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CHAPTER 2. BACKGROUND 2.2. COLOUR 
~~~~~~------------~ 

11otion estimation techniques such as Kalman [45] and particle filters [19] approach 

the tracking problem from a stochastic point of vicw. If objects ,U"e parameterised by 

their physical interactions with an environment, and these parmlleters are assumed to 

follow a hasic motiou model corrupted by some noise, tllen predictivc estimates CIlU be 

UBed to track each target's position in the context of its modeL An MvantHge of this 

formulation is that it intuitively fu.cilitates integration with 3-D based information. 

Both Kalman and condensation trackers have becn applicd to solving the multi-view 

corrcspondeuce tracking problem [27, 28, 30, 49]. However, perfonnance is dependent 

on the number of objects and views in the scene as well as the initialisation process. 

It is for integration with such systems that this work was aimed. 

Simpler approaches such as blob tracking llBing segmented masks comhined with 

complex rule Bets have also been attempted [25] with SOlue good short-term results. 

Solving the problem of computational complexity within high dimensional paramcter 

spaces, inconsistency of multiple call1em hardware, aud the lack of a standardiBed 

framework h,we kept tracking at the forefront of cOluputer vision research. 

2.2 Colour 

A primary aspect of this thesis is the use of colour matching in digital video. Since the 

,UIU is to create a systcm that mimics the way humans discriminatc objects based on 

colour, it is important to uurlcrstand thc underlying processes of human perception 

,Uld how it relates to digital imaging. 

2.2. I Physical Colour 

The visual spectrum for humaJIB ranges from 400 llln (violet) to 700 llln (red) with a 

maximum sensitivity to wavelengths in the 550 nnl (green) band [13]. Surfaces appear 

coloured as Il result of sevewl complex mechaniBms which dictate how they translllit, 

reflect, absorb und scMter wu·ious frequencies of visible light. As a common example, 
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2.2. COLOUR CHAPTER 2. BACKGROUND 

the green surface in Figure 2.1 is illuminated by a pure white light source. The surface 

alNlrbs most of the incident frcqlK'ncies and r('lIccts those in the middle of the visual. 

spectnull (gre€n). Since an obse\"Ver looking at the surface will Se€ only the reflected 

light, the surface will appear green. Had the illuminating source been pure red, 011 

the other hand, the surface would have appeared blade due to the aooence of any 

green light for the ~urfa.ce to reflect. 

Figw"e ~.1: Surja,a, m/our ~xample. 

Generally, surfaces are more complicawd than in the illustration. Angles of incidence 

and reflection as well as surface shape and material composition play vital roles in 

determining the qn>Ultities of spectral reflectance. The need 1.0 be able to predict 

the rdatiollship between incident source light and r('lIccted light on a general surface 

I\!~ led to the use of Bidirectional Reflectance Distribution Functions (BRDF). The 

amount of light energy travelling in a specified direction, per \lIlit time, per unit area 

perpendicular 1.0 the direction of propagation, is known as mdiant".e [15J. Iw coun­

terpart, irrudiance, is defined as the iucident power per unit area not foreshortened 

[151 (i.e. not ]X'I]X'Jldicular to the direction of propagation). The BRDF thus chart~ 

the ratio of outgoing radiance to incident irradiance. Simply put, a BRDF maps 

the incoming to outgoing direction of light of all visible frequencies for a particular 

~urface. 

In colour imaging, it R; convenient to know whether the pixel value represents a true 

reading from a surfw:e or whether it has becn produced by some sort of lighting 

artifact. This knowledge would be especially usdul, for instance, if one wanted to 

8 
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CHAPTER 2. BACKGROUND 2.2. COLOUR 

normalise the lighting conditions hdweell two ilHage:; in order to compare ohject 

colours. Since the resulting image is a superposition of many proc{~&;C~, it i~ not pos­

sihle to fully separate each process without exten~ive analysis of the relevant BRDFs 

(assuming they were available). For this reason, a common adopted practice is to 

represent the surface as a combinatKln of its Lamoc"l"tian and Specular cOlHponents, 

which provide a good approxilHation for a variety of surfaces. 

Larnbertiall or ideal diffuse b"Urfaces describe a special class of surfaces whose re­

flectance is indL'Pendcllt of the lighting direction. Exarnples of ~uch surfaces include 

carpets, cotton cloth and matte painted surfaces. A SI,.'Cond group of special surfac(Jl:! 

arc the sp~'Cular or mirrored surfaces. Ideal sp~'Cular surfaces reflect incorning light 

about the surface normal at the point of incidence. Generally, ideal specular surfaces 

are not ov<~rtly common, though many surfa.C<':8 exhihit spt..'Cular eifecw, ego ~hiny 

metals and plastics. Typically, these surface~ will absorb sowe light (they are not 

p€rfect refleetor~) and caU8<~ a variallce in the direction of rcliection. This produc<':8 

a specular lobe or blurring effect. Narrow lobe::; result ill bright ~pecular highlights, 

while wider lob(:s relate to a dull, hlurred reflections. 

2.2.2 Hnman Vision 

The human seIl&l.tion of colour has becn explained by the receptivity of cone cells in 

the retina to a particular frequency of light. Initially it wa.~ thought that there wen~ 

thousands of types of cone cells, each sensitive to a particular colour, until Thoma.~ 

Young introduced the trichrornatic model in 1802 [22[. Hi~ theory propO&~d that all 

visible colours can he conb"tructoo frow a THixture of three basic primarics: nxl; greL~I; 

and blue. 

Psychophysical experiments conducted by Helmholtz and Maxwell in the rnid 19th 

century seemed to support Young's trichrornatic repre,;entation. The theory was 

further confirmed in 1964 when microspectromdry identified the pre,;enee of three 

types of cone cells [46]: S-Cone~; M-Cones and L-Con{$ (short, wooiuw arId long 

wavelength). The ~pectral respo"SC of the,;e concs peak at 440 nrn (Blue), 545 Ilrn 

9 
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2.2. COLOUR CHAPTER 2. BACKGROUND 

(Green) and 565 Illll (Red) respectively. 

Though trichromatic theory validated the compooition of coloul1l via the three pri­

maries, it did not fully explain the abstract proc{:% of colour pcTception. For instance, 

the cOTnbination of red and green ligbt does not produce a reddi3h-green as one would 

think, but yellow [22]. Another anomaly is the blue after-effect one experiences after 

begin subjected to a prolonged yellow stimulus. The~ effects led to the propooal of 

the Opponent Colour theory in 1872 by pbysiologi3t Ewald Hering. Hering believed 

that there were in fact four unique colourR - red, green, blue and yellow - and that 

perceived colourR were produced by the opponent-prOCffllses of three colour channels, 

namely red-green, blue-yellow and black-white. 

, 

..... ·v .. ... 
, ;, ,,-.. , on 

. • • .• . • .• '~ 

a._ R •• 
0. " ... "'''n 

, 
, 

Figure 2.2: Stage model fM human colour perception. 

The fact that both theories contain truth - trichromatic theory i3 physically proven 

while the opponent colour theory explaifit; the oddities of human perception- hAA led. 

to the modern stage theory which combines both representations [221. Colour vision 

is split into two stages as denlOnstrated in Figure 2.2. The first stage involves physical 

reception to an external stimulus by the thr~ types of cone cells in the retina. These 

responses are then transfonned by a neural pr~8S into the opponent colour signals 

whi.:-h arc then uood for discrimination by the brain. The stage theory is therefore 

10 
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CHAPTER Z. BACKGROUND 2.l. COWUf{ ~~~~~~------------~ 

able to explain the trichromatic nature of the human eye while also acCOllnting for 

the perceptual sensations humans experience. 

2.2.3 Colour Sp<lces 

A linear colour space is a 3-D sub~pa.ce of co--ordinate~ that det;Cribe~ a particular 

subset {gamut} of vMble coiollrs [15J. Colours are matched by the weighted sum 

of the three primaries. The weights required in order t.o match a particular colOllr 

are given by a tolt of col.our matching functions (one for each primary). These colour 

matf"lling functions are derived by experimental tuning .of the weight~ .of each primary 

t.o match each wavelength of IInit radiance in the spectrum [15J. 

Depending on the application, it is convenient to be able to represent colour data in 

varioll~ way~. This has led to a vast number of differing colOllr ~pace:;, each with its 

.own primaries and colour matching functions. 

RGB 

Widely used to drive colour CRT displays as well a.8 raster graphic sy~tems, RGB has 

become an indispensable device colour system [13J. Col.our:; are represented by the 

additive combination of red, green and blue primaries. The R, G, 13 valu~ generally 

range from 0 to 255, forming a cube in cartesian co--ordinates (Figure 2.3). Tllll~ each 

colour channel occupje,; 1 byte or 8 bits in digital media re~ulting in a 24 bit colour 

system. 

It i~ unlikely that RGB image measurements of an object will remain constant over 

an extended period. This is primarily due to changes in ambient lighting and environ­

mental p<:mitioning. It is therefore convenient to have an invariant which encapsulates 

the chromaticity of the object independent of lighting condition~. Thi~ intl'Oduces the 

notion of chr.omaticity co-ordinates for a colour ~pace, in which the chl'Omaticity is 

given by the normalisation of the tcue value~. In RGH, this transformation results 
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2,2, COLOUR CJI.·\PTER 2, BACKGROUND 

\\ ", 
~{.1-- .... 

Fip;ure ~,:;; RGB Ow.;, 

ill Uw rgG ,paco wher~ chromaticiW i, p;iven by the Ilncapitalifoo variable; 1" and g, 

alld G wl'I\><pon,j,; t.o the., ("",nul int(,nsitv, If i1. pixc! IMs nGn val Ill" R, G ,md B, 

the rgG conversion is given by 114J: 

H 
(2.1) 

H+G+B 

G 
(2.2) y R+G B 

G O,30H + 0,39(; + 0.1 J H ( 2.3) 

The b (bluo chromaticity) [r[(.CLioll iE omi!.t(,'! ill rgG, ,ilLC(, !.he llol'lnrui",lI.ion impiie, 

!.hfll " + 'I - If = I and t.herefoT'C' t,he third mlue can be infeTTed from t,he ot,her two 

HSV 

In contra,t to the RGB ,pace, which iE orienb!.ed t.o hn.n!w,ue, tho IISV (11110 SClt.ma­

tion Vruuo) model j, dorivc'Cl [rom apl""UiUlC{' to ,"'.,-,;, Ci<l<i(,ly relClkd t,o t,he :Vlunsell 

sysh,m, HSV uses cyliooricall'l-ordimrte, to dC'FCribe LilLt., shflde fUld t.OlLe rI3]. 

The throo perceptual attributc'E of human colollr visioll which mflkc· "1' t.lle' HSV "pac{, 

are' 

12 
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CHAPTER 2. R4.CKGROU!IiJ) 2,2, COLOUH 

Hue: An angle representing the wavelrngth (mlonr) of I,he illmninant. Hue values 

rang~ from 0° (nl(t) t,o 1200 (green) to 2400 (blue). Complementary colonrs thrH 

fall uniformly betwcen th,' primi,rirs (liU' out, o[ plw",,). 

Sat.umtion; The purity or the radi,J distant"" from th~ unsaturated white point. 

The values for saturation span from 0 (white) to 1 (purr Hue). 

Vulue: Sonwtiml'!< aJ.'lQ referred tu a~ KT'ighl,ne&~, th~ Value r~prl'S~nts th~ hnninClSity 

of tlw colour, which ranges from (] (black) to 1 (white), 

Th~ HSV ~pa"J' I,hu" form~ the hexf'one depicted in Figure 2.4, ChronMticity in thr 

USV space is intrinsically ~ncapsulated by th~ HS cmnpunents However, care mu~t 

Iw takell si[J(;c Hnr i~ ,mdefiJl('d for zero Saturation. This causes noisy chromaticity 

measurements in image aT'eas which ar~ excessively bT'ight OT' (\;tT'k 

v 

Figure 2,4: IISV hexcone. 

CIE XYZ 

III l~nl, th,' Commissionlnternationale d'Elairage (ClE) introduced a repT'e&'Htation 

which has become the governing standard fur culuur matching ):Jj. This reprl'lienta­

tion was conceived in order tu provid~ a nwdel abl~ to intuitively repre&,nt, all visible 
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2.2. COLOUR CHAPTER 2. BACKGROUND 

coloms, thu5 dealing with the 'negative colours' phenomenon. 

Inconveniently, positive RGB mixt11res cannot m&tch the entire range of vi~ible colour5 

in the spectrum. Nw"'ton'~ colom circle, shown in Figure 2.5, demonstrates why this 

is 00, by shmving the prilIDU"ies required to m&tch a 500 nm wavelengthj22]. An 

additive combination of blue and green will produce il. desat11rated result. Therefore 

in order to match the colour correctly, a negative red ~timulus mu~t be added (which 

is impossible for CRT devices to achieve). 

-- / 

--... , .... 
/ 

.~--. 

Figure 2.5: Matching 500 nm wallelength u,sing Newton's colour circle. 

The 1931 ClE XYZ space wa~ therefore deviood by defining im&ginary primaries X, 

Y, and Z 00 that all visible wavelengths could he matched with positive mixtures. 

The transformation from RGB to ClE XYZ maps tbe RGB cube to the cone-shaped 

volume shown in Figure 2.6 by the tran~focmation: 

[ 
. . \ 

~ j [

0.412452 0.357580 0.180423 ] 

= 0.212671 0.715100 0.072169 

0.019334 0.11919:1 0.050227 

(2.4) 

The elE chromaticity co-ordinates (x, y, z) [48J are further generated ~imilar to 

the rgG tran5formation (Equation 2.5), forming the xy chromaticity plane ~hown in 

14 
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CHAPTER 2. ll.'iCKGROU['W 2.2. COLOUR 

, 1\\ 
. , 

, 

FigUnl 2.6: Clf: ColouT' .)Pace w.r.t. RGB cubf. 

Figure 2.7 

x y 
x = X + Y +Z' Y = 'X~+~Y-+~Z7· z=l-x-y (Vi) 

Figurn 2.7: elK chrornrlf1city Jirl,4ram. 

A lin" between poiuts ill the em chroIlL.'1.ticity diagram relates to all available colours 

bnt.w,,,n "ad1 eudpoillt. FurtherIIlore, the colour6 within a triangle created by three 

poiuts iu the plau" repre6ent the gamut of colours that is available 1.0 t he set of 

primaries defined by the vertices. This means that the elf; XYZ spac" is intrinsically 

13 
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2.2. COWUR CHAPTER 2. BACKGROU1'W 

device independent and can be used to compare (or map) gamut regions between 

different devices. 

CIE L*a*b* 

While the CIE xy chromaticity diagram has u~ful properties for relating gamuts 

between various systems, it does not provide a qualitative measure for colour com­

parison. This lead to the definition of several other eolour spacl'S which were geared 

to perceptual uniformity. 

One of the most successful uniform colour spaces proposed was the 1976 CIE L *a*b* 

or CIELAB space [46]. The CIELAB definition is chlely related to the opponent 

theory of colour vision. Forming a sphere (Figure 2.8), the space consists of two 

colour axes a~ b* and a luminance L* or brightness axis. The a* values range from 

red to green, while the b* values describe blue to yellow (opponent channels). 

Figure 2.8: OlE L*a*b* colour sphere. 

The L~, a*, and b~ quantitil'S are obtained by a transfonnation (Equations 2.6 to 2.9) 

of the CIE XYZ primaries normalised to a reference vlllite point X n , Y", Zn (normally 

D65 for general daylight) [46J. 

16 
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CHAPTER 2. BACKGROUl'W 2.2. COLOUR 

L' 
{ 116(;")i -16 if f. > 0.008856 

(2,6) 
900.3(f)t - 16 if t ~ 0,008856 

" 0IX1 [I (~) - f (~) 1 (2,7) 

b' 200[f(~)-f(~)l ") s' 1.-. ,I 

{ tl if I > o.mS8.."){j 
f(t) 

7.787t + 1\"' if t ~ O,OO8..%{j 
(2.9) 

By definition, a perceptually uniform spHce meflns that colour differences between 

points in the space are directly proportional to the Euclidean distance measure. Thus 

for CIELAB points (L*I, a*l, b*l) find (L*~, a*~, b*~), the difference in colour stimuli 

ilE* is: 

If fI more descriptive colour difference is required, the suggestion has been to use 

the L * C *~b H*ol, representation iru;tead 1461. Basically, CIELCH is the pollll co· 

ordinflte equivillent of CIELAB. L* remains as the brightness measure, while the 

a*·b* plillle is replaced by chroma C*oo (comparable to saturation) l\nd hue compo­

nent H*oJJ. The descriptive colour differences between points (L*l, C*oJJl' H*ooJ and 

(h~, C*~I>" H *ol,,) are then given by the three quantities 1461: 

~L. L~2 - ['*1 (2.11) 

~C, C~"I>, - C*ol,l (2.12) 

~H, v(ila*)~ + (ilh)2 (ilC*)2. (2.13) 

where ila* and ilb* are the component differenceti in the a*·b* pll\ne. 

17 
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2.3. CLUSTERlI,'G CHAPTER 2. BACKGROUND 

2.2.4 Colour difference mdrics 

The nature of an image processing system detcrminCb the type of colour model ap­

plied. For instance, an application requiring a descriptive difference between colour~ 

implies that a perceptually uniform colour space should be used. 

The previous section described t.he 1976 CIELAB space which allows the Euclidean 

distance between points to be used as 11 colour diffpJ:ence metric. Unfortunately, 

further experiments have proved that CIELAB is not completely uniform [461 and dOffi 

not provide a consistently good measure of the magnitude of perceptual difference 

between Rtimuli. This has lead to the definition of olher, more optimised metrics 

such as CMC (British standard BS:6923), M&S (1980 Marks & Spencer equations 

for textile industry), BFD (refined CMC equatiolls), and CIE 94 (simplified CMC 

version). 

\Vhile it has not been proved whether any of these new metrics are better than the 

other, the British CMC equation, which uses lIser-configurable tolerance ellipsoids, i5 

currently being considered as an ISO standard. 

In the context of this thesis, ex.1ct colour diff~J:ences wpJ:e not. critical to operation 

(since CiIlllera noise diRtorts im.1ge quality in any case). Therefore CIELAB, which is 

computationally simpler and more intuitive for spherical feature spaces, was sdected. 

2.:J Clustering 

Discriminative classilkaUon methods generally confonn to either a s-uperoised or un­

supervised approach [101. Supervised mcthod~ require the Rlructure and pattern of 

the presented data to be pre-defined so that the optimum boundaries can be decided. 

On the other hfmd, uIlSupervised methods arc used in order to seck out and discover 

tlle intrinsic patterns for themselves. 

18 
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CHAPTER 2. BACKGROUND 2.3, CLUSTERlNG 

Clustering refers to a set of unsupervised learning a.lgorithms which partition fea­

turised data based on their spatial coherence in the feature space. Clustering meth­

ods are therefore dependent on the separahility of pattern features and the type of 

distance metric being applied. 1';<.'0 main streams of clustering algorithms exist: 

• Partitioning methods 

• Hierarchical methods. 

Partitioning methods such as K-Means [31], Neural Gas [24] and Self-Organising Maps 

(SO Ills) [43[ operate hy dividing the feature space into an optimum set of clusters 

which are represented by a set of prototypes. A limitation with many partitioning 

methods is their dependency on knowing the numher of partitions or pattern gToup!l 

n. 

Hierarchical methods avoid the specification of n hy producing a tree or dendrognun 

for all possible divisions according to some similarity metric. An appropriate level 

of representation can then he specified hy a tennination constraint, thus cutting the 

tree at some level. 

2.3.1 Selt~()rganising .l\laps 

Self-Organising Maps or SOMs, having a particular application in the colour correc­

tion method presented later, are further discussed. It has heen stated that having to 

know the number of divisions n limits the unsupervised nature of partitioning clus­

tering schemes. SOMs have the ability to overcome this limitation, thus making them 

ideal for analysing completely unknown feature spaces. 

A SOM [43], which is essentially a Kohonen Neural Network, is a two-layer network 

where the input layer is interconnected to the outP'lt layer (as with conventional 

neural networks). However, the output layer (competitive layer) is also stmctured to 

fonn a 2-dimensional grid (shown in Figure 2.9). 

19 
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2.3. CLUSTERII.,'G CHAPTER 2. BACKGROUND 

-' .. ,,,, 
Figure 2.9: StructlJIT of a Self-Oryani8in.q Map (SaM). 

During training, each ontput node is moved so as to be closer to an input vector. In 

addition, neighbouring output nodes are also moved towards each other according to 

some neighbourhood func'tion. This has the efled of quantising the input va 'tore, by 

folding the grid of neurons around the presented data. Ewntually the output grid 

becomes an ordered map with similar prototypes close together, thus pres<,n~ng the 

topological structure of the feature space. 

SOMs are therefore able to extract the intrinsic patt.crns of a [eatnre space with their 

only constraint being the specified number of training prototypes, which is normally 

automatically estimated from the size of the feature space. Features of SOMs include 

simple classification (using simple nearest neighbour). dimensionality reduction and 

data compression. In nJdition, hierarchical SOM methods (eg. Growing Hierarchical 

SOl>.1 !8]) have shown potential in clust.cring of multi-scale data. 

20 
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Chapter 3 

Architectural Overview 

Th(~ primary go,,] of Ihe -,ystem is to provide a suitable framework for persoll/object 

matching that can be extended o\-er a Het.work of cameras. Siuce video I'fo<:e&;iu)l, is 

e.xLwmdy H'-'OllfC('·hwlgry. a distributed computing, bottom-up paradigm was dlOsen 

as the basis for thi~ framework. III wraLh of ildw,l pmC('_",illg, Figllrt' .'3.1 ('Il<:;lp~nbtc:" 

the ideal functionaliW of the system. 

PersonlObject 
Detector 

Figure 3.1: "11,01 System 
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3.1. BOTTOM-UP \is TOP-DOW]',' CHAPTER 3. ARCH. OVER\iIE'V 

A canwra providBs input frames to the Person/Object Detector (referred to subse­

quently i1R POD). Previously trained coloor object models are then used in a matching 

process which identifies the location (if any) oftl>e target. in the input frame. 

3.1 Bottom-Up vennls Top-Down 

Like many other systems, recognition algorithms can be approar.hed in either a 

'bottom-up' or "top-down' methodology [40]. Bottom-up systems are data-driven. 

Starting from the input (bottom), subsE>quent data levels are built upwards by fea­

ture extraction until a wvel is reached where the features can be compared to the 

target model (top). 

On t.l>e otl",J: hand, top-down proaesses op<3rate in a concept-driven manl¥'J:. A SE'arch 

over the parameterised target model (top) yiekL~ a predicted viErn' of the target which 

is then compared to the actual input. The example shown in Figure 3.2 illustrates 

these differences. 

The fundamental difference between the two methods is that while bottom-up pro­

cesses build up knowledge from raw data, top-down processes predict lower measure­

ments by assumptions of model coherence. As a rE'Bult, top-down ~1'8t(illlS generally 

express the entire system as a.n optimisation problem of measuring the similarity be­

tween a predicted view (based all model parameters) and an observation. This pro­

vides a good representation of the abstraction process, howewJ: becomes inefficient 

when ooarching a high dimensional parameter SPae(! (common in person/object track­

ing applications) [61. Consequently, top-do.m procedures usually require a wealt.h of 

prior information (eg. previous oboorvations, kinematic constraints and camera pose 

infO!:"mation) in order to make the parameter search tractable_ 

Since the POD ~1'stem is aimed at. a fast absolute (no prior information) classification, 

a the bottom-up, modularised design was sekct.ed. 
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CH.4.pn:H 3. I1HClI.OH:HVIFIV 

BOTTOM-UP 

I 
o o. 

" .~ 0' 0 0 . '. 
• : . CI ... lfic 

[ _ 0 ' - ,~" ' , vo''',", : vo"" .. 1 

-.""""''/ .""""'--' 
I Trlangll 

/\ 
M~I 

!-~ 

" I ... 

3.2. Pln-'srel!. L.IYOUT 

TOP-DOWN 

Modol 

ParI meter 
Search 

Similarity 
M .. :rur. 

Opllmum 
Match 

Figure 3.2: Example of Hottorn-lip 1'8 'ff>p-iJO(lm "1J.,·tcrr~'. 

3.2 Physical Layout 

TIlt' nodffi in the di~trihut.r,,1 frarnMHJrk, ~hown in Figme 3.3, have been JefineJ by 

three primary fUllctiolL~: PruccR'ing; Sturage; andlllanagemen\.. \Vhile the Jiagram 

depict~ that each node be allocat.ed itb mYlL mmpllLcr, Lhe framework i~ intended to be 

flexible so ,hat multiplt' node prOC<3..'O;ffi call he eeoILornie".Ily rllIl un a Hingle machine. 

Katurally. ,his only applit'S if real-time uperal.iolL i8 not a requiremenl (i. e. off-line 

analysis). 

Each processing nodt' haILdl~ OILt' to two ("mH-'.r".~. TIH'V are re><ponsible for segmen­

tation, feature extraction, mat.chillg "m1 mudel lll"late~. High-level da'a. produced 

by the pfoces~ing nodeb. ib th"lL ~ym:hnmi~ed with a ~Lorage node which provides 

global con~i'*t'ncy ht'tWt'elL all 1""k8. 

In terms of t.llt' Clit'nt/Servel lIH"kl, pn",,,,,,ing node:< ",cL M hidden servers which 
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c3.c3~lC)ACTCA~"cLc()c"c'c';c/OcDcLC<L~ ______ Cc.lcLc'cPcTEll,). .;iRCH. (W"RV-rF:\V 

F ... WhI¥lcloo 

./ C'p"''''' In .. rtooo ',,­

..-' // 
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. 

I "'."'go ..... 1 

• s,o<h-'~ ". ," "",,,,n 
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B 
MOIlilgO""'''' 

0' ,nl-on" "' .-; .... ··"' • 
· _",~,GU 

Figurt' :;':1: Dis/riouled Fr"mework. 

twIVe iuformation to a central poiut (i.e. storage Hode), Clients access the high­

levd jBWgt' inforlILat.ion from t.h(' ~l,onlge llG<ir' l,hollgh ,1 mallugemeut console. Direct 

cOTLned,i()TL~ bet."-eeIl the mam'geJtwIlt. com;oi,., ,me.! procl't;sing nocies ,1m ,1IN, pOHsilJlt, 

shoilid a Jive video stream be required Idelllly op<>Tlltors would nJaiIli y acce:'X' t.he high­

levd dat.a "l,n'[I.jn~ [rom th" "l,ol'[l.ge IlOCk, thllS minimising the lwtwork trauslTlission 

load. 

Thi" frru.!wwork th("doH' ailow" ,1lHodnLJ.lis(,i pn)(''''SHing; appl'O,l<:h whilt, pn,,(,yymg 

oJheH'nc~ betw",," tbe mult.iple dat.". ~l,l'ea1T1S_ 

3.3 Data Flow Model 

The processing nodes discussed in the previolls section encapsulate the entire fllnc­

tionalit.y oft.be POD ~,""te1Tl_ The syskm comprises several pre-processing steps which 
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CIL4P1'ER.). ARCH. O~TRnr.:H- .) .. '1. DATIl FLOW!.IODEL 

feed into t.hc mat.dliHg ami t.railLillg p[{X;c'&;el;. A loclIl object mooel repository pro­

vides the stored features of current targets whic!J are llwd durilLg nmtchiHg Fig11Te 

:1.4 depids t.hese operat.ional Mages for a l;illgk l'roceb~iug uodc. 

Pre--;nco''''g 

CoIOlir 
C<>r,. ,lion 

Colour 
SegIMnlatlon 

Motion , 
Si gmenlolion 

I , . 
, Input V\do,~ 

~oIching 

Adopt.tlon 

'-0 
I 

locol ..! _. 
RlI'ository 

, 

~, 

, , 
O~" 

, 

OBJ ~oI'h 
LIk.lihol>d 

Im og .. 

SynctTonl,.lIon 
10 SI',,"go Nod. 

Figure 3.1; Proccssinq Node Data Flow Diagram. 

The fir~t btage ib the digital acquisition of video from a camera. The image is equalised 

a!.ld filtered for noi~ u~illg hiMogram allalysis and median filtering respectively. 

Following I.hi~, three pre-processing step~ lire u~d to exnad colour featureil: :\-1ol.ion 

&gmcJLI.at.ion; Colour Segmentation; and Colour CorrectioH III order for t.hc match­

iug pro{'j)~S to be as fast and effective lI~ po~ible, it ~hould he preilcHted wit.h a~ 

little irrelevant data as possible. Thib allowb the ~;ellbitivity threshold 1.0 lw ilLCieas<;d 

without resulting in excess false pu~itive matcheb. Sellrchillg le~ uf thc image rclatCb 

direct.ly to a faster mllt.ching pTOCeb~ 

"'lotion segmentation is ll~Eld to SElpllratc' lIctivc pooplc r",d objects from the ~tatic 

background thu~ reducing the clutter by a bigllitkaut ,UIlUUHt Colour s<;gmcutatirJH 
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3.3. DATA FLOW MODEL CHAPTER 3. ARCH. OVERVIEW 

then groups similar pixel regions, together thus producing a compressed representa.­

tion of the motion segmentation. This a.llows concise models to be constructed and 

greatly reduces the computational cost of matching. 

\Vhen viewing an object with different canlf'xas, it is tmlikely that it will appear 

identicaL Factors such as camera gain, shutter speed and gamma correction can 

contribute to large variances in image formation. Additionally. since each camera 

willmOBt likely be positioned differ(,Jltiy (probably in different rooms), environmental 

lighting conditions will also cause inconsistency between views. Since the system must 

be able to compare a person or object's colour between views, a method of ca.librating 

all cameras to a common colour subspace is necessary. Towards this end, the colour 

correction stage uses trained s>lmples of a camera's response to a rang<' of colours in 

order to calculate an appropriate adjustment. 

The features produced by the pre-processing stages arc repr('-Sented by a cluster of 

colour centres. They are then applied to the core of the system. Initially, since the 

object model repository will be empty, the training st.age will t1~e the features of a 

specific targ<'t to discover the bf'-st representation for that target. This trained feature 

set is then added to the object model repository. 

Once trained object models arc available, the matching procc:s~ if activated and pro­

Juc~'S a likdihood r!'EpOllS<; to the cxibi-<;nce of ~ach target list,,j in th"local n'pository. 

Close matches are processed through an adaptation stage and used to incrementa.lly 

update the stored models. This allows the b)'stem to track gra.Jnal drifts caused by 

lighting artifacts. Infonnation about each matched target is compiled into a running 

profile and stored. Finally, the likelihood outputs can be combined, &Ild together 

with the input imUg<' produce a labelled image of the position of any visible targf'ts, 

The next four chapters provide a brenk-down of each processing stage. 
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CHAPTER 4. SEGMENTATION 

Therefore a simple adaptive background subtraction algorithm was used. 

4 .1.1 Background Suutradion 

Essentially, backgroWld subtraction operates by taking a frame BG containing only 

the static background, and subtracting a consecutive frame P from it. Any pixel 

difference which deviates mOre than a set threshold Tdiff is considered foreground 

(shown in Equation 4.1). In this "ray a foreground mask AI can be obtained: 

(4.1) 

In reality, thresholding all pixels in the image by the same amount does not provide 

reliable results, as demonstrated in Figure 4.1. 

Figure 4.1: Segmentation tu;ing thresholded background subtraction. 

Factors such as light distribution and colour differences can cause inconsistencies 

in the comparison between foreground and bad;:ground pixels. Additionally, it is 

unlikely that the background will remain entirely static due to persons interacting 

with furniture and objects. Also, shadows cast by foregroWld objects may cause 

background to be regarded as foreground. Therefore, realising a segmentor that can 

cope with such problems led to two useful strategies: 
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Chapter 4 

Segmentation 

Scg:rTlc,Mrlic", is l.he pf(wes., of ('xLmding rdevanL in[ormil.Lioll from an input data 

stream for a specific application. In vi~ual \.raeking, :;egrTIentiltiOlL "ormally r<'ic',", 10 

automatically separating a desired object or perWll from a background :;cene. While 

ideally the segmented foreground image should wnt.a.iTl all the l'ixeb reb-illL\. 10 ils 

tlngeL, in realiL)' Lhis enlily is eXl.remely difficult to define. 

In the POD system, segmentation is a pre-pwc'eiSing step thu~ r"'luirilLg it \.0 be 

opl.imisecl [or ~I)(HI. A simple i.IVO-prut sq:~melltaLioll scheme is used for redueing 

clutter and extracting: wlour featme~ frOltl object,,_ Fir~Uy, motion segnwnw.l"m by 

way of background subtraction removes target candidates from the static ba.ckgrOLHld 

scene, Th,' nexL ~kl' i m'olv(s a ",,1m,,' 8cgmcnW.lion pro('{:;;s w hereby re~ions of similar 

colour in t.he foreground are grouped t.ogether and repre"E'nt.ed by i' du~kr of coimu 

centres. This reduces the load on the training and matching stages, and pW"ides " 

cmL{'i~, obj"d descripLion ~y~kJtl ci'pi,bl,' of h{,ing synchronised over a network. 

4.1 Mot.ion Segmentation 

Owin~ t.o t.il<' [ild Lhal mOG,'llraining [o{'uses only on ~ i~nific;ull.ly ia.r:ge and consis­

tent colour regions of Lhe foreground object, exact segmentation WM not a priority, 
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CHAPTER 4, SEGMENTATION 4,j, MOTION SEGMENTATION 

L Adapt.ive Pixel Modelling 

2. Shadow Removal, 

4.1.2 Adaptive Pixel 110delling 

An alternative to using a global threshold for the subtraction is to assume that each 

pixel deviates acoording to its own model, and thus to threshold each pixel in the 

context. of its model [41]. For simplicity and speed, a unimodal normal dist.ribution 

was used here. 

If each pixel is assumed to vary 'with a normal distribution over time, then it CaJl 

be represented by a mean /« " v) and a variance "'f~.~) (a.ssuming a single channel, 

grayscale image). A background model BG can t.hen be adaptively updated from 

consecutive input frames P Wl suggested by [25]: 

/<BG( •.• I(t+ I) (l-a)/<BG(<,> I(t) + (a)I'P1." l(t+ I) (4.2) 

"'~G(.,)t + 1) - (1 - a)"'~G(.,./t) + (a)D"~(., .y + I), (4.3) 

where (O:OS; a:OS; I) and controls the rate of adaptation. Typically, a high value for a 

is used to initialise the model after which the value is lovrered so that the model does 

not adapt to foreground motion, An a of approximately 0.05 was found to provide a. 

good balance, allowing the syslemlo oope with slow, variations in lighting. Although 

small, repetitive motion of small regions can produce jitter which does not conform 

to the unimodal norlllal distribution [33] (eg. leaves swaying in wind), these areWl are 

usually small and isolated and Can be filtered out by morphological processing. 

Each pixel in the input frame P is then assumed 10 be part of thc foreground mWlk 

M if it meets the oondit.ion: 

(4.4) 

The constant k detcrmines I he threshold and is t.ypically 3 while neCD, representing 

thc camera's internal CCD noise, ensures that 0-2 does not become t.Q() close to ;>;ero. 
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4.1. MOTION SEGMENTATION CIIAPTER 4. SEGMENTATION 

Tlus procedure can then be applied to colour images by simply modelling and adapt­

ing eacll colom channel's mean and variance separately (i.e. /-IFI(~,~J' I-IG(~,JJ' /-I8(~ ,~J 

d ' , ') an (J'R(z,~)' (J'G(~,~), (J'B(z .J) . 

,1.1.:3 Shadow Removal 

The HCcond artifact which can CklUse inaccurate segmentation is the interaction of 

shadows. \\'hen a moving person or object casts a shadow over the baclcgrOlmd 

model, the covered pixels become darker and can exceed the adaptive threshold thus 

callHing them to be iIlcorrectly &;sociated with the foreground. 

Approaches to shadow reductioIl range from approximation Ubing models to adaptive 

thresholding and chromatic amuysis. A popular method is to notice that shadows 

cause a reduction of lightness over the covered region without affecting the chro­

maticity (hue and saturation) [25]. Thtlcfore, cert.ain shadows can be removed by 

moddliIlg the background in chromaticity co-ordinates SUdl as erE xy, rgG, et.c1 

Unfortunately. while in practice thi8 removes shado",'S, discarding the luminance in­

formation can lead to in.,tability [21] since any t.rue foreground areas whose chro­

maticity matches the corresponding backgrouud model will be erroneously c1assilied 

as shadow (eg. a green shirt iIl front of grass). 

A compromise i.o rcached by using first~order gradieIlt information to detect shadows 

with soft edges as proposed by [25]. \Vhcn an object has similar chromaticity to 

its backgrOlUld, its gradient image will differ depending on the textural differences 

between the two. Therefore the foreground is detected by the diffe1'eIltial change of 

either the chromaticity or gradient models. One downfall is that the method is can 

only deal ",ith soft-edged shadO"l''S (which are common). Strong shadow edges (areas 

of large contrast) will produce a large gradient differential aIld thereforc bc incor­

roctly labelled &; foreground. The gradient model, as stipulated by [25], comprises 

of threc gradient means (/-I~r'J.l.o"), (1'"",IJ.w ), (l'rb,I'V» (oIle for cach RGB channel) 

'Colour "pace> arc <Ii"""""",,,,, in Section 2.2.3. 
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and corresponding magnitlld(' Va1'lillWeS r:r;", r:r;", r:r;". Cn,dients are constructed by 

convoh-jng ~"ch im;o.ge ch;o.nnel wit.h the Sobel X and Y operators. Pixd~ m'''' I.!wn 

adapt.ed and thresholded in (,xacl.!y the SillH(' millm(T ;o.s discuss(,.j in t.he previous 

",,,,tion (sr.:; )<;quation~ 4.2 and 4.4). 

In on!"r 1.0 impI"Ove I.!W 1)]'()(':;S8, cm L*a*h* co-ordiml.tl'S are used in place of RGB 

(on account of their better pixel differences). Further, by only c:r"ill.ing gradi,.,nt J[]od­

~Is for the L* (int.ensit.y) ch;o.nnd, th~ nin~ p"rilln(,t.ers (originally six RGB gradient 

means and three variances) are rBtiuced to three, i.e. (!J.d.,/lyL.) imd r:r;L' (gnodi­

~nt mean rl'CJ.uir~s t,,-o pararnet.ers x and y components). Although this reduces 

the ,;en~itivity of the gradient measilie between different mlolll"S, il. p!"Ovides ;0. mlUL­

;o.ge"ble J[]odd th"t c;o.n 0lj('mk dosr, t.o ]"(·iil-t.ime a!ld t.herefore not. hind~r system 

performance. 

4. 1. 4 Implementation 

The combinat.ion of dw mOOdling and sl",.dow ]"('J[]ov;d f()]"J[]~ il robu~t bai;i~ for tlw 

motion segmentoL The final background piwl model is a function of six parame­

CcTS, 1JGx,~(ll".,/l&"llxh,!J."h,r:r:;'h,,(J";r . .J, where co-ordinat.es are described in I.he 

CH~I.AI3 colour SI"1.o, and th~ dm)][]al.icitv varianc,e is c.akulated as the magnitude 

of th~ diIIpn'nc,~ in t.he ,,~-h* plam,. A fowground milsk i~ thus exl.raet(,d from an 

input fram~ \-iil th~ ]>r(lC,"""'" show!l in FiglJl"e 4.2. 

Aft~r converting to CIELAB, x and y first-order Sobel gradie[]t~ are construct.ed. Th~ 

sum of the squared differenc~ between the gradient image-.; and their corresponding 

mod~1 means (/-lxL_, Il~L.) is t.hen cllJcubt.ed ll.[ld compaTed wi t,h t.ll" gradient m;o.gni­

tude variance model (()"~h)' Simibrly, "chnJlll<,ticit,y magnit.ud~ il1laglo' is calculatoo 

and compan'l:i with the chromaticity nl<iance model (O";_v-) An init,i;o.l foreground 

mask is thus const.ructed by combining the t.wo rl'Sult~ 

The inl.ernwdiatory foreground mask now consist,5 of larg~ foreground obje<:t.s and 

man,' small uncertainties. Asswning tlwt t.rue foreground obje<:t.s (eg. people) will 
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4.1. MonON SEGMENTATION 

Input Image • R33-":E.':" 3 
C~r'ArsiA ---_._-

Mollel <:ompa1son 

"cbel 
(r:-:.: 

I 
L' 

I. _ .. _~ OR 

P,d 
processing 

, -

,Jrpocecoec 
;::o-.;g-J-J OC M:ck 

- . 

Hlr~h)I),ivl 

OPF~ ING 

f-r8~ TlreSr)k:n) 
& f-oie Iii " 

HorphJ:J,ica 
CLO::_:JN:: 

; 
--

, 
-

:7HA.PTER 4. SEGMKr<,'TATrQr,' 

I 

- ------

Background 
Model 

~
-

I Grl.dlenl 
: 0'... vuil.nct 

• 

UpJalo 

• 

i 

-,/For 
- -

Figure 4.2: Ml'ti.)tl 3egmelltil/ion flow diagram. 
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CHAPTER 4. SEGMENTATION 4.1. MOTION SEGMENTATION 

occupy a minimum blob (connected component) area, morphological opening is used 

to remove isolated pixel noise. Thi~ i~ followed by a minimum area thresholding 

procedure which also fills in L'lOlated holes inside object masks should they be less 

than a filling area threshold. The urea thresholding process also constructs an up­

date mask used to determine which areas of the image should not be included in 

updating the background model (Le, any probable f<:reground). Once completed, a 

morphological closing ensures that object edges are restored from the original opening 

function. Sinw the small, noisy areas have already been filtered out, only the remain­

ing foreground objects are affected. The end result is a binary foreground mask which 

identifies any significant motion. An example of the result is shown in Figure 4.3. 

Figure 4.3: Adaptive Background Segmentation with .5hadow removal. 

4.1.5 Limitatiou;; 

Background subtraction is limited to use with static, fixed c9.Illeras due to the nature 

of the subtraction (so that the background image stays the &\IIIe). The process also 

requires that the initial model he trained Vvithout any potential foreground objeck; 

- otherwise the hackground model would learn these, 

The fact that the POD system uses the segmentation simply as a load reducing 

filter allows these limitations to be less restrictive. Firstly, moving the camera will 
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4.2. COLOUR SEGMENTATIOI'" CHAPTER 4. SEGMENTA.TION 

simply produce more foreground n,gion~ wbich need to be searched. The initial­

training limitation can also be overoome by adding the matched objeds of a first 

unsegmented frame to the update mAAk, thereby st.opping the init.ial adaptation from 

including these objects in the background model. This obviously implies that the 

object models are known beforeh .. 'Uld and therefore the initial object. modelling process 

must use images from a stat.ic camera, 

4.2 Colour Segmentation 

A lypical 352 x 288 image contains over 100 000 pixels. Since it is desired to train 

model~ relating to di~tinguishable coloured areall of an object, it would make sense 

not to have to process every pixel in order to det.ermine its colour grouping. Therefore 

a batch colour segment.ation method allow~ an efficient quantisation of the foregr01wd 

int.o coloured components, leading to a more ooropressed data repre&>ntat.ion which 

is better suited to higher-level processing. As colour segmentation applies to the 

training of object colour models, the process operat<'\l on the segmented foreground 

mask produced by motion segmentation. 

Region-balled segment.ation ha.s been a pa<ticular interest m Image cont.ent-based 

retrieval databaoos where, a huge mWlber of images must. be searched for feature 

matches. The compilCt nature of segmented images allow~ for more generalised and 

faskr 8ellTching. In contrast to the motion segmentation process, region-based meth­

ods are normally localised to the similarity of regions within a single image. Some 

techniques which are conventionally applied to the problem include: optimised am­

plitude thresholding [31J; recur~ive region gwwing [lL K-Means cl\L~tering [31]; and 

vector field analysis [42]. 

Preliminary compmative testing perfonn"d by [23] to\\"i\l:ds the goal of fa.st, automated 

segmentation ~howed that multiscale processing methods are t.he most appropriate 

when speed optimisation is a requirement. This oonfumed our findings that t.he use 

of pyramid segmentation by way Gaussian pyramid decomposition Wall an efficient 
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CHAPTER 4. SEGMENTATION 4.2. COLOUR SEGMENTATION 

mechanism for the colour segmentation process. 

4.2.1 Pyrmnid segmentation 

Multi,;;cale image processing techniques are hierarchical processes which use multiple 

resolutions of an image to perform analysis. These can be approached as top-down 

(quad-tree decomposition) or bottom-up proc= (image pyramids). In the latter 

methods, image levels are constructed by downsampling the image by a series of filters 

- Gaussiau in thiR CMe - which provides a smoother output. 

The OpenCV library [18] provides a well optimised implementation based on the 

algorithm proposed ill [6]. The input image (iarge:;t) can be thought of as the base of 

the pyramid. Each consecutive level is then built upwards, downsampling by a factor 

of two at each stage, until a specified maximum level is reached (commonly between 

3 and .5). Two thresholds, T, and T~, determine the nature of the segmentatioll, and 

linking is performed in two stages illustrated in Figure 4.4 . 

•.. ~ 

., 

Figure 4.4: Pymmid .~gmentation process. 

1. A link between a pixel P7,r on level L and its candidate father p',.,,~, on level 
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4.2_ COLOUR SEGMENTATION CHAPTER 4. SEGMENTATION 

L + 1 is established if: dist(c(p~ ,v' L), c(P'~'.v" L + 1)) :::: Tl_ 

2. Conn!lCwd components A aoo B are then c\u8tered together if: dist(c(A), c(B)) :::: 

T~. 

The function di~t is the Euclidean distance between local property functions c for each 

pixel. The local property c is the type of measurement associated with a pixel, ,,'hich 

in this case c is simply the intensity of the pixeL Therefore, the distance calcnlated by 

the di~t fnnction is effectively the difference in pixel intensities li(x, 11) - i( x', y') I. For 

colour images, the intensity is calculated by the weighted grayscale approximation: 

liRGB(X, y) - iRGB(X' , y')1 = O.30IiR(X, y) - iR(X', y')1 + (4.5) 

O,59I iG (x,y) - iG(x',y')1 + 
O.llliB(X.Y) - iB(XI,Y')I· 

4.2.2 Implementation 

As previously mentioned, the pyramid segmentation scheme from the Intel OpenCV 

library was used for the system's colonr segmentation. The fact that thi8 method pro­

duces connected components which are not nl)<»,oarily 8patially linked (global clus­

~ring) 100 to a minor poot-processing modification. This involves scanning throngh 

the list of presented regions and splitting unconnected components having the same 

label into a separate region. F\lrther, a lower-bound acea threshold (10 pbl:e18) was set 

in order to 8top noi8y one-- and two-pixel regioILS from being submitted as features. 

Parameter tuning, which is the thrust of [23], was found to be fairly inconsequential. 

Unlike [23], the primary goal was to red1lce the mass of pixel data to a manageable 

nlllnber of classes (approximately 5% of the image pUeI8). Therefore e;.;act parameters 

for maximising the quantisation was not required. In fact, a larger Jist of small regions 

which more accurately describe the original pixel colours is preferred. In general, 

setting Tl = 30 and T~ = 10 provided equitable results. Figure 4.5 shoVvo an example 

output. 
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CHAPTER 4. SEGMENTATION 4.2. COLOUR SEGMENTATION 

Figure 4.5: Example of applying plflUmid segmentation. 

4.2.3 Limitations 

The only inherent limitation of the pyramid segmentation method is its tendency to 

merge unrelated colourb if the thresholds are set too high. Sine(! the POD system 

does not require an optimised minimum set of dusters, fixing the thresholds at the 

previously suggested WIlues ensures that high definition separution is maintained, 

Qne other minor artiffl.Ct involves the size of the input image. Sine(! downsumpling 

requires image dimensions which are divisible by two, the input image must be padded 

so that it can be downscaled a number of times. 
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Chapter 5 

Colour Correction 

One of the primary requirements of a multi-camera colour tracking system is consis­

tency of colour measurements between several cameras. Colour constancy refers to 

the correction of colour deviations caused by a difference ill illumination [47]. Failure 

of the system to provide a correlation between similar colours over the camera network 

would cause colour-based appearance models to become invalid once a person leaves 

the view of allY camera. Figure 5.1 shows an example of two unmatched surveillance 

cameras. 

Figure 5.1: Example 0/ mismatched cameras (Images from VS-PETS 2001) 
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5.1. COLOUR CONSTAl.,'CY CIIAPTE:R 5. COLOUR CORRECTION 

5.1 Colour constancy approaches 

The problem of colour con8tancy has been under scrutiny for some time in the image 

retrieval area, where the classification of images is sometimCll reliant on the similarity 

of colours. The general trend is to find an illumination invariant transform from the 

lL'lual RGB pixel representat.ion, which provides consistent measurements irrespective 

of the illumination direction, surface orientation and intensity. Examples of ouch 

t.ransfOTlllf; include normalised RGB (rg) and HS (Hue-Saturation), which provide 

good colour invariants WIder white light [3]. Hov,,"ever, in a real camera envirol1Illent, 

lighting configuratio.ll.'l will eauoe different C8..Tnera hardware to measure different hues 

(device dependent. colour spaces), thereby invalidating any such in,m-iant. This means 

that. before such information is to be of any usc, t.he dynamic ranges of the contrasting 

images must be normalised. Methods for achieving colour constancy generally fall into 

one of three groups: 

Pby~ie,,1 "\Iorlf'lling: These methods inYOlve formulating an invariant by analytical 

derivation of spectral image formation from its physical processes. Since light.ing 

models arc extremely complex, many assumptions a.nd generali8ations are made 

about. t.he scene in order to isolate the primary processes. An example is the 

work presented by Geuscbrock et al. in [16], which deals with finding a colour 

invariant for scenes in which the illumination colour changes over time. 

Human Vision Modelling: Here processes arc modelled after the human visual 

syst.em, which tries to maximise image dynamics while perceptually normalis.­

ing the scene information. Seyeral illumination adaptive mechanisms, which aIe 

attributed to low-level eye functions, have been explored in image processing. 

One such mechanism is the hypothetical White Patrll reference. This normalises 

the colour channels towards an ideal whit.e point reference. Another mechanism, 

known as Gray World, involves adapting t.he image dynamics 80 that they fall 

within a comparable range. This relates directly to matching image dynamics 

by performing a type of mean-level adjustment. A combina.tion of such mech­

anisms, as in [33] and [.12], has proved viable tOl"ards performing unsupervised 
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CHAPTER 5. COLOUR COIU/ECTlON 5.2. CORRECTlOJ'J USIJ'JG Sm.JS 

colour correction. 

Model Nor malisation: By assuming a generalised lighting model (eg. Lambcrtian 

or Speeular Reflection), the entire illumination process can be broken into a se­

ries of transforms. Unwanted components can therefore be removed (by making 

certain a.ssurnption.s) and thus result in an invariant set of colour co-ordinates. 

While this seems similar to the Physical Modelling methods, the difference lies 

in the assumptions, which use models of human visual responscs and not exact 

physical processes. The$:) methods therefore bridge the previous two groups. 

An example is the work of Finlayson and Xu [121, which uses the log RGB space 

for colour normalisation. They derive pixel colour using a Lambertian lighting 

model and scale the channel means using Gray World normalisation. The bene­

fit of using log RGB space is that prodlicts become Slims and therefore removal 

of components can be achieved by a simple subtraction. :/o.Iost importantly 

though, device gamma (which is a power function) can be cancelled out using 

logs. This is extremely useful when comparing images from different camertlS. 

5.2 Unsupervised colour correction usmg SO}"Is 

In light of the fact that our system is geared towards ncar real-time operation, it 

follows that a [tlSt, robust colour constancy method is needed. Since we are using 

multiple camerM, the method must be insensitive to camera pose and position in 

addition to the usual invariants. The Video-CRill system described in [171, which hM 

similar requirements, proposes the use of a colour calibration target. The basic idea 

is to show the calibration target to each Camera and usc the responses to calculate 

the gamut mapping between the two image systems. 

In a large camera network, hOVi'ever, it is desirable to have a more automated approach 

which does not encumber the users. In allY ca.se, mapping btlSed on a target can 

never be totally accurate unless it takes into account colour or intensity shift.s within 

a single image frame. This would require the calibration target to be evaluated at 
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5.2. CORRECTION USING SOMS CHAPTER 5. COLOUR CORRECTION 

several positions for e~<oh vie"l'.', leading to a lengt.hy calibration procedure. 

Austermcicr et al. [2) have shown a useful m€thod for performing an unsupervised, 

target-based calibration ~cheme for norm~limng illumination changes. Their tests 

showed that a cloud ofRGB pixels (plotted by omitting their spl'ltial image pl~(:emel1t) 

preoerves it.s t.opology when subjected to a change in illumination. Furthermore, if 

the clouds of the original aad refn.\lting images arc each quantiscd by a set of SOM 

prototypesl, pixel colour can 00 corrected by simply tmn.sl.~ting its protot.ype be""=n 

the two maps. SOMs have the useful feature of being able to quantioo data into a set 

of prototypes, while at the ~ame time pr=ving topological relationships between 

neighbouring neurons. 

To clarify, u~ually the main m;age of SOllls is for dimension reduction of feature 

data. However, in thi3 ~pplication it i~ simply used as a 3-D data-fitting mcthod. 

Another common practice is to use a 2-D neuron grid for the SOM. The main reason 

is becau.se its distance matrix (depicting clustering information) is best Illlderstood 

in planar form. Once again, hlnce this scheme is wing the SO:Vl'~ fitting ability, it is 

nCCC'.ssm-y to usc an exact. reprcrent.ation of t.he data, and thus the map is created fII; 

a 3-D lattice. 

A~ an example, conmder the two camera views prcscnted prcviou~ly in Figure 5.l. 

Figure 5.2 shows ~. plot of RGB clouds for each image. As expected, the brighter left­

hand side image (red crosses) has a greater dynamic range, indicated by the larger 

RGB values. 

If the clouds are now quantised into two 3-D SOM~, the original pixel~ can now k 

repref.ented as a reduced set of prototypes (Figure 5.3). The most important factor 

is that e~clI SOM must be identically, linearly initi~liHed before being adapted to ~ 

dat~ cloud. This creates an intrinsic mapping link between corresponding prototypes 

and allows inter-SOM mapping by simply calculating translation vectors for each 

prot.otype. Using this idea - n~mely that neighbourhoods of pixels can be mapped 

to a reference - all that i~ required i3 a set of tr~n.sI.~tion vectors defined for each 

lSO~18 are reviewed in Section 2.3.l and the training procedure;" outlined ill Appendix A. 
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CHAPTER 5_, C_'O_LOU"R~(":OcROR",E,C"Tc/Oc'C"_--",'j",2C' _c,"O"n,n"EOC~'I"'I"Oc:'CI,iSC'IC:'O(C: ,SO,";/",S 

, 

..... 

Figure ,5.2: R G n dOlllJ.. f01' images in Figure [j, 1, Red crosses and blue circlesrepre­
sent the original hft- aHd right-Iwnd .-ide 'm"ye,. ''e.-ped,a/v, 

•• 

Fil.,'llre 5.3: 80M prvtotyp';s 1M r-ach RGR cio/ul ,.IIO'!),,, ;H Fiylln; 5.2. R"d t,'ilmgln 
and blu.e d":I,,s n;pn;s"nt til(' n-d (1'0,',' Imd Nile ';'Ide dl~."e,. Jmm Figure 5.2, Blad.; 
lino show thl< tnmslation l'f'ctOf'" bd1l.J(;r;n weI. m"p, 
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5.2. CORRECTION USING SOMS CHAPTER 5. COLOUR CORRECTJU:-" 

neighbourhood. These fife indicated hy the black connecting lines in Figure 5.3. 

As seen in the above figure, the SaM not only oompresses the data representation, but 

also provides the translational relationships between pixel neighbourhoods between 

images. Therefore, once the pixels in the darker image (blue class) are translated by 

the 50"1 vectO£s (black lines), image balance is improved. The result of oorrecting 

the second image with respect to the first image is shown in Figure 5.4. Owing to the 

qUfUltis<1tion process the output image la<::ks srnouthne&l. However, if the CIELAB 

co-ordinates of similar surfaoos are oompared between the unmatched views (eg. the 

grass and road areas), it is found that colours in the corrected image are on average 

two times closer than the uncorrected image (using CIELAB distances). 

Figure 5A: Images before and after SaM procu.ling (top and i,ottom roW.1 ITllpectivdyj 
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CHAPTER 5, COLOUR CORRECTIQl.l 

, 3 o. Implementaj,ioll 

,.oj,,'i. lAIPLEME1VTATlON 

The colour correction process in the syswm flow diagram in Figure 3.4 (Chapter 3) 

is shown to follow the colour segmentation stage, This is because correcting fewer 

pixels is faster, and because only the segmented targets need to be corrected in order 

for model colour matching to succeed_ Training of the colour correction mappings, 

however, operates directly on the input images. 

There are some problems with the SOM method proposed by [2]. Firstly, they rec­

ommend trainiug the image pixels using a 25 x 25 x 25 SOM grid. 501>1 training time 

tends to follow an exponential trend as the map size increases. Additionally, the size 

of the set of input data also contributes to the number of training steps and amount 

of memory required. 

Since it was not tractable to follow the suggested parameters, it was decided to pre­

quantise the pixel data into similar classes in order to reduce the amount of data 

being presented to the 5011. The natural choice was to use the existing pyramid 

segmentation? scheme which retains the major colour groups, \Vhile this reduced the 

computation significantly, memory resources stili restricted the map size to a level 

that could not adequately represent the data. 

The second modification was therefore to split the input data into several batches and 

to train a small SOM (5x5x 5) for each batch. Once complete, all the SOM prototypes 

could be recombined and used per lK>rmaL For the splitting process to work, it Wag 

important to retain coherence between each image's prototypes so that the S011's 

topological information would remain intact. Thus, in place of training a SOM for 

each image part, a single SOM was trained to the first input and then adapted to 

the second. Finally, it was found that using CIELAB co-ordinates in place of RGB 

provided better results, since CIELAB space produces a smaller distance error'l when 

quantising colour values_ 

'[)el-llilll given in Section 4,2, 
'lmrinsically, colour perC' plion in CIELAB i. 5Ilpposod to he di"",tly proportional to Euclidean 

distance, 
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5.3. B,fPLE,1,JENTATION CJLiPTER S. COL·OUR CORRECTJON 

TIl(' type o[ eorn,,;tion \\.'arranted by the POD system generally mluiws tlmt t.ll(' 

general ill1ag" t.[('",l~ I", t.he Simw [or a comparison. In order to provide a· smoother 

overall response for c()rrEl(,ti()n, a linear least square>'< lit o[ the i lLPllt-Oll tput prot.otyp" 

map IS w;ol il~ a pos1-proce.'l.,ing skI'. The colour correction coefficients are calculated 

in the ReB space resultilLg in a fast mapping betweell ~aJllera Vle\ys. f,quation 5.1 

shov.·s the correction from pixel n, G, B to Jt, G', B': 

~ ,~ 0 0 xf! 

" 
n 

r,' 0 ;"c 0 "·1; C 

B' TG n 
(,~. 1) 

(J (J '''H " 
1 0 (J 0 1 1 

Th,' r"~lllt of the lin,,1 implt'tIlentatiolL is Sh(m'll in Figure .ito using the same images 

from the previ()us example. The smoother resp:llls€ in the corrected imilge ih ,'vid{~lt 

and the perceptual coloW' difference be1w{\eJI th,' Ulltlwi",h"l vi{Wh (ll~ing CIELAE 

dist.mwes) is llOW m""rly three times doser for the ~OlTected image. 

Figure .~.~; Camc'm 'mCw Wm[Hlri.;'fln IljtfT" jinuirlfVCe.;'sing 'lL~th pol:~nomjal smoothi-n,q. 
SrcOmd. imll,qe hu.\' oan modified to match first -image 
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Chapter 6 

Object Modelling and Training 

~t'I' ''' _ ___ • TRAINING L.._. crtmU In C""", 
Cok:u F~O{Uf" ' I IL ______ ~r • F""tu,e Sl.tloet 

At first., it. wao hOp€d t.hat a full unsupervi&ed training method "'(mid be achievable by 

the ,ulilly~i~ Rnd filteriIlg ()f tht, sf,gnwntrd images. Tht, origilllli Hlca wilS to ddf'Uni Ilc 

the presence of a single person or objec from the segmented mask by observing the 

teIl(\fon(;ies of ('ertain 'XJi()LlCS to mOve together On ;,,.,,r;lb"", 

rltimateiy, it wa.s decided that this process could becit be implemented in the futme, 

after a oolid makhing proce.ss (the primary object ive of the thl'sisJ wa,o established. 

Thi~ resulted ill II semi-supervised training proces.s which S€1!~determines the "]l€cit' 

colour features corresponding to a target, given the &et of features from several image.,; 

or that target. 

6.1 Design Aspects 

What makes an object visually dicit. ingu ici llable from it.~ backgTound? CorHl!lOnly, t.hi;; 

tends to be a combination of: geometric ~hape and ~ize; texture and colour: and prior 

knowledge about it s environroontallikelihood, (for in~tanCB, treeo tend to be oituated 
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Chapter 7 

Matching and Classification 

Feanxised ~llt • __ + 
Frame • MATCHING • 

[i] 
i LI'~~o-j c( 
i eoch object 
i mo-j .. 

The ('elltwl fundi,,,,,,i core of the POD ~yi;teIll rCi;idc~ wit.hin t.he "'''telLiILg process. 

It is reo;ponsible for optimally extracting areas within an input image corresp<Jnding 

1.0 each model in the repository. Since the entire sysl rm performance depends OIL 

it,~ cfficicll('y, t.he 11l1lt.\'hing pro<:e~ Cll.llllOL involve an rxhau~tivc "('1\[('h of all modd~ 

over 'lll combillll.tiollS throllghout. t.Iw cnt.ire im"gc. Ralher, rdewllli modd~ lL(vd 1.0 

be idrlltifird e,uly ,1"d IHlrdatcd area<; ml1~t hI' di~a.r:dcd &<; won &; pos~ibk'_ In thi~ 

W;ty, mkl.t<:hillg foliow"" jlr{)('(",-, of elimillll.tiOlL uILtil "good <:()rILpklri1;(lll <:iln t", m«de 

In order to aid undershmding, this ch"pter illustrates the matching process by means 

01' [l, cartoon example. Cartoon charact"rs, having well defined colour profiles, are 

relatively simpl\' to nwtch and allow for" more intuitive' understanding of the overall 

process, The ,.'xllmple compris"s a singk fntme from" Sout.h PBJ:ki cartoon in which 

the chan~t<T CIlJ:tm;llL, shown in Figure,' 7 1, is nw.tched 

TI:aining a colour model for the character results in seven colour centres. A more 

1 All South Park mater;&! is oopyright bv Com",i), CentraL 
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71_ OVERVIEW CHAPTER 7. MATCHDVG 

Figure 7.1: Matching taryet: Gartman chamder from South Park cartoon. 

detailed account of the training for this sequence is discussed later in Section 8.2, 

which deals with parameter tuning. 

7.1 O-vcn/icw 

I\latching is divided into ~everal ~tagell_ EAl£h stage targets a specific interpretation 

of the presented data which, when combined, produces a classification likelihood of 

an image region for a particular object model. 

The proces~ begin~ by perfonniag colour matching on the set of input featuruB F 

produced by pyramid segmentation. This basically assign~ each feature to the nearest 

model centres~ in the repository C (an HI x 3 matrix). For the cartoon example, 

there is only one target object, so C is a (7 x 3) matrix. The result is a list of active 

model centres X and their ceutroids in image co--ordinates. Since it i~ likely that 

certain colours will match a variety of dilIerent objects, an object model confidence 

is constructed based on: 

• Quality of the colour match 

• Variety of model features matched 

• Spatial density and size of the features in image space 

'This is a Olle",,"wany rdation ' ;))(X) ",,"(oral object mood, migh~ cIalm ~o ma\ch a 'inglc feature_ 
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CHAPTER 7. AJATCHING 1.2. COLOUR MATCHL'VG 

• Consistence of area proportionality. 

Simply put, an object is likely to be found in a spatial cluster in which the colour 

match and the variety of centres is a maximum. Furthermure, the proportional arCM 

of the features in the ciw;ter must be comparable to the object model's ratios. If 

several of these measures agree, a peak in the likelihoud will appear for a certain 

mmge regIOn. If the overall cunfidencc exc()C(is a lower threshold, the object is marked 

M found. 

7.2 Colour l\latching 

As "'ith the training procedure, culour matching is done using the CIELAB distances 

between the extracted features F and object model centres C. Equation 7.1 defines 

the Euclidean distance for two feature<; (as in Equation 6.2). X is then defined as 

the matchcd subset of features, which are Ie&; than k""'tclt"match Euclideau units from 

any of the 171 model centres in C: 

Colour matching is thug effectively a nearest neighbour classification. 

7.3 COilfidence Ivleasurcmcnt 

&timation of the confidence measurements across a 2-D image plmc requires eval­

uation of the contribution of each matched feature for eacll mea.surcment of every 

object class. The fact that each object feature is only represented by a central pixel 

dictates that a sliding window operation is neorled. Unfortunawly this would result 

in an exceptionally high computational cumplexity sincc the convolution would need 
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7.3. CU;,,'FlVE~VCE MEASUREMENT CHAPTER 7. MATCHI2"[G 

to be repeated for encll objrx:t dMS [39], While thi~ pto,,'CSS OIIl be imprO\ul using 

FFT fMt convolution, the computntionnl time is still proportionfll to the number of 

meMurements and classes. 

Thcrefore n less precise (yet efficient) idea is to p€rfOl"m measurcmcnt using a I-D 

scanning algorithm which can be executed separatdy acroos the imagc's x nnd y 

directions, There is a possibility tlmt n better fl.pproncll might be to evaluate image 

quadrants [44[ and usc f(lst integral imnge <::onvolution with OOxlets [38]. However, 

8Cpflmtc d<lhS prc><:;eming would still be required and so this alternative is left for 

future exploration. 

Scanning procccdR by dividing the image into several evenly spaced, vertical and hori­

I<ontr,l strips (IS shown in Figure 7.2(a), The matched features X, falling within n strip 

di then contribute to some prop!".rty mCflSlltf'.mcnt z(di ) for eneh object model. When 

the measuremf'nts of all strips are concatenated, the results are two l-dimensional 

likelihood signals (z~, z» spanning the width W'm and height him of the image rcspec­

ti,·ely. &"lch signal is then filtered with a Gaussian kernel to !illlooth the disparity 

between the divisors (Parzf'n's mcthod), Finnlly, the mfl.trix multiplication of each 

object model's z~ and ltv vcctor~ produces a 2-D likeli1K>od map Lr for that object. 

This method allows the oonfidencc measur(,IDents to be tnilored to specific areM 

for each image dimf'.nsion. Fbr inRtance, the proportionality measure holds little 

significance for pCIson models in the horizontal direction since clothing divisions tend 

to appcfII verticru. As eacll measurement vector is one dimcnsionru. multiplc objeet 

models can be measured and stored in separate columns simultmlCously. The result is 

an array of multi-model confidf'.nw mC(lsures crellted by a one-pass scan of the input 

llllagC. 

The follo"'ing ~ubsections descrihe each componf'.llt mcasurement and show examples 

(Figure 7.4) calculated for the horhontru divisiOlIR of Figure 7.2(80). In order for the 

mf'.HSlltements to be combined equally, each measurem(,J,t is configured to fit the range 

of (0, 1) where 1 is the best match. The image in figure 7.2(a) is thcrdore uscd <lS fl. 

basis for the working eX(llllple in the next several s.ections. 
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CHAPTER 7. MATCHiNG 7.3. CONFIDENCE MEASUREMENT 
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Figure 7_2: Creation of the likelihood map. Image (a) shows the image divi.'lions; 
Gmphs (b) and (c) show the J-D measurement signals in the y and x directions re­
spectively; and image (d) shows the likelihood map for the trained charucter. 

7.3.1 Likelihood :\1ap 

The 2-D likelihood map Lr for each object r is generated by the matrix multiplication 

of the smoothed3, overall confidence measurements ~~ and ~ . (Equation 7_5). These 

measnrement vectors are constrncted by the scalar mult iplication of four measurement 

'Smoothin!:; is achieved usin!:; a P""en window_ 



Univ
ers

ity
 of

  C
ap

e T
ow

n

7.3. CONFIDENCE MEASUREMENT CHAPTER 7. MATCHING 

comjxments: 

(7.3) 

(7.'1) 

(7.5) 

where Zo is a scaling factor and zc, Z," Za, zp are the measurement components relating 

to quality, variuty, urua and proportionality respectively. In addition each component 

is the ooncatenawd vector of the measurements for all divisions. For instance, if there 

are i divisions, z'" would consist of: 

Subsequently, L would then be an (i x i) map, similar to the example III Figure 

7.2(d)4. Figure 7.4 shows the oomponent meflSuremunts us well as the smoothed 

overall confidence z~ for the trained character. 

Katurfllly, the number of divi~ion8 i doe8 not have to he the same for eacll direction. 

In wt, for person tracking it can sometimes be better to allocate larger division 

spaces in the y direction since people are more rectangular. Note, however, that 

the actual division 8ize in pixels is depend<mt, on the size of the image dimension. 

Since most images are not square, this means that allocating the same number of 

divisions for each image dimension will not necessarily re~ult in ~quare likelihood 

regions- Generally, retaining the aspect ratio of the image is desirable, 00 using equal 

divil>iOll8 for each dimension can be useful. 

- 3 ., I. '''- Qualit.y of colour mat.ch 

The first meflSurement component quantities the quality of the average colour match 

:;,(<1;) between (n x 3) feature subset X' (the matchlld features falling within d,) and 

4The likelihood map in t.he figuro hM 1:>wn resized to l:>e cOMistent with the iIlla¥€ c<>-ordinates. 
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7.3 CO,\'}'JDE!,'CE MEASUREl'vlENT CHAPTER. 7. MATCHING 

Figure 7.3: Variety of object centres across the horizontal image dimension. Object 
model colours are ~hown for positive matches of each centre. 

model centrcs). A high variety will be detected whcre mo;t of the object centreos 

overlap for a particular x value. Clearly, the white elass is not a good descriptor 

in this case sine(' it is detected t hroughout the image. Figure 7.4(b) shows the full 

summed horiwntal variety measure zoo ' In the example, the maximum variety occurs 

approximately ~; = 100 which is seen in Figure 7.3 where the most centres have been 

matched. 

7.3.4 Area Distribution 

The distribution of feature areas can also hold vital information about the where­

abwt.~ of an object. Once again, X' is the n feature sub~t of X fall ing within d" 

and the area distribution z~(d,) is: 

1 " 
z..(r4) =:::r-L flIea(X~), 

m"'" ; _ 1 
(7.10) 

where A","~ is the ma.ximum feature area throughout the image. This mClISuremcnt 

serves to identify the division that holds the greatest area of matched pixels. The 

example plot in Figure 7.4(e) shoVi'S that the area distribution measure performs 

poorly as a descriptor for the object model. This is due to the vast repetition of 
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CHAPTER S. RESULTS S.l. PERFOR..UANCE EI/ALUATJOIIl 

results of 3-D tracking methods. The wei"htin"s (w" W2. lL~l, W4) assi"noo for the PC 

nlt.ilLg~ ill t,he results me [0.:;, 0.3, O.:l, O. (, 

8.1.3 Ground truth 

P"rfonrmncc cWlI,mtiOlL of visim, system ih l;lrgdy d('pcnd""t 0" thc ;lvaibbility of 

"rollnd truth data, ).Iaturally, sin~e real-time video has a data rate of betwe€n 23 and 

30 fnlm,,, pcr '''Gond, Grc;lti"g gro,md trut,h ih cxGcedi"gly tim" CO"SI1IH;"g. Mdho<is 

for obtaining "round truth rang(' from using semi-automated t::>ols [9J westimation 

(eg. silhOl1ctte fit,tin" [:mj) and usc of cOll8istcncy measurcmcnts [lli. 

Fmt,nmltdy, sinc" thc >lC'1UC"CCh used for cvaluation arc "ot excC%ivcly long, m,,,m;ll 

ground truth l could be generated for ea~h frame. Figure 8,1 shows a few example 

fnu"('h wh"r" ,,,lc), pcrhOll's gro,md tl'llt,h has bccn mm'ked, The ;leGUnlGy of til(' 

ground truth is not critical sin~e the performance measurements only compare the 

bonlLding boxes, 

Fi"ufe IU: Examples of manually ,qenemted ,qround truth, 

1 Coml",,), of Markw Louw. 
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8.2. THAJNING PARAMETERS CHAPTER 8. RESULTS 

8.2 Training Parameters 

Before we can asccrtain thc pcrformance of the matching process, it is imperativc that 

thc consistency of the trained object modcls hc vcrifioJ. This i~ a difficult ta.~k since 

the results of the modclling procedure are only fully evident after matching is p€r­

fonned. In terms of the selection of colour groupings for fill object, training prOgresBe8 

in an unsupervised manner. Therefore in order to quantify the consistency b-etwccn 

a trained model and its actnal object, test objects exhibiting low pixel variance with 

a finite nllmbcr of colour c\&ses were needed. This ICfid to thc idca of using cartoon 

character~ whrme visual profiles remain nearly constant and allow a human user to 

more accurately cstimate the optimum number of colour classes. 

Figure 8.2 shows the images of fOllr characters from the South Park2 cartoon. The 

parameters whi<cll control the training are: 

(l"'r~;": The radius of influence for a particular colour class. 

k,,,,,,,: The number of standard dw.,.iatiolls within whiclJ. a colour mlJ.'.I. fall 1.0 Iw 

con8idered part of that class. 

nktra;n: The minimum distance required between a prospective dass and the current 

set of cl~s:; centres. 

all," .. h: The minimum proportional area a proopective class must havc hefore it i~ 

accepted. 

From the images, the number of ideal oolour classes call he estimated at; being: 5; 5; 6; 

filld 4, for each character from left to right and ignol"ing \"."ry small regions. The value 

of nktr"'n simply specifies how dk;tinct each colour class will he. Generally marginal 

overlapping i~ desired 50 that no area.;; are nnintention.a.lly excluded. Thereforc nk,"o", 

is set to be 2kt"~in, which i~ the closest distance two centres can be without excess 

interference. 

'All South P~Tk rootcrial its copyrighl by Comedy Central. 
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CHAPTER 8. RESULTS 8.2. TRAINING PARAMETERS 

Figure 8.2: Test characters for training; Stan, Kyle, Cartman, and Kenny (from left 
to right). 

i:'i.2.1 Rough Tuning 

The first step is to analyse the result of changing (J,r~in and k"'~in. Figure 8.3 shows 

four graphs of varying sigma, for each value of k.r~;n from 1 to 4. 

Since a Gaussian curve is practically zero after 0",,.,,;,, = 4, there is little to be gained 

from exploring higher valU<:Js of klra;n . Each graph shows the number of detected 

colour classes for each character (left to right order) for O"'rain from 1 to 15. 

From the figure it is seen that the number of classes converges to the ideal range (be­

tween 4 and 6) as 0"'r~1n increases. Furthermore, kt,."j~ affects the rate of convergence 

for the range of sigma presented. Convergence is guaranteed due to the distance 

threshold nkrr~j" which ensures that classes cannot split into small fragments. 

8.2.2 Fine Tunillg 

The next step is to fine tune the parameters by monitoring the quantisation error of 

the trained colour classes to actual image pixels over the cOll\'erged range. This will 

ensure that the number of colour classes corresponds to reasonable representations of 

the image data. The quantisation error is calculated by the mean CIELAB difference 

between the input image and the image where each pixel has boon assigned its trained 

colour class. Figure 8.4 shows the quantisation error surface generated 

The general trend is that O"/Tain and ktrain are directly proportional to the quantisation 
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CHAPTER 8. RESULTS 8.2. TRAIl'iING PARAMETERS 

error. /lHnimisation of the quantisation error ensures the best object model approxi­

mation. This occurs at O'tr.", = 9 and k = 1. The surface also shows some anomalip.s 

where the quantisation seems low for high values of O"mi" and k'rain. Thp.se artifacts 

are created because tbe quantisation is an average over the four trained object mod­

els. Some of the characters are dominated by a single colour and since the training 

procedure prOCP.ssp.s regions in order of area (largest to smallest), the trained model 

captures the majority of the object with just one colour class. This results in a lower 

quantisation Piror, thpieby affoctillg tbe mean value. 

8.2.3 Detail scnsitivit:y 

The final tuning step is to set the area threshold Uthmh. This is specified as a factor 

of the mean region area. For instance, a value of Uthu.o = 1 means that a new class 

is only added if it is bigger or equal to tbe average region area in the object. A small 

value for a'h ... h will spawn an incre&e in the number of colour cl8.SS()s since smaller, 

insignificant regions will be included. Conversely, Uth". h values greater than one will 

reduce the number of colour classos. This parameter therPlore tunes the s()Usitivity of 

the training process to regional pixel noise. Effectively this meMS that the parameter 

must be tuned to the type of video data being used, since pixel variance will vary 

depending on the camera hardware, lighting conditions, and average object size. 

Figure 8.5 shows a plot of Uthr .. h versus the average number of colour classes detected. 

Care must be taken when selocting tl(or .. h in order to ensure that the number of classes 

is realistic. In general au"",",, = 1.5 providp.s a safe estimate. However, for the cartoon 

characters all,r..-" = 2.5 results in the average number of classes matching the ideal 

case, and in fact each object is divided perfectly resulting in 5, 5, 6 and 4 colour 

classes for each character respectively. 

The resulting trained colour classos for each character are shown in Figure 8.6. Per­

ceptually, the colour groupings make senSI) comparccl with the example images shown 

in Figure 8.2. 
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Fi)';ure 8.5: l'unin,q uf arm th,uho/d r1 va/"" ()f a",,,,I, = 2.5 pmvidf.'.' 0. rms()nnhll, 
e;tmwte to the ide"z t"a.l.ue for' the cnrtoon Ch(lmcters 

Figure 8.6: Resultin!J trained colour dassel. jor roch character. 
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CHAPTER 8. RESULTS s.:!. MATCHING PARAMETERS 

8.3 \Jatching" Pararllctcrs 

In contrast to the traiuing step, the matchiug parameters are far more sensitive to the 

type of video environmmt. This stems from the differences in image quality between 

various eamera/ca.vture hardware as well as the camera pose and lighting settings. 

The matching controls have been divided into three groups: 

• Colour matching parameters 

• Object matching parameters 

• Switches. 

Although the exact parameter selection does vary slightly for different scenarios, the 

selection method is very basic. Therefore in order facilitate explana.tion, the familiar 

cartoon example has been extended to illustrate the matching process. Owing to 

the nature of the animation (camera is unconstrained and changes pose), motion 

S€gmciltation is not achievable ruld has beell omitted thus raising the difficulty of 

matching. 

8.3.1 Colour lllatchill)!; parameters 

The colour matching parameters stipulate the thresholds for matching a colour feature 

to an object model centre. As with training this is specified by: 

O"m~lch: The radius of acceptance for a particular colour class. 

k"",'ch: The number of struldard deviations withill which a colour must fall to be 

considered part of that class. 

Since the colour matching process is identical in both the training and matching 

subsystems, it L~ logical to assume that using the same parameters should be accept­

able. One consideration is the subject of image variance. Generally, a person will 

89 



Univ
ers

ity
 of

  C
ap

e T
ow

n

8.3. MATCHING PARAMETERS CffA PTPR 8. RESULTS 

change appearance slightly (and sometim~ greatly) depi'J1ding on his position and 

the lighting changes ill an environment. Even though the trained object models can 

be adapted at each stage, it was found that a better (and more efficient) approach 

is to only adapt the model occasionally and to compensate variance by extending 

the width of matching with respect to trainillg. Therefore "-"",'ch remains the 5ame 

between training and matching, while kmo1ch = 3 is used in matching. Since the 

quality measurement incorporates this distance between colours, a balanced result 

is obtained because colours with higher variance are matched, but their likelihood 

contribution is lower. 

Figure 8. 7 shows an example of matching an unsegmented frame to the four character 

models trained in the previous wction. Note the background c1uttl'.I created by using 

an unsegmented input. 

Figure 8.7: Exa.mple output of colour matching proce&l. The left ha.nd image shows 
th~ original input, while the right hand imag~ shows which colours have lJeen matched 
to chamcter models. 

8.3.2 Object matching parameters 

Object matching parameters control the thr~hold levels of detection as well as the 

division and smoothing settings. These are: 

(dx, dy): The number of dividing strips OW'.I which the confidence measurements are 

calculated in the horizontal and vertical image directions respectiyely. 

00 
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CHAPTER 8. RESULTS 8.3. MATCHING PARAMETERS 

(O"<k,O"dV) : The width of each smoothing Gaussill.Jl that is applied over the horizontal 

Il.Jld vertical measurement vectors. 

m1thr" h: The minimum probability that is required for a likelihood area to be con­

sidered a match. 

m2~h""h: The minimum area of a likelihood area required for a lIlatch. 

Selecting the number of divisions 

The values of d:r and dy specify the number of divisions, therefore each division is ~3 

(for the horizontal direction) and ~ (for the vertical direction) in pixels respectively. 

The effect of adjusting the number of divisions relates proportionally to the output 

resolution of the likelihood map. Basically, it defines the minimum detectable object 

size. A small value will tend to expect large objects Il.Jld cause merging between 

object classes within close proximity. Conversely, a large division number will give a 

high-definition likelihood, but ell.Jl cauoo object fragmentation. 

In Chapter 7 it was shown that the lIleasurements are calculated for each discrete 

division bin. In order to produce a smooth, unhiased response, the horizontal and 

vertical measurement vectors are thus smoothed with a Parzen window. The values 

O"ho and O"dy specify the width of the Gaussian used for this smoothing operation and 

are specified as a per unit fraction of the length of the respective image dimension. 

These parailleters are fixed to a minimum width which will provide smoothing without 

deteriorating the measurement vector's distribution. Values of O"d>; = O"dy = 0.2 have 

been found to provide effective smoothing for all test cases. 

Figure 8.8 shows the detected object areas for the four example characters for dx = (ly 

taking on values 10, 50, 100 and 200 divisions respectively. As predicted, dJ; = 10 

provides a very wide, general object detection area which overlaps with nearby classes. 

On the other hand, dx = 200 produces a very fine search window, which in this case 
causes target loss since the object features are b'Pread too thinly. PloUing the area 

'Volu,," im", and im" correspond to the im9.Jile width and height ,cspecti""ly. 
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8_3_ MATCHING PARAMETERS CHAPTER 8. RESUf,TS 

Figure 8.8: Detected object areas for dx = dy taking on values to, 50, 100 and 200 
(divisions from left to right). 

error between the ground truth and the detected targets (OAE) versus the divisions 

para.meter results in the curve shown in Figure 8.9. 

o. 
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Figure 8.9: DbjllCt Arm Error (DAE) plotted agaiYMt varying r!umocr of divisions. 

A positive OAE value soows that the detected area is larger than the ground truth 

while a negative value indicates the reVBrse ca.';€_ As soon. the minimum error is 

obtained at approximately d.lJ = dl} = 70. While this parameter should be tuned to 

the type of video scene, generally d:;r; = dy = "'~" is a reasonable starting point. 

If dx is not equal to dl}, the reoult is that one image dimension produces a wider 

re:;pom;e. This can b€ useful if there Me conRtmint;s Oll the type of objects being 

matched (eg. otanding people are longer ,-ertically). In general, it is best to keep 

dx = dl} so that no assumptions are mf'de about object pose and the image ~pect 

ratio is maintained_ 
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CHAPTER 8. RESULTS 8.3. MATCHING PARAMETERS 

Detection thresholds 

The final set of matching parameters consists of the likelihood level detectioll thresh­

olds. These are applied to the combined likelihood map of for all object classes. 

The area threshold m2'hr .. h specifies the minimum area required for a likelihood 

region to be matched. This is simply set to the smallest possihle ohject pixel area 

and serves to filter out detectiou of spurious regious, Values of 10 :<::: m2,hro.h :<::: 50 

encomp3.'l.'l the general range used in the test case>. 

The most relevant parameter in matching is the likelihood threshold ml'hmh' This 

determines the lowest maximum mutch likelihood value neo<ssury for a positive match. 

A numher of external factors affect selection of this parameter. The most relevant 

factor is the uverage quality of colour matches in the scene, which relates dira'tly 

to camera iris and gain controls on top of seelle lighting conditions. The worse 

the 'visibility' of the scene, the 10\\llr the average match likelihood. Thniug of the 

likelihood threshold determines the exact matching performance of the system. The 

hest performance (highest TRDR) will OCl->1Jr whell the lowest ratio of false positives 

to false neguth~ is reached. This is illnstrated by means of an ROC cnrve. Figure 

8.10 shows a generated ROC curve obtailled for 50 frames of the cartoon example 

where mlthm h has heel) varied between 0 aud 1. 
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Figure 8.10: Left: ROC curve Jor 50 frame~ of cartoon sequ ~nce Jor 0 S ml'hm h S 
1; Right: Tracker Detection Rate (TRDR) Jor the same range OJm1thr .. h. 
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8.3, ,\1ATCHING PAR.'\:\fh;n;R.S CHAPT~;R 8. RE-SULTS 

rhe seeond graph in Figure 8_10 shows th" eormipoIldiIlg Track"r Detection Rate 

erRDR) [or th" sa,me sequence. The rea.50n for the high perfonnance val",' i~ rdated 

to the low lightiIlg alJ(l mlonr vill'bIlrp iHlwrent in eartoon requences (which is why 

it was u~d a~ fI first trial). Owing to the multiplicat.ive Gr"atioH of tht' likdihood 

map (zxz; from Equation 7_5), the likelihood has a steep falloff t.herehy prodnciIlg a 

wry low dynamic range for threshold tuning. Sele.:,tion of ml'hmh therefore requires 

manlllu tUlLing for each type of ""j,WlLC", thongh mill,,"',./, "" lUll has hU'lL fonlLd to 

be a good selection for the test cases used here. 

8.3.3 Switches 

Often. ('ertain feature~ of the mat.d,ing prO(:es~ may not apply to the current video 

scene. In these cases it is useful to be able to customise the matching procedure, 

using switchl's, w that ,mllDCI'SSiU)' colllput.atio" alld uIlr"i-,]i~tic a~umptio,,~ ar" Hot 

applied_ The ~witd'e~ for POD system are defined &~ follows: 

(SWmx, SI'Vm'l): These ale ea.:h a 4 x 1 hin&lY ved-or stipulating whieh nl(,a6ur,,­

ml'llt~ iU'" to 1)(, cakulawd for ead, >;et of horimmal and vertiral divi~ion~_ 

(SH'i-nl x . SH-'inly): m"ary vallJ(~ determinilLg wh"tht'r allY hori~OlLtal or veTtical in­

t.erferellce adju~tment ~hould be attempted. 

The main wuro~ o[ diffl'rencl's is cau>;!',d by t.h" C;ln..:,ra po>;!', wit.h rl'~ped to the 

tracking I'nviwlllIl(,,,t. Wht'lL t.h" camera ~how~ a per~p€{:tive view of a x ene. people 

and ohj(",r., gt']j(·rally ocdude eaclJ other vertically depending on their distance from 

tl", calW'Ta (as i8 tlw CMe in test ca.<;e!J 1 and 3 further on). In this situation tlw 

vertical mea.oure:nent ranges will often overlap while the horizontal n~asurem('m.s 

will provide separation. This means that nJea~un'm"nt~ ~u('h Il~ proportiormlity and 

imerference adjustment will only work along one image direction. 

A w<.,ond ""enario i~ whelL the camera is orientated p€rp€ndieular to the tracking 

ground plallt' (~",.,h ill; tht' ceililLg camera~ in test Ca5e 2)- Here information will be 
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CH~FTER 8. REScU,LcT"S _______ C'c'·:oI.--":\I"A,TCC~.HcIC\"'GO' OP~"l~HOA""~lEo'C'IC;H""S 

available in two dimensioll~ :;0 allmea.~uremenb will provide cousistent information. 

However in Ihi~ cft,e, th,., in[','rfen'ncc iUljll~[,meIl[, wIll block lllllllil'h' ohje(:I~ from 

exi~till& in a ~ingJe "'trip and therefore ~hould not be uo.ed. 

Decidin~ which features to M'tivate or deacti"llte i~ thu", very intuitive and simply 

illlow~ more flexibility wh"'!l working wilh il variNy of ~"ne types. 
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S.4. TEST CASE 1; OUTDOOR. e;\iVIRQ,'·iMENT CHAPTER S, RESULTS 

8.4 Test Case 1: An outdoor environment 

(h) Com"T"- 2 

Th~ fir"t t~st ~a,s~ is a, four perron outdoor S<:"One whieh wlI.' reoorJed with two Sony 

camcorders in an exteriO£ environment. Table 8, I below sunllllm:ises th<, partic11la.r~ 

of th~ sequence, Owing to the relatively ~mall ordl~<;iol1 complexity ill t.h<' S('<'I1<'. 

the pcrc<'ptllal compirxity mtil1g h3S iX'rn rulcubt-E'd t{l b~ bidy low. The st'Co;ld 

~mH<'Hl view I",s " very differ~nt dynamic lighting mnge causing bluei~h tint to he 

"dded to th~ foreground 8Ct'ne and therefore ,'<,quiring coicmr ('otrCet.ioll. It ,ho11ld he 

noted that the test set si~e ~ho"nL is thc ooml~llrd toteli fr"'H~ count. for both cam~ras. 

Lastly, tlw 1180 of fix<'d cmHenl.~ ,,!lows background r~movalusing segmentation, 

Perceptual Complexity (PC) 0 .. 394'-' 
Number of canleras 2 

Number of people 4 
Image resolution 3(;0 x 24() 

Running time 30 ~~collds 
Training samples per person 4 fr,lllIeS 

Total test set size 306 frames 
Total ground truth set size 3()6 fnl!IJ('s 

~[otion segmentactcicocU~c)·cffic· ___ " 

Table 8.1: SCUle Information 
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CHAPTER 8. RESULTS S.4. TEST CASE 1: OUTDOOR E.'·iFIRONMENT 

8.4. 1 Training; 

In the cartoon example shown previously, it was desirable to select training parameters 

that produced a number of colour classes whicll closely matched the clu\rflcters' visual 

profiles. In a roal-world system, however, there is much greater variance in a person's 

visual profile both temporally and spatially. For this reason, it is better to use a 

smaller (T,"~;" so that more detail can be captured. Table 8.2 shows the paramewrs 

selected for training. 

P arameter Value 

a'"~i" 5 

k"'ain 1 
nktrain 2 

au."""" 1 

Table 8.2: Selected training parameters 

Since the Qbjective of the POD system is to correctly match a person's colour profile 

between multiple views, training samples are only drawn from one camera and then 

subsequently matched in either view. In this case, four samples of each peroon from 

Camera 1 make up the training set. Figures 8.11 and 8.12 show the set of trained 

people and their respecti\'€ colour models. 

The fact that Person 4 has been incorrectly characterised by light blue colours when 

his shirt is actually white shO'ws that training should be applied to as large a mask 

as possible to ensure that camera CCD and lighting noise dO' not interfere excessively 

witll the training process. 

8.4.2 Colour correction 

Since the presence of the bright sunlit area in the background of Camera 2 affects the 

colour distribution of the foreground, colour correction is necessary in order to ensure 

consistence of the trained colQur models between views. It was fQund that direct 

application of the correction method described in chapter 5 does not provide stable 
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08".4,. _TO"C$,T,-,CCAOSC"C10'CO,CO'TOD=OCOCROEO'O",,=IRCOC'C"'C"CECNCT __ CHArn:R 8. RESULTS 

(el Perron 1 (d) Per50TI 2 (e) Person 3 (I) PcrSOll 4 

Figure 8.11: Training Set 

Figure 8.12: Trained colour motkls far training set. 
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CHAPTER 8. RESULTS 8.4. TEST CASE 1: OUTDOOR ENVIRONMEJ'.'T 

results when significantly different areas exist betwccn the camera views. Therefore, 

in order to obtain reasonable correction, the user mUbt manually crop each image 

so that unrelated areas are not included when calculating the SOM representations. 

Generally, this involve:; belecting areas in each image view which fall well within the 

dynamic range of the camera. For instance, the sunlit background in Camera 2 should 

not be included when performing colour corrcction. 

The corrcction coefficients calculated for the second camera are shown in Table 8.3. 

Channel , 
" R ed 0.9007 4.3227 

Green 1.0300 10.01 75 
Blue 0.9744 10.6950 

Table 8.3: COIOUT correction coefficients fOT Camero 2 

8.4.~ T\iJatching 

The matching paramcters \1SCd for testing are shown below in Table 8.4. In concor­

dance with the results discussed for tuning the parameters, (T"..,w, has been kept the 

same as for training while k",ouh has been enlarged to account for greater variance. 

Since it is expected that the colour variance will still be substantial even with cor­

rection, the matching threshold mlt~r .. ~ has been increased so that spurious errors 

are removed. Additionally, the area threshold m2th,...h has been decreased to cope 

with the fragmentation of detected objects. Thus in the second camera the system is 

configured to require a clo;;cr match, but the matched region can be smaller. 

The measurement bwitcll vectors (SlVm~, SWm.) have bccn ~t to apply all mea­

surements, and model interierencc filtering (SW-int"" SW'int.) has bcen enabled for 

the horizontal image direction. This i~ appropriate the ~ene since occlusions take 

place vertically. 
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8,4. TEST CASE 1: OUTDOOR ENVIRONMENT CIJ,\PTEH S. JlESL'LTS 

P arameter Camera , Camera 2 

"m"ul! 5 "M~ 

km",ch 2 ,-
(dx,dy) [55, 55] "=, 

(D"dx,G<4t) [0.2,0.2] "=, 
ml'hro'h 0.01 0.02 
m2'h, .. h 50 30 

(SlVm~, SlVtIl.y) ([1 1 1 1], [1 11 1]) "-(SlVint~,SlVint ) ii, 01 same 

Table 8.4: Matching Pammeter3 

8 .4.4 Overall Results 

Using the performance metrics described in Section 8.1.1, Table 8.5 summarises the 

average system performance for both camera sequences. In order to gauge the per­

formance of the system relative to the colour COI"rection prace&;, the results show 

the breakdown for each camera view and, for comparison, include the case where no 

colour correction is applied to the second view. The overall result column represents 

the average ratings of both cameras excluding the uncorrected cuse. 

Iu general, the overall detection performance is falrly high as shown by the Tracker 

Detection Rate (TRDR). Additionally, the low Fhlse Alarm Rate ilJld alignment errors 

confirm this. 

The Object Area Error (OAE) relating to the ratio of sizes hetween the ground truth 

aud matching bounding boxes is slightly negative indicating that the matched areas 

tend to be 5% smaller than the actual object. This is due to the legs of Person 1, 

which are skin coloured, being matched very poorly. Since skin colour is fairly conllllon 

across the scene, it will undoubtedly he assigned a low importance weighting and thm; 

mostly he ignored by the matching process. 

It. k; evident from the results that though a Yl",t improvement in system performance i~ 

obtained by applying colour correction, there is a significant drop in system accuracy 

in the second camera. This is attributed to the fact that the colour correction is not 
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CHAPTER 8. RESULTS 

Rating OVllrail Caltwra 1 , Camera 2 Camera 2 
(without correction) --_. 

TRDR 0.89 0.97 ' O.Sl 0.:;" 

I 
FAll 0,02" 0.00 0.05 U,U5 
OTE U. 1 " 0.U6 0.2:l 0.66 , 
OAE -0.05 0.01 -0,11 -0.57 I 

Proc"ssing rat" 2.8 Ips 2.8 Ips 2.3 fps 2,g fps I 

Table 8.5: Overall test nSll/ts 

pedect. In addition the online adaptat ioJL i~ explicitly not used so that true system 

perfOl'ma",:e is measuf(><:j rather th,Ul a blased result. due to the adapt.atioll prn(~""s, 

Figure g. 13 ~hDw~ thc exad. Track Dctoct.ioll Hate (TDn) for each modelled persoll 

in t.ll(, scene. From the graph~, it can be seen that Per~Dn~ 2 and :l C-ontribllte to 

mo~t of thc system error, though Person:1 havillg dark colour is least aff,Ictoo by the 

environmental changes in the sC'cD",l CaUH'nl view. 

, 

;1' , 
I: 

'I 

(a) Camera 1 

J 
p 
II 
I 

(b) ClUner" 2 (",-jth cdour 
correction) 

• 
(e) Cam~r" 2 (without 
colour corr""cion) 

Fig1l1'e g.13: Tmck l)"t"c/iu" Rale (TDR) (top): and Object Trucking Error (OTE) 
(bottom) JOT" well ]liT,""" 
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8.4. TEST CASE 1: OUTDOOR ENVIRONMENT CHAPTER 8. RESULTS 

A more descriptive r~lation betwe<:'n the objoct models is shown in the set of confusion 

matrices in Figur~ 8.14. These surfaces shoo;· the inter-class interference for all object 

(a) Camera 1 (b) Camera 2 (with ooIour 
corrcction) 

(0) Camera 2 (without 
colour correction) 

Figure 8.14: Ob.iect Model Confusion Matrices 

models. An ideal system with no inter-class interference would show maximum values 

along the diagonal of the matrix, similar to the matrix shown in Figure 8.14(a). The 

higher the value, the greater the number of hiLs for the two ciflSres in question. From 

lhe conflLSion matrices, it Can b<! Sl:'l:'n that Persons 1 and 4 are wmetime5 oonfusod. 

This is not surprising since they both have white shirts. The high oonfusion of Person 

1 and Person 3 in the second camera is attributed to the end of the Sl:'qu~nce wh~re 

a major set of occlusions On th~ side of the image caused a large number of errors. 

Finally, in order to provide a graphical view of the actual 8yst~m error. example 

matched and ground truth l.mjed.ories haw b<!en plotted for P~rsonB 1 and 2 in Fig­

ure 8.15. The complete set of trajectory plow can be found in Appendix C. These 

trajectories r~pres<:'nt th~ centr~s of the bounding boxes for the ground truth and 

matched areas r~sp€ctively. The purpose of the POD system is to mah a spatial 

estimate of a particular object's position in an image irrespectiw of temporal infor­

malion. This gives the syst~m the ability to recover from errors that would otherwise 

caUSl:' a tracking system to become unstable. 

For the purpose of illustration. the trajectory plot.s show the actual matched positions 

by means of plotted triangles. The plotted trajectories are then constructed by using 
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CHAPTER S. RESULTS S.4. TEST CASE 1: OUTDOOR E1VVIRD.';Afl· .. ,",/" 

a 5-point moving average filter which remove spurious errors in the object's track. 

An e::<ample can be seen in Person I's track (which is confused occasionally with 

Person 4) where the matched position erroneously shifts between two different people 

while the matched trajectory smoothly follows the ground truth. From the matched 

trajectories one can see that Persons 2 and 3 have the best matches with r€llpect to 

the ground truth. 

The improvement due to the incorporation of temporal information illustrates how 

the POD system could be used by other systems for recovery from failed tracking. 

As the POD system is designed to make instantaneous decisions about an object's 

location, it dO€S not need to process eyery frame. Thus idea.lly, a fast time-dependent 

tracker could operate unencilllloored and only use the POD at appropriate times 

(i.e. when its confidence is low). Since the primary objective of this work involves 

investigating the uses of colour in tracking, these applications have been left to future 

work. 
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8.4. TEST CASE 1: OUTDOOR ENVIROm.,IENT CHAPTER 8. RESULTS 

Person 3 

104 

Figure 8.15: Example trujf~;tori.es for Persons 1 and 2 in Camem 1 
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,C"I1"A"VC1~'E~H",8.,-,H"EOS""";{".1"S,----"8C·5,--T,E,Sc·T,-,C:,,ASE 2: AN INDOOR eel'\' SYSl'g~l 

8.5 Test Case 2: An indoor CCTV system 

ThiR sc'lucnce eonsi~t.s of a lot,a! of S<'ven colouroo plXlpic cui crin!; and walkin~ arolmd 

a room4. Although the scene is indoon;, there i~" fuiT deSTee llfva.riull('e dO>;e to the 

Camera eall;;cd by Ih" liliht.ing arrangemenl, whid"t eallilCS ceri aia people's shoulders 

to uppear ,,-hiter when directly expo>;ed. )l.lotion lOO!jm€nto.tion is ,,"'tibhle ~ince the 

l:lliT>l::ra posilion is fixed, however. because the:re is only one came:ra view, colour 

correction i~ Tlot \liied I Tl termR of per~l'tuill cllmpl<'Xi ty, the people Me more vi~i hly 

different in appearance (lowering the Colour Similarity factor (CS)). However, the 

Deelusion Complexity (DC) is very high, mnt.riblli,ing 1,0 t.he hi~her rat,in~. Table 8.5 

S lllnnHl.tisc~ the 3Cqllenre's det.ails. 

Perceptual Complexity (PC) O.MG 
Number of eamera~ 1 

Number of people 7 
Image resolution .18--( X 288 

RUIliling timlO flO b-OComb 
Training samples per person 4 frames 

Total test set size 4G4 frames 
Total ground truth set size 454 frames 

~Iotioll segmentation yes 

Table 8.5: Scme InJomwtion 

'Seq"ence cour!""y uf TSS Technology (De Il"","). 
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B .. 5. TEC;T CASE 2: AIlr INDOOR CCTY" SYSTRM CHAPTER B. RESULTS 

8.5.1 Training 

As with Test Case 1, a lower O"'r~i" value is used to ensure a good 8pread of colour 

c]asoos for the object models. Table 8.7 shows the training parameters, which are 

actually identical to the values U5e(\ for Te;t Case 1. 

Parruneter Value 

O"'r~i" 5 
k',...;n 1 

nklr~;n 2 
a,h1· .. h 1 

Table 8.7: Selected tmining pammeters 

Figure 8.16 shows a 8arnple of each person in the training 5et while Figure 8.17 8how8 

each person's set of trained colour centrcs. The fact that Person 4 (Wllite) has no 

other distinguishing coloun; implie8 that his profile is likdy to become confused with 

some of the lighter-coloured people. 

8.5.2 TVlat.chiug-

Matching parameters are similar to thobE' selected for the previo\lS test CMC. The 

differences include a high number of divisions (dx. dy) and narrower corresponding 

widt!L~ (0"","'0"<l~). This is chiefly in order to pro~ide a finer distinction for dealing 

with the dose proximity of the people and OCch15ions in the scene. 

Additional tweaking includes the disabling of the proportion measurement in the 

SWm. vector. Since the people in the liCene cau become large when near the cam­

era, induding the proportion measurement with such a numb<'x of division5 "I\-"(l11ld 

calL~ decreased accuracy. Once again occlusions generally occur vertically, allowing 

interference (SWint", SWint~) filtering in the horizontal direction to be of usc. 

106 



Univ
ers

ity
 of

  C
ap

e T
ow

n

CHAPTER 8. RESULTS 

! 
(a) Pc""'" 1 
(Orange) 

8.5. TEST CASE 2: A.N INDOOR CCTV SYSTEM 

-
,~ 
~ ~ I 
• > . -I ,~-\. 
> -

(b) Person 2 
(fu:d) 

(e) Pe:rllOIl 3 
(Green) 

, 
(d) Person 4 
(White) 

(e) Person 5 
(Blue) 

(f) PCTIiOU 6 
(Purple) 

(g) Peroon 7 
(Yellow) 

~'igure 8.16: Training Set 

~'igurc 8.17, Tramed colour modeL~ for tmining st!. 
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8.5. TEST CASE 2.' AN INDOOR CCTV SYSTEM CHAPTER 8. RESULTS 

Parameter Camera 1 '1 
(Tma',~ U 

k,,,,,tch 2 
(dx,dy) [80,80] 

(U,k, (1d» [0.1,0.1] 
ml'hr .. h 0.01 
m2thr" h 30 

(SWm x, SlVm~) ([1 1 11[, [11 10)) 
(SWint~, SWint) 11,01 

Table 8.8: Matching Pammeters 

8.5.3 ()vprall Rpfillll,s 

In general the system seems to be able to handle the virtual continual occlusions 

present throughout the sequencc. There were some problems (as anticipated) with 

Person 4 whom did not have sufficient colour diversity to be separated from other 

white fU"eas. Once again the OAE (Table 8.9) reveals a tendency for the matched 

bounding box to be smaller than the actual person. In aJdition, the OTE i~ mudl 

larger than that of Camera 1 in llit Case L This is attributed to size mismatch~ 

caused by the larger scaling range pr€8ent (i.e. the range of person sires is greater in 

this sequence). 

Rating Overall 
TRDR 0.85 

FAR 0.00 
OTE 0.16 
OAE -0.18 

P rocessing rate 1.8 fps 

Table 8.9: OvemU test results 

Two significant positive results are that the False AIfU"m Rate (FAR) is negligible find 

the processing rate does not drop excessively with the addition of more people. The 

reason for this is that the matching method processes all object models as a batch, 

thereby reducing the cost per modeL 
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CHAPTER 8. RESULTS 8.5. TEST CASE 2: M, INDOOR eeTV SYSTEM 

In terms of per person error, Figure 8.18 swnmarisc:s the Track Detection Rate, Object 

Tracking Errors and confusion for each person. 

Interestingly, Persons 3 (Green) and 7 (Yellow) have the poorest TOR and OTE 

ratings. Analysis of the sequence shows that the green person is occluded much of 

the time, and when parts of him are visible they are not detected since several. other 

objects in front take precedence. Person 7, Oll the olher hand, only enters the scene 

towards the end and does not have a chauce to move around much. Therefore it is 

difficult to r.ay whether the matching failures are due to his colour profile (which does 

overlap with those of PersollS 1 and 4) or whether his errors are just averaged over 

too short a time. 

On the ooufusion frontier, the largest cOllflict is due to the expected similarity het"\\"OOn 

Person 4 (White) and Person 5 (Blue). Without temporal tracking or some other 

spatial features, this sort of problem caunot he solved directly by the POD matching 

system. Therefore this serves to illustrate the type of limitations inherent in the sole 

use of colour as a discriminator. 
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8.5. TEST CAS~; 2: AN {,'','f)OO/{ CeT, SYSTEM CILiPTER 8. RESULTS 

(a) (h) 

( cj 

FiguTe 8.18' (a) Tluck Ihtu:;tion Raft (TIJR): (0) ObJu;t TI'(Icking Em)" (OTE): (c) 
Objtct Modd Conjll~i{m Matrix 
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CHAPTER 8. RESl'LTS 8.S. TEST CASE 2: AN INDOOH. ccn· SrSTE.U 

Person 1 

I II 

Figur<> lUg, F.';mmpl€ tmjt'ctone~ for Peratm,' 1 (Omny€) and:3 (Gnell) 
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8.6. TEST CASE 3: CElLING CAMERAS CHAPTER 8. RF.SULTS 

8.13 Tpst Casp :~: Snl"vpillancp nsiug C(~iling canlPl"as 

Co mem 3 

The final pre-recorded sequence used for testing consi~t~ of fonr ceiling-mOllnwd CfUll­

<"ras obrerving thre€ poople moving in a lab envirollIllent.. The sequence was created 

in an asynchronous manner by four different computers. In order to simulate the ef­

fect of a video network, the entire quartet of csmeras is processed iteratively in order 

of frsme time stamps. The results shown are tlw,refore the combinoo ratings for the 

system treated as a whole. 

In terms of perceptua.! complexity, this sequence has been rated the highest with 

respect to the other test cases. Although t.he Occlusion O:>mplexity (OC) is fairly 

low due to the nature of the ceiling cameras, the Colonr Similarity (CS) between the 

people is much higher. The sequence is aLlditiona.lly complicated by t.he poor image 

qualit.y. Owing to the large number of frames in the image (and the slow pace of 

action), ground t.ruth was only created for every tenth frame. A final difficulty is the 

fish-eye len,;e~ fitted to the ceiling camerM. Th<"8/) allow for a wide viewing range, 

but objects at the extremities of til<" frfUlle are heavily distorted and are only partly 
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CHAPTER 8, RESULTS 8,6, TEST CASE 3: CEILING CAMERAS 

P.)rceptual Compi.)xity (PC) 
NU\llber of camera~ 

Number of people 
Imag.) resolution 

Running time 
Training samples per per~on 

Total test set size 
Total ground truth set size 

IVlotion ~eg\llentation 

0,622 , 
3 
2Sri x IS!) 

I 2()() ,*'Cuud~ 
2 frame~ 

3711S frames 
;!rij frames 

Table 8, 10: S,~"w In!on!w!,ion 

visible. For this reasun, t.he input fraru% are rropped w that 01,10' Lhe well-[oc'ls.ed 

area.~ a!e processed, Table KlO shows the scene information. The end result is a 

scenario that is typical of a n,.alibl.ir bllrwilhmce network. 

8.B.1 Training 

Training parametorb, ,JlOwn iu Table S,U. are the same as for the two previous test 

Parameler Value 
a'm;n C) 

k'ra;n 1 
nk'r"in 2 
a'hT" h 

Table Kll: Selected tmining p(l!UmeteT8 

Camera 1, having Ihe least variance, was chosen as th,; bas" vi"w fur trainiug Wml'le:-;, 

The ~imilariLy bel ween Persons 1 and 3 is evid"nt from th" rC~jl~'Ct.ive image~ ~howu 

ill Figure S.20 ,md Lhe trained colour profiles depicted in ~\~11re 8.21. Their main 

difference:-; ;ue I heir hair colour and the fact that Person 1 has blue jeall~. Un!ur­

Llllml.ciy, Ihe small size and low quality uf imag{' regiullS ci()S(' to tIl<; fi()()f mah'b it 

impossible for training to focus on this. 

u:; 
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8.6_ TEST CASP; 3: CEILING CAMERAS CHAPTER 8. RF.SULTS 

(a) Perron 1 (b) P~""'n 2 (c) Perron 3 

Figure 8.20: Training Set 

, 

Figure 8.21: lhlined colO1'r modell; for training ~et, 

8.6.2 Colour correctioll 

Colour correction for this scene is interesting since each view is frudy simil(\[_ In fact, 

it was found that using the MJne coefficients to relate each of the three cameras to the 

training buse (Camera 4) provided good correction. Table 8.12 shows the calculated 

coefficients. Since Camera 4 is much darker, the or' values are slightly less than 1 

while the red/yellow highlights are compensated by the XO offsets_ 

Channel x x 
R ed 0.9408 -17.4685 

Green 0.9820 -14.2080 
Blue 0.9016 -6.2726 

Table 8. 12: C% l'r comlction coefficients for Cameros 1, 2 and S 
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8.6, TEST OASE 3: CElLING CAMERAS OHAPTER 8. RESULTS 

distinguish the two models under good conditions, the presence of overhead fluorescent 

light.s causes Ovel\',xpooure of each pcrson's shouldrrs in crn,ain plv.cc~. Thus evcn 

Person 2 has a fairly low detection rate Whell in Camera 2's view. 
---_. -

Rating Overall Overall 
(without colour correc:tion) 

TRDR 0.76 0.67 
FAR 0.03 0.03 
OTE 0.24 0.33 
OAE -0.23 -0.33 

Processing rate 3.fl [p~ 3.8 fps 

Table 8,14: Ovemll test reSlllts 

The perceived similarity bct.we('Jl the camcra vicws is confirmed by t.he results shown 

for the uncorrect.ed cas(\ which arc fairly close, The facl that the FARs are identical 

show that. thc cV('n without colour correction there are relatively few fabe po~itive 

hits. Therefore the colour correction serves to improve object detect.ion in this case. 

Failures aside, the False Alarm Rate (FAR) is still fairly low even 'wit.h t.he lowcring 

of the likelihood thrCllhold mlth,'e>h' Anot.her good result i~ the processing rate which 

rneompflSllCS the entire operating speed for the whole camera network in parallel 

(computed on the single test platf0I111). 

Bar graphs in Figure 8.22 show t.hr Track Detection Rate (TOR) and Object Track­

ing Error (OTE) values obtained for each person for both the colour corrected and 

uncorrected cases respectively. To reiterate, ov.ing to the image colour similarit.ies, 

the results are close. Int.uitiV('ly, PeI"Wn 2, having a distingui~hable JI"lllow ~hirt, is 

t.racked best.. The rnorn due to the similarity of Persons 1 and 3 are further evident 

from the confusion matrices ~hown in Figure 8.22. Although the confusion is less for 

the uncorrected case, it should be realised that this is because the object detection is 

lower. 

An example trajectory for Person 2 is shown in Figure 8.23. In Camera 1, no matchc~ 

are found due to the heavy occlusions of surrounding partitions. His t.rack for t.he 

other views, however, remains clooo to the ground truth path. 
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~C~'H~A~P~T~E~R~8~~RE=S~'L~'r.~T~8 ___ ~8,6_ TEST CASE;); CEILING CAMEl-nS 

{a) Colour Corrected (b) l:ll<Ofrected 

(c) Colom C"rrcct.c<l 

• 

• 

(e) Coloor Cor'c<:te<i (I) Uncorrcct.e<l 

Figure 8.22: (a),(b) Track Detection Rate (TDR); (c).(dj Object Trmking Rr~'Of' 

(OTE) (e),(f) Object Model Confusion Mahir. 
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S,C. TEST CASE 3: CEILUlC CAMERAS CHAPTER 8, RESULTS 

M " 

118 
Figmc 8.2:3' Ovemll trajectory jor Person 2. 
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CHAPTf:R 8. RESULTS 8.7. DISCUSSION 

8.7 Discussion 

From the test cases, it is seen that. the POD SystfflIl is able to distinguish several 

poople based only on colour information provided that there is enough variety in the 

trained models. There is a tendency foc detected areas to be slightly smaller than 

the actual object. This has been attributed t.o t.he f3.(1; that lower objoc-t extremities 

are genrrally occluded by surrounding objects and shadows. This leads to the regions 

being filtered out either by the initial motion segmentat.ion or the colour matching 

steps. The rebult is a smaller, raisoo bounding box. 

The systrm proves to be robust through a numOOr of diffrring camera enviromnents 

and is not overly sensitive to parameter tuning. A beneficial aspect. of t.he system is 

that it provides a realisable distributed framework which can be flexibly integrated 

with a variety of other systems. Its ability to make an instantaneous decision about 

any trained object allows it to cope with asynchronous video feeds and recovery from 

occlusions. By additional incorporation of temporal history, it has boon shown in the 

presented test cases I.hat a smooth trajectory can be extracted from a classified set 

at any time. 

8.7.1 Overall Ratings 

In order t.o assess the overall syst.em performance, the results of each test case are 

compared, using their Perceptual Complexit.y (PC) as a relative basis. Figure 8.24 

summarises the Tl"acker Detection Rates (TRDR) for t.he lest cases. 

As expected, t.he TRDR decreases as the PC increases. Unfortunatrly, without more 

test sets with high PC ratings, it is irnpoosible to know the exact lower error bound 

of the system. Figure 8.24 also shows the average Object Tracking Error (OTE) for 

each sequence. The fact that the GTE seems to complement the TRDR confirms the 

fact that the TRDR is a truthful value. For instance, were a true positive hit acquired 

wit.h a very large OTE, it would imply that the wrong object had acddently caused 

ll!J 
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8.7. DISCUSSION 

i 
! 

CHAPTER 8. RESULTS 

Figure 8.24: Ovemll TRDR (upper green) and GTE (lower mi) rulings for all test 
cases. 

the detection rather than the actual one. Therefore this summarises the fa.ct that., ill 

genera.!, the overall confusion between object classes is fairly low for the given test 

cases. 

Finally, the Fa.!se Alarm Rate (FAR) of the system is on average just below 2% with 

a mean processing rate of approximately 3 fps. The processing rate is not beavily 

affected by an increase in the number of trained objects. "'lore elaborate optimisation 

of the current implementation could result in much fllSter frame rates. 

R. 7.2 Segment.ation 

An interesting de,-elopment in the system "'118 the effect of using different motion 

~mentation processes. In Chapter 4, a oomprelJeIlSive segmeutation algorithm was 

implemented in order to optimise the quality of segmentation. However, O\ving to 

the robustness of the matching algorithm, it was found that, in practice, using a 

single threshold basic background subt.raction process (initially condemned in Chap­

ter 4) provided very little degradation in &"J'stem performane<'l while simultaneously 

increasing the system's overall processing speed. 
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