera Views

The test data reported here are from two diffepmple
recorded from the same video surveillance cameandra

3a, frames 001-019, and cameBaframes 010-022), with

some of the frames shown in Figure 5.

Figure 5 Moving objects from camera 3a, frames 001-009 ameca 5,
frames 010-018.

Table 2 Results of IMCSHR Matching for two different peepl

Test Case Frame Camerd Similarity Matching
No Results
001-005 3a
1 010-014 = 0.3538 0 (No)
003-007 3a
2 012-016 5 0.7588 0 (No)
3 005-009] 3a | ;7504 0 (No)
014-018 5
007-011 3a
4 016-020 = 0.8348 1 (Yes)
5 009-013] 3a | gg75 1 (Yes)
018-022 5
Intearation 001-019 3a 40%
9 010-022| 5 (No match)

Note: same parameters as for Table 1.
6. CONCLUSIONS

In this paper, we have proposed a method for magctvo

objects along their tracks from disjoint cameramgeSuch
views are challenging in that illumination conditsocan be
very different across cameras and time and the aappee
of single objects vary enormously as a consequenbe.
main contribution of this paper is the proposal @f
cumulative color histogram transformation to congze
for the varying illumination conditions across thisjoint

views. When integrated in our object matching appho the
matching of a same object improved significantlsouing

this representation to be maximally invariant tonlination.

At the same time, the transformation scatters eolara
range broader than the original so that two diffe@jects
can be more easily discriminated. Experimental lteslso
show that the object matching algorithm can meashee
similarity of the two moving objects accurately,dawith

three to five frames integration, the proposed IMIBS
algorithm can make the matching more robust andbiel

than single-frame matching, especially for smallsgo
changes.

The overall object matching procedure can provitdkewy
surveillance applications with the ability of tréwl single
objects across disjoint camera views, which areqrenant
in existing surveillance camera networks. Such hititya
could prove useful to track assigned individuals'watch
list”) from entry to exit of a building in real tiej or as a
forensic tool to automatically back-track movemeiwots
people from an assigned point in time and spacgh(as an
event of interest). At the moment, we are working o
automated estimate of the parameters based on image
statistics and considering adding shape invariatas
appearance features for more general matching.
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