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Abstract 

We present a multi-camera person tracker solution that makes use of Kalman filtering prin­

ciples. The tracking system could be used in conjunction with behaviour analysis systems 

to perform automated monitoring of human activity in a range of different environments. 

Targets are tracked in a 3-D world-view coordinate system which is common to all cameras 

monitoring the scene. Targets are modelled as ellipsoids and their colour information is 

parameterised by RGB-height histograms. Observations used to update the target models 

are generated by matching the targets in the different views. 

3-D tracking requires that cameras are calibrated to the world coordinate system. We 

investigate some practical methods of obtaining this calibration information without lay­

ing out and measuring calibration markers. Both tracking and calibration methods were 

tested extensively using 6 different single and multiple camera test sequences. The system 

is able to initiate, maintain and terminate the tracks of several people in cluttered scenes. 

However, further optimisation of the algorithm is required to achieve tracking in real time. 
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hapter 1 

Introduction 

Automated visual monitoring systems may be used for a very wide range of applications. 

Cameras are cheap and versatile and the information content in a video sequence is very 

high. The main application of visual monitoring is surveillance but more general measure­

ment of human activity such as customer behaviour analysis in shopping malls, perceptual 

interfaces in intelligent homes and team strategy in sports are other possibilities. An illus­

tration of an automated visual monitoring system is given in figure 1.1. As shown in the 

figure, the tasks to be performed by such a system can be divided into 'low-level' tasks, 

which include detection, tracking and camera calibration and 'high-level' tasks, which in­

clude behaviour recognition, face recognition and archiving of this high-level analysis. In 

this thesis we will address only the 'low-level' tasks. The system we present could then 

be used in conjunction with a 'high-level' system such as one developed by Forbes [10] for 

the purpose of automated visual person monitoring. In this chapter we define our problem 

statement in the context of previous work found in the literature and we introduce our 

chooen approach thus giving a high-level overview of the rest of the thesis. 

1.1 Problem definition 

The basic requirement for a person tracker for a particular scene monitored by one or sev­

eral cameras is to be able to detect every person entering the scene and keep track of each 

of them until they all leave. This task, although trivial for the human eye, is very hard to 

1 
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Figure 1.1: The figure shown here shows a full person tracking solution in the context of surveil­

lance or person activity measurement. 

automate due to the presence of complexities such as shadows, reflections, changing light­

ing conditions and occlusions resulting from the interaction of people, static and moving 

objects. Additional complexities arise in the case of multiple camera configurations where 

track information has to be shared between different cameras. Tracking of this nature is 

a highly unconstrained problem. The more a priori information that is incorporated, the 

more tractable the problem becomes. Two main components can be distinguished in a 

typical visual tracker. Filtering, mostly a toirdown process, deals with the dynamics of 

targets, makes use of scene priors, and evaluates different hypotheses. The other compo­

nent, Target Representation and Localisation, is mostly a bottom-up process that has to 

deal with the changes in the appearance of the target. The way the two components are 

combined and weighted plays an important role in the robustness of the tracker [7]. 
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1.1.1 Filtering 

Filtering almost completely replaces previous rule-based approaches such as ones imple­

mented in [35] simply because they are far more efficient and generally less complex in 

their implementation. The filtering process is normally formulated through the state space 

approach for modelling discrete-time dynamic systems [38, 21, 11, 45]. The information 

characterising the target is defined by the state sequence {xk}k=O,l, ... , whose evolution in 

time is specified by the dynamic equation Xk = f,.(x,._1, v,.). The available measurements 

Yk are related to the corresponding states by the measurement equation y,. = h,.(x,., e,.), 

where fk and h,. are vector-valued, time-varying functions. Each of the noise sequences, 

{ vk}k=0,1, ... and { ekh=o,1, ... is assumed to be independent and identically distributed (i.i.d.). 

The objective of tracking is to estimate the state Xk given all the measurements Yi:k up to 

that moment, or equivalently to construct the probability density function (pdf) p(x,.jyu). 

The theoretical optimal solution is provided by the recursive Bayesian filter which solves 

the problem in two steps. The prediction step uses the dynamic equation and the previously 

computed pdf of the state at time t = k-1 ( or initial pdf at t = 0) p(x,._1 IY1:k-i) to derive 

the prior pdf of the current state p(xklYu-1). Then the update step employs the likelihood 

function p(y,.jx,.) of the current measurement to compute the posterior pdf p(x,.jyu). 

When the noise sequences are Gaussian and fk and h,. are linear functions, the optimal 

solution is provided by the Kalman filter ([38], p.142), which results in the posterior also 

being Gaussian. When the functions fk and h,. are nonlinear, the Extended Kalman Filter 

(EKF) is obtained by linearisation ([38], p.247). The posterior density in this case is still 

modelled as Gaussian. An alternative to the EKF is the Unscented Kalman Filter (UKF) 

[26] which uses a set of discretely sampled points to parameterise the mean and covariance 

of the posterior density. Kalman filtering was first used for visual tracking by Ayache and 

Faugeras in 1989 [1] for tracking lines using a camera. Since then various extensions of the 

filter have shown much success. Zhao and Nevatia [49], Kang and Cohen [20], Comaniciu 

and Ramesh [7] as well as Piater and Crowley [30], to mention a few, use Kalman filtering 

for person tracking. 

When the state space is discrete and consists of a finite number of states, Hidden Markov 

Models (HMM) filters [33] can be applied for tracking. This method is implemented by 

Chen and Rui [6] for visual tracking. 
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The most general class of filters is represented by particle filters, also called bootstrap 

filters, which are based on Monte Carlo integration methods. This more general type 

of filter allows for the state space representation of any distribution and for nonlinear, 

non Gaussian dynamical and observation models, and process and observations noises. 

Particle filtering was first introduced in vision as the Condensation algorithm by Isard and 

Blake [14]. In [28] Nummiaro and Gool present an adaptive colour-based particle filter 

and compare its performance with a mean-shift tracker and a combination of mean-shift 

and Kalman filter tracker. Although particle filtering allows for more flexibility it is more 

difficult to implement. Given a particular tracking problem one has to gauge whether the 

gained generality is worth the added complexity. 

1.1.2 Target Representation and Localisation 

The target representation and localisation component deals with the measurement process 

where observations characterised by the pdf p(y), used in the update step of the filter­

ing process, are obtained. While filtering has its roots in control theory, algorithms for 

target representation and localisation are specific to image processing. For the visual per­

son tracking application targets can be characterised by two main features: their colour 

composition and their shape and size. 

Targets' Colour Composition 

To characterise targets' colour composition, a feature space needs to be chosen. The 

most common approaches are colour histograms [7, 28], gaussian mixture model.s [39] and 

appearance model.s [49, 34, 27, 15]. Colour histograms are scale and orientation invariant, 

but lose all spatial information. Gaussian mixture models, like histograms, capture different 

target characteristics, depending on what features are used, but usually require many 

parameters to be set (via a training phase) and are complex to implement. In appearance 

models, target appearance information is stored on a pixel level template, which is then 

used for matching. Thus appearance models make use of spatial information, but adjusting 

for scale and orientation changes over time is difficult. 
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Targets' Shape and Size 

Modelling the shape of a non-rigid targets such as humans is not always easy. In many 

implementations e.g. [35, 20], tracked targets are simply modelled as rectangular bounding 

boxes in the image view. Another common image view shape model is the ellipse which 

more accurately accounts for feet and head being narrower parts of the body [28, 7]. 

Although in many of these implementations, the size of the bounding boxes/ellipses are 

allowed to vary, it is difficult to accurately explain how they should change. A better 

alternative is to model targets as 3-D objects. Unless one is trying to recover the exact 

pose [29, 46] of a tracked person it is not necessary to use a complicated articulated model. 

Simple shapes such as cylinders [14] or ellipsoids [27] are suitable. To make use of this 3-D 

information one has to formulate the tracking problem in a 3-D world coordinate system 

or world-view. Other than explaining how the size and shape of targets in the image varies 

as they move, a world-view tracker has several additional advantages. It makes it easier 

to introduce known physical constraints to the dynamic tracking models. Initialisation 

and termination of tracks can be made more robust if entry/exit points are specified. 

These points are more easily specified in world coordinates than in image coordinates. 

3-D information also greatly simplifies the task of combining measurements obtained from 

several cameras with overlapping views. However, this approach limits the tracking system 

to fixed cameras that all have to be calibrated with respect to a common coordinate system. 

Thus we also address the problem of camera calibration for person tracking applications 

in this thesis. 

Target Localisation 

The localisation is performed by comparing target models with image samples to maximise 

some likelihood (similarity) type function. Comaniciu [7] exploits the smoothness of the 

similarity function to make use of gradient optimisation to localise targets. Others, like 

Nummiaro [28], sample images according to the prior distributions of target locations 

p(x1clYi:1c-i) and weighs the contribution of each sample according to its likelihood. 

The comparison between target models and image samples depends on the chosen target 

representation. Two methods that were considered are the Bhattacharyya Coefficient [18] 
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and the Histogram Intersection method [41]. If p(y) is the density function of a target 

candidate at position y in the image and q is density of the target model then the measure 

of distance between the two densities p(y) based on the Bhattacharyya Coefficient in the 

chosen feature space z is as follows: 

(1.1) 

In the histogram formulation the discrete densities p(y) = {Pu(Y) }u=l...n and q = { Qu}u=l. .. n 

are estimated from then-bin histograms of the image samples and the target model. The 

sample estimate of the Bhattacharyya Coefficient is then given by: 

n 

p(y) = L Jpu(Y)Qu• (1.2) 
u=l 

In the case of the Histogram Intersection method, the similarity measure between his­

tograms is given by: 
n 

p(y) = L min(pu(Y), Qu)• (1.3) 

The strength of the Histogram Intersection results from the min( ... ) function, which makes 

sure that only colours present in the model histogram are matched. The Bhattacharyya 

Coefficient on the other hand has a stronger theoretical foundation, being linked to the 

Bayes error. It also imposes a metric structure on the distance measure between histograms. 

Foreground/Background Segmentation 

Foreground/background is typically done by comparing new images as they arrive, to some 

background or reference model. Images are segmented into foreground and background re­

gions and higher weighting is given to foreground pixels in the image sampling process. The 

segmentation can be simply performed by taking the difference between sequence images 

and some reference image or background model [30]. More elaborate methods for obtain­

ing foreground regions are found in [47], where each pixel is modelled as an independent 

Gaussian mixture model, and in [2], where segmentation is achieved using spatial gradient 

information. Difficulties arise in the presence of shadows and reflections, moving objects 

in the background, and varying lighting conditions. Thus the implementation of a robust 

tracker that relies purely on segmentation information is very difficult. 
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1.1.3 Calibration methods suited to person tracking applications 

Camera calibration in the context of machine vision is the process of determining the 

internal camera geometric and optical characteristics defined by the intrinsic parameters, 

and the camera pose (position and orientation) within a world coordinate system, defined 

by extrinsic parameters. Standard calibration methods based on methods by Tsai [43, 42] 

are accurate but require the use of calibration points or calibration objects. Calibration 

points/markers have to be laid out and measured, a process which requires a lot of care. 

Although methods that make use of calibration objects are suitable for obtaining internal 

camera parameters, they are usually not for obtaining the camera pose in large fields 

of view. In the case of a surveillance system covering an entire building where dozens 

(hundreds) of cameras are installed the use of such calibration methods is a sizeable task 

which renders a world-view tracker impractical. Auto calibration methods aim to obtain 

camera parameters without the need for manual procedures or calibration objects, and 

hence are more suited to person tracking applications. 

Jones et al [16] propose a two-stage method to recover calibration parameters for multi­

camera configurations automatically. In the first stage, each camera is calibrated to a 

local ground plane coordinate system. The algorithm makes use of how the size of the 

segmented images of people in the camera view vary as they walk towards or away from 

the camera to recover the pitch angle and the focal length to pixel width ratio of the 

camera, provided the camera height above the ground is known. However, this method 

assumes shallow camera pitch angle, small roll and pan angles, ignores distortion effects, 

relies on good segmentation and requires some control over what goes on in the scene 

during the calibration process. Hence, it is not suited to all camera configurations and 

video sequences, and alternative semi-automatic methods have to be considered. The 

second stage of Jones et al.'s method recovers the transformation between the local ground 

plane coordinate systems by matching tracks obtained in each camera view. This part of 

the algorithm relies on good local calibration (obtained in the first stage), on a reasonably 

good monocular world view tracker and also on the different views overlapping. In cases 

where these conditions cannot be met, semi-automated or manual alternatives have to be 

considered. 
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1.2 Overview of Proposed Method 

Having presented the various different approaches to the person tracking problem we in­

troduce the approach we have adopted and present in this thesis. Note that this is only 

an overview; the notions are formally and completely presented in the chapters ahead. 

1.2.1 Filtering aspects 

We forego the flexibility of particle filtering by assuming simple Gaussian noise sequences, 

thus adopting the Kalman filter formulation. We model each target as a separate linear 

model formulated in a world view. The state vector x(t) follows a transition relationship 

of the form 

x(t) = F(~t)x(t - ~t) + 1~tlv(t)1
. (1.4) 

This formulation allows for asynchronous updates of the model. We elaborate further on 

this choice of formulation in chapter 3. 

The observations or measurements are made in the image view. Under perspective pro­

jection this measurement process is non-linear. This breaches one of the assumptions of 

conventional Kalman filtering. We thus adjust for this by performing local linearisation of 

the measurement process, which results in the Extended Kalman Filter formulation. 

1.2.2 Target representation and localisation 

For shape representation we model each target as a 3-D ellipsoid with a vertical major 

axis and feet on the ground plane. To explain the shape and the size of the targets in the 

image, a projection of the ellipsoid to the image plane can be computed. Under perspective 

projection, the image of an ellipsoid is actually an ellipse in the image plane. 

For colour representation we implement a novel compromise between the colour histogram 

and the appearance model: a RGB-height histogram. This formulation has the advantage 

of being size invariant whilst still retaining some spatial information. The RGB colour 

1The temporal indexing notation using t replaces the one using k from the previous section throughout 

the rest of the thesis. The two notations are related by t = kll.t. 



9 Chapter 1. Introduction 

space was chosen simply because raw image data is in RGB, and although slightly better 

representation (with regards to varying lighting conditions for example) is achieved using 

HSV and L *a *b colour spaces, the incurred computational costs in the conversion ( from 

RGB to HSV / L*a*b) is not justified. At initialisation or during the matching process the 

histogram is populated only by pixels in the foreground regions masked by the expected 

target position, shape and size in the image ( defined by the projected ellipsoid). Foreground 

regions are obtained using background subtraction in RGB space. 

The matching process is performed by sampling the image according to the prior distribu­

tion p(x(tlt - ~t)) and comparing these samples to a reference target colour model. We 

found that slightly better performance was achieved when using Bhattacharyya Coefficient 

approach rather than the Histogmm Intersection approach for histograms comparisons. 

The best matched sample is then used to define the measurement pd£ p(y). 

1.2.3 Tracking with multiple cameras 

As stated earlier, a world-view formulation of the tracking problem facilitates the task 

of combining measurements from multiple cameras. Figure 1.2 gives an overview of the 

system for multiple camera configurations. Each camera view is associated with a different 

tracking client. The world view model in which the tracking takes places exists in a world 

coordinate system which is independent of different camera views. Cameras are calibrated 

to this world view so the transformation from world view to image view is always known. 

Each time a new image is captured and made available to a client foreground regions 

are identified/segmented using a reference background model. The client then fetches a 

description of the current targets from the world-view Server and the predicted or prior 

distribution p(x(tlt-~t)) is calculated. The client then tries to match the segmented image 

data to the targets in the scene. The target representation and localisation introduced in 

the previous paragraph determines how this matching process is performed. At the current 

stage of implementation each client maintains its own colour model of each target. Finally 

the client returns to the server the observation obtained from the image and the updated 

or posterior distribution p(x(tlt)) is calculated. 
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Figure 1.2: Client Server Configuration. 

1.3 Datasets 

The current implementation of the proposed tracker is too slow to track in real time, so 

it is tested and evaluated using prerecorded video sequences. The datasets chosen cover a 

wide range of different camera configurations in an attempt to show the generic nature of 

the proposed method. Each has its own particular difficulty with regards to both tracking 

and calibration aspects. The sequences are: 

1. The 2-Cam Debtech sequence 

2. The 4-Cam DIP sequence 

3. The 1-Cam Jammie sequence 

4. The Colourful People sequence 

5. The PETS2002 sequence 

6. The PETS2004 sequence. 

1.3.1 2-Cam Debtech Sequence 

This dataset is an indoor sequence taken using a set of 2 near-horizontal cameras with 

overlapping views. Images from both cameras were recorded synchronously at a fixed 

frame rate. Although the sequence only contains one person, tracking difficulties arise 
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Figure 1.3: The 2-Cam. Debtech sequence. 

from partial and complete occlusions occurring in at least one of the views at a time. The 

calibration of this particular camera configuration can be done using all the methods dealt 

with in the thesis. Figure 1.3 shows views from each of the cameras used. 

1.3.2 The 4-Carn DIP sequence 

This dataset is an indoor Se(1uence taken using four ceiling cameras pointing straight down 
with partially overlapping views. The images from each of the callleras were received asyn­

chronously, each with a time-stamp. The sequence contains three targets and difficulties 

a.rise from the numerous occlusions that occur. Another difficulty arises from the fact that 
the images received are quite severely radially distorted. Since calibration points were 

available, Tsai's method wns used iu this case to calibrate the cnmeras. Figure 1.4 shows 

shots from each of the cameras used. 

1.3.3 The 1-Ca.in Ja1nn1ie sequence 

This dataset is an outdoor sequence taken us:ing one near-horizontal camera. The difficulty 

of th.is sequence arises from the fact that the three tracked people are of v-ery similar colour 

composition as illustrated iu figure 1.5. Calibration for this sequence was performed using 
Tsai 's method for coplanar calibration points and an automatic method prop05ed in this 
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Figure 1.4: The 4-Cam DIP S<tquence. 

thc;;is. 

1.3.4 The Colout·ful p!!opl!! sequence 

T his dataset is au indoor sequence taken using one near horizom11l crunern. The difficulty 

of tl1k; ,;equence result~ from the numerous occlusions that occur from the interaction of 

the ~even people present in the scene at the same time, despite the fact that they arc highly 

colourised. Fi~-u.re 1.5 shows a particular frame ta.ken .from the sequence when all 1,even 

people a,re present in the Rcene. 

1.3.5 The PETS2002 sequence 

This datMet was recorded an<l made available a~ a standard dataset for the Workshop on 

Visual Snrveillance and Pcrforman~-;i Evaluation of Tracking And S11rveillance (PETS} in 

2002. lt is a sequence t.aken \\~th a low quality cfl.lllera in a shopping mall environmem. 
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I .. , Cu.aeras 1 
3 T ◊tat tracks 7 
2\S Total frames 800 
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360 X 28$ Frame size 384 X 288 

Figur€' Ui: 'flt<, 1-C=, J,,mmie lilld Colourful Pooplo soque1Jc,os. 

l 
9 
1050 
15 
352 X 240 

PETS 2004 Se,,m.•nrt-

Cameras 

Figure 1.o: 'Tht> 2002 "1!d 2004 PB1'S sequonc,os. 

This is 1>rohahly the most difficult data8et us€'d in Lhis Lhesis. Th€' main difficnltie8 arise 

from the: poorly d€'11n€'(] entry and exit points, the poor image qualiLy 3.11d th€' similitnde of 

the colour composition of p€'0ple in th€' scene. Calihration had to be: pcrfum1t.-<l 111a.11uaily 

for thiH sequc,ucc:. Figure 1.6 shows a. paJ'ticnlar frame taken from this st.-quence. 

1.3.6 The PETS2001 sequence 

This h18t daL,i.,;et was recorded Afld made availnbk for the PETS 2004 workshop. l t w3s 

taken from a ceiling c3mer3. placed quite high above the: grom,d. The dilliculLies here a.rise 

from the small size of target images an<l the presence of a pntch of sunlight in tile mid<l]e of 
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the scene that drastically affects the colour composition of the targets as they pass r.hrough 

iL, as shown in figure 1.6. 

1.,1 ·Thesis organisation and outline 

Chapter 2 dcscribL'S the merumremeut process. It deu.Js with our choocu mcLl10d of target 

represe.ntation for both colour and 11hape aspects. We e.xplain how 3-D target shape model 

is projected to its co1Tesponding 2-D ims.ge. We desc1ibe how r.he image samples are 

obtained and compared with the reference colour models. 

In chapter 3 we give details of our person tracking algo1ithm. We describe how tracks are 

initiated sud termit;s.r-ed and we list the assumptions made by the track.iug system. 

Since the tracking system presented in thii; r.hesis rPli€6 significantly on the calibration of 

r.he different, cameras to s. common coordinate system we address the probkm of camera 

calibrs.tion in chapter 4. We describe the two-stage automatic n1cthod based ou one by 

Jones ct al. We al.so suggest but do not discus.~ in detail some othe.r calibration methods 

for camera configurs.r,ion ths.t cannot be calibrated using thL· automatic method. 

In chapter 5, we give an waluation of the performance of the tracking mer.hod on each of 

the chosen datasets. We detail how the compkxity of each of thl- datasets is computed. 

The evaluation is performed by comparing tracks estimated using the prop05ed system to 

t,racks that were generat,L-d by hand. 

We conclude the main body of the t.hesis with chapter 6 where we discuss findin,l!,S and 

propose some possible extensions the method~ presented in this thesi-;. 

In appendix A, we specify I.he various parameter~ that we used in the evaluation of t,he 

tracking system. 

Appendix B dl'scribes Tsai's camera calibration method. 



Tl1e l\!Ieasurement Process 

Thia chapter describes the observation or measurement process of obtaining p(y(t}} where 

y(t} is related to the state x(t) by 

y (t) = h,(x (t)) + e(t), (2.1) 

and where h0 is the mapping from t.lie stat-e vector (target's position in the world) to the 

measurenumt vector (target.'s position in the image) for camera c and e(t) is a Gaussi,m 

noise. This process h3S two aspect,s that- need to be addl.'essed. The first deals with the 

choice of a feature space to characterise targets. For eacl1 target. a reference target model is 

represented in t-he chos1m feature space. Consider several target candidates also represented 

in the same feature space and obtained from diffel'ent parts of an image. By computing 

the similarity between the target model s.nd the selected target candidates (samples from 

the inlage} we can deduce the most likcly position of the target in the irnagc. The next 

problem is to decide how to select those candidates from the image (position, size and 

shape). From a computational cost point of view, s.n exhaustive search of the whole image 

is too expensive to be considered. By using the prior distl'ibution p(x(tlt-.6.t)) (constraint 

on position) and by assuming that t-argets are ellipsoidaJ in 3-D space (constraint on shape 

11.Dd size) we show how only a few well picked samples are necessary to A.Ccuratt>Jy locate 

tai:gets. 

\~le start by introducing Olli' chosen feature 5Pace for t.arget representation. The next topic 

we discuss is how correspondences between the wold-view ,;nd the image view is done with 

15 
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a brief introduction to perspective projection. We e.,q>la.in how the world-view model of 

a target (the ellipsoid) is generated aud how we can use perspective projection and the 

ca.librntion infom1ation to compute the corresponding shape of targets in a given camera 

view. Finally we describP the process of obtaining ii measurement, from the image using 

our chosen target representation. 

2.1 Target llepresentation: Colour 

As mentioned in chapter 1, the feature space chosen to represent targets is a compromise 

between histograms and appearance models. We bin colour infomrn.tiou to a nn x no x 

»B x nz histogram whe.re nR, no and nB are the number of bins for Red Green and Blue 

values. 

The height dimension of the image of targets is cli~cretiscd into n: bins. Using this 4-

dirueusional histogram is eff~tively the same as modelling targets using n, ordered nn x 

nc x nB colour histograms, enab.ling us to make use of some spatial information while 

retaining the advautages of using histograms. \1/e thus define the discrete pelf's of the 

target model and a target candidate at position y as 

n 

target model: I: q., = 1, 

n 

target candidate: p(y) = {p.(y)}.,=L» L p,. = 1, 
u=l 

where n = nn x na x nB x n,. Figure 2.l(a) shows a frame from t.he Colourful people 

sequence. The histograms (rotated on their side) representation of two of the targets 

(orange and green person) are shown for nn = no = nB = 10 and n, = 6 in figures 2.l(b) 

and 2.l(d). The colour of each band in the colour charts shown in figures 2.l(c) and 2.l(e), 

is the mean of the RGB pelf for each of the height partitions. 
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Chapter 2. The Measurement. Process 

(a) Colourful People sequence - frame 12.; 
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-,--n¼ 'Qo, Olli$ flO! C.(;$ O,~ Oct.\ ·---11 ... --,N, 

(b) Histogra.m for ornoge person 

w.,;,: ~ 001 (111~ ).(: 11= o.~ ,o.t«, 
.,, .. ,t.J!>+j.otey(I(• 

(d) Histol!,rnm for gree11 pe1-wn 

(c) Colour chart for or­
!U1l(e perroo 

( c) Colour ch rut for green 

person 

Figure 2.1: Colour model swnmary for 4 tracked subjects. Each of the 6 'bands· are coloured 

with the mean of the colour histogram associated !\1th the roITesponding height partition. 
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2.2 Target Representation: Shap0 and Size 

Before we can discuss how OW' chosen 3-D world Yiew representation of the targets is 

projected into an image view we need to introduce a few notions dealing with perspective 

projection and camera calihration. Goorl references 011 this topic include books and notes 

by Pollefeys 131], Hartley ru1d Zisserman [12] and Birchfield [3]. 

2.2.1 From the \.Vorld View to linage View 

The worlrl to image t.ransfom1at.ion function is a non-linear function pa.ran1eterised by 12 

scafarn (calibration parameters) , 6 extrinsic and 6 intrinsic. These CM he usefully comhine<l 

to form 3 parameters IR t] (perspective projection matrix), S (intrinsic matrix} and 11, 

(radial distort.ion paramete1"ll). 

The Perspective Projection Matrix 

IR t] is a 3 x 4 matrix known as the perspective projection matrix1. The matrix [R t ] is 

also referred to as the extriosic matrix because it holrls the CA.mera's extrinsic parameters. 

These describe the caruern pose within the predefin<:'d world coordinate system. Jn other 

words, they relat,;i the camera reference frame to the worlrl reference frame. [R t] is 

made up of a 3 x 3 rotation matrix R and a trs.nslat.ion vector t. 'The matrix R is itself 

constructed using the pitch, yaw and roll angles of the camera. The vector -R'tt gives 

the position of the camera in the world reference frame. 

Tho S Matrix 

The 3 x 3 matrix S rlescrihes 8.1l affine t.ra.risformation t hat. scales camera-centred points (in 
world units) to image points (in image units). It is known as the intrinsic matrix because 

it holds some of the camera internal parameters, namely 

1 Per.,1>ecti\'e ()rojection maps a point in'/» to a point in -P2. A point in proj•c-t,ive space of 11-uimeu,,ioxw, 

ptt ii; representt'd by an augmented (n + l) vector of coordlnotes. 
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• The lens focal length /. 

• The horizontal and vertical pjxpJ dimensions or jnter-pixel widths o.·i, a, of the capture 

clcmmlt or CCD2
• 

• The row and column inrng-e centre coorilinatcs (io, j 0). 

• The skewness of the two image axes, denoted by c. 

S is given in terms of these parameters re 

s [
/'~ 
• J 

0 

0 

(' ~ol Jr io I 

0 1 

where J,~ = .L, ft= L and c is assumed to be 0. ~, o. 

The parameter P - S ll t] describes the hansformation from the wol'ld coordinate system 

to the undistorted image plane. This is a homogenous transformation so 

Yu = PX, (2.2) 

where X is the augmented 3--D world point (X.,, Y,.,, Z,,,, 1) and Y., is the augmented 2-D 

projected image point (Xe, Yc, z.). The w1dLstortcd image coordinates y,, = 0u, iu) arc 

obtained by 

(2.3) 

Lens l.u,<lii,1 Disl.orl.ion 

There arc two types of radial distortion: pincushion and banel. In the first CA.Se, the further 

a point is from the centre of the image, the more it is distorted away from the centre of the 

image. In the second case, the opposite happens: the further the point is from the centre 

of the image, the more it is distorted towards the centre of the image. Barrel distortion is 

more common than pincushion distortion. 

'Throughout this thesis w• d<>not• row anrl column pix•I ooordinat<s by i anrl j. 
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BA1Tel rudio.l clistortiou can be wodelled ~s fnllows: 

(2.5) 

where 

(2.6) 

(j, i) m·c dbtortcd image coordinatt'8, (j", i.") arc umli;;cwrted imuge cnordiM~es :ind r.1, rc1 , ... 

:ii·e the distmtinn coetlkiimt.s of t,he lens. For b>1rrel distort.ion ,-;,J is negnt.ive. For most 

applicatious it is sullicicut to rnocld di:,;tortiou only wich the!'; nrder db~onion coelliden~ 

,-;.1 . There. A.te inst>1nr.es. p>1rtir.11I.,.rly when import.Ant iuform>1tiou ~ rnntruncd in the cx­

~i·t•rnc:1 corners of ,,.n im:ige with high distoitinn, when it. is neces.,;arv to include. the 2nd 

order distortiou term~ ru; well. Figmc 2.2 ill118tmtt.v; barrel distortiou wheu it is modelled 

using only r.1, :ind then u~ng 11:1 (negative. v,,lue) ~nd 1<2 (positive v>1lt1e). 

lf;f [f ! ~ ~\\Wt~\ 
...... , •••• ' •••• + ..... .. ......... ' ...... ' ..... .. 
~ ....... ' ... ' ........ .. 

\\\(\\ l \ \ ~ l I jj/j!J1 

(h;, J ~, o::der dixw:·Liou 

Fi1;11re 2.2: lllustratinn of lens dis~ortion 

Kot.e thRt Tsai :4aJ, Amongst nchers ('31, 481, mode1, distortinu as the inverse of the hmc­

lion$ laid out iu (2.4) and (2.5). If 'Trni's nppr0Ad1 is used 11:, is posir.ive. for out applir.A­

tion, 'Tsai's approRr.11 is more compntP-tinnally e>q)en$ive he.nee we. adopt \he formulation 

given in 2.4 And 2.[,. 

2.2.2 The Ellipsoid 

An ellip,x,kl is A second cmfor surface th.it bcloug,, to a fom.i.ly 8urfar.e~ referred t.o AS 

quad,-ir.s. In P", a <111arfric. c~u be reµrescutccl by a (n .. 1) x (n ·I 1) nrn.t.rix Q ~uch r.h:il 
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all the points that are elements of the quadric will satisfy: 

(2.7) 

where X is a (n + l) vector. 

In the case where n = 2, quadrics are called conics. Ellipses, parabolM t\nd hypP.rboias 

are referred as conics in projective geometry. A useful property of a quadric such 1Uj the 

ellipsoid is that it fonn.s a ?rD conic under perspective projection transfonnations. Using 

ellipsoids to model the sb&pe and size of targets is thus convenient since it results in 

elliptic&] person models in the image plane. In the 3-D world view we define an ellipsoid 

in terms of a centroid, size and orientation. Since we arc always going to assume that the 

tracked subject is a person standing or walking, the orientation is NjSurned to be vertical 

at all times. The quadric Q used to represent such an ellipse s.ize r,, x ry x r, with centroid 

at (XQ, YQ, Zq) shown in figure 2.3, is constructed as follows : 

L 0 0 -~q ,; ,, 
0 I 0 -Yo 

Q = ,; T (2.8) 
0 0 1 =§?-;:er 

-~q ~ -~ x!t Y.~ z2 
~+.:£..:..:Q 

rj! '• r; ) )'~ • )':J ' . , 

I 

~i•I ;~-
I I 

! 

a· 
Ii;:-

Figure 2.3: Ellipsoid used to model shape of person 
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3.3.3 Fro1n m1 l<~llip1mi<l lo nn 1-<~llipse 

An dlipsoid is a partkula.r configuration of a quadric represented i11 homogeneo•L~ coor<li­

oa.te.s by a symmetric 4 x 4 matrix Q. The points in spa.::e that are inside the ellipsoid 

satisfy 

(2.9) 

where X = (X, Y, Z, l)T is the 3-D homogt'neou.s ooordio.atffi of point-sin the world view. 

, 

Figure 2.4'. A qnadrk Q with iti; projection C ou the image plane 

His shown in (40] trnit for a norlllalised projective car:o.ern P., = (1 0 ) , the profile of a 

quadric 

Q,. = ( .,. 'A b) 
, b ' (. 

is a conic C described by 

(2.10) 

Hence the points Y in the image tha: lie inside t.he projected ellipse satisfy 

(2.11) 

whE.>xe Y is the homogeneous undistorted pixel coordinates of points in t.!1e illlage spa,-,,e. 

To obtain the image Q" of a c111a<lric Q., in an arbitral'Y projective camera P = S{R t], 



onP h,.lH l.o first compute 7-{ such that P'H = ( I O) . ?-t cnn he c.akulAtE'cl usi111; L11.­

followi11~ rcusoning. 

Let X •. be" point in the world r.:oor&uaLe .;yslcu1 and X,. be tlte r.:orrc,pontliui; poii,t in thP 

normAHse..l coorrl1M te 8}'stem rletPrminerl hr P. The inrn,gP poinr. of X,.. in homogenE'OllS 

coordinntPS i, 

(2 12) 

S1111ilurly. 1,lie imAge of the AAme point pmjPc1Pl'I from thP normalised coorrlm11tP ,y,tPm lh 

(2.13) 

Sin<X> thl- l0st, rnw of 1-l will be ( 0 0 0 I). 

(2.15} 

LP.t,ting P = ( P 11 µ), it <.:l\Jl be sLowu ll1ul 

(2. 16} 

Aud 

P 1111'.11 + p - I. t2,17} 

Om>: 'H is foull{l, thP normAh:i<"d qunrlric Q. b c.ikulalc<l a:; follows: 

(:2.18) 

Tlw ptoJf>rlPd conic C r.:ao tbeu lit• cakulutrrl u, i1Lg 2. 1 U Fii;ure 2.-l illnstrlltes t,hP. mn.pping 

of u world view qundric Q (ellipsoid) t,o a co11it· C tt'lhpsc) iu Lhc image plane. 
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2.3 Target Localisation 

11,,.ving "'xpla.ined our chosen tttrget formula.tion we now descrihe how WP. use ir. t.o ohr.11in 

A. mea.,;urement from the imA.ge. Since the computA.tion involved in the hi1,t.ogram repre­

senttttion ttnd m-lltching is quit"' substttutiol, wP. wttJLt to k~p th"' numbe,· of i111.11ge samples 

required to find y as low ns po...esible. The adopted t,arget locillisatiun process is giv(m in 

figure 2.5. 

S1art1ng w4h the 
prier distribution Generate: s.smp!.e: 

P(X(lll·llQ) - point$ in \IIAJrld vitHt 
from t~ prior 

distribution p(x(tlt-llt)) 

l 
O'ererste ellipsoid Projectwocld view 

in wcrld view located sample points to 
at the mean of image coordinate 

p(x(tll-lll)) system 

l 
Calculate image S•mplo :he segnenred 

coordin&tes of pCCnts image by offsett1rg 
falling inside i--, ellipse image coordinott$ 

projecied ellipse v,tth elllp:s cenh es at 
p,oJected sample PQtn\$ 

l 
Bin oct, 
:ample to 
histogr•m 

! 
Target •--• Comp~re e•ch 

refererce salf'f)le with 
model retewce modal 

t 1 I 

Upd•I• targel 
~ 

Calo.1l$te fl.Y) 
reteren::e model <Aing bast 
using best rMtoh mtrtched $Smple 

Figw-c 2.5; Tarr;et localisntion p.-oce.ss o,e,·vi.,w. 
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Sample generation 

We generate m sample points x, according to the world view pric,r distribution of the 

ta.rget p(x(tlt-Ll.t)). Figure 2.6(a) shows a top-view of the world coordinate system where 

4 targets are present. The ellipse shows a line nf equal prnbabilit.y for the world view prior 

distribution and the +'s show the 'kurld view sample points that were drawn from t.hat 

distribution. 

Projection of sample points 

We proceed hy projecting these sample points to the image view by using the transforma­

tion described in t.he previous section (equations 2.3, 2.4, 2.5 and 2.10) to obtain the set 

of points {y.h,.,. An illustration of this process is shown in figure 2.6(b). Tl,e +'s show 

the {y.}1,m values for each targets and the ellipses show the lines of equal probability for 

the prior distribution projected nnto the image. 

Generation of 3-D ellipsoid 

In this step we generate the 3-D ellipsoid quadric matrix Q at centred at world coordinate 

(i:(tlt - Ll.t),y(tlt- L:,,t),rz) and dimension r, x r11 x r, using equat,i,)n 2.8. 

Computing image points that fall inside projected ellipse 

We calculate C from Q using equation 2.10. 13y applying equation 2.11 we obtain undis­

tnrted image points that fall inside the projected ellipse described by C. After re-scaling 

using equation 2.3 these pnints can be applied to equations 2.4 and 2.5 to obtain the 

dititorted image points that foll inside the ellipse. We ciul this set of points y •. 

Samplinp; or imogo 

By centering the cluster of puiutti y, at locations {y,h,m we obtaiu m dilferent elliptical 

image samples. An illustration of t.his is given in figure 2.6( c) where ellipt.ice.l shaped 
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samples are taken from the scg1nented image. 

Binning of each sample 

For each sample taki>.n, we bill the colour-!u•jght informat.ion to obtain m candidate distri­

butions {Pu(y,)}1,,,,. :-rote that only foreground pLxels arc considered in this process. 

Similarity Measm·e 

The similarity or likelihood measure between the model distribution <! and a candidate 

distribution p(y ,) is obtaJnoo. using the discrete version of the Bhattacharyya Coefficient 

definoo by: ,. 
P(Y.,) = L VPu(Y,)<Ju• (2.19) 

u=l 

Figure 2.6(e) shows the colour model matching output p(j, i) surface for the white target 

model rt>fert>.nce in the neighbourhood of the white and pale blue targets. In figure 2.6(f) 

the response pi,; sl1own for samples that were taken (shown by the inverted red triangles). 

Calculation of measurement distribution p(y) 

Since the measurement distribution p(y is Gaus~an it can be CA'J)rcssed simply by a mean 

vector y and a covariance matrix Ny- The mean vector y is approximated to {Y.,}mw: 

where (p(y.)} ..... = max({p(y,)}1, ... ). Figure 2.6(d) shows the sample which gave the best 

m~.r.d1. The oo,rariancR. matrix N • iR a function of {p(y.) },,,.,,. The higher {p(y.)},,..,,,, the 

better the match and so the lower the uncertamty should be. N, is thus given by 

N = _1_ (er; o) 
Y p(y) 0 crf ' 

(2.20) 

where al and aJ arc the row and column uncertainties, which arc fixed thrnughout the 

tracking process. 
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Figure 2.6: Snmpliug the sei,'lllent-ed image iu tlte target, localisatillll proc=. 
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Colour model update 

The colour reference model is initialised using only one frame (see next chapter section 3.5), 

so there is always some probability that. important colour features might have been missed 

on initialisation. Also, light variations can alter the colour features of tracked subjects 

quite drastically, especially in outdoor scenes. To overcome these effects we slowly adapt 

th.- colou.r model of each of the tracked subjects over time as done in 128]. The update 

of the target, reference model is implemented hy mixing the reference model with a smA.11 

part of the best candidate model using the equation 

(2.21) 

.\, is a. learning rate parameter. 



Cl1apter 3 

Tl1e Persor1 Trackir1g Algoritl1rr1 

The prevfous chapter described the observation process that is executed each time " new 

frame is available to 1,hesystem. In this chapter we desctibe how we use this to track targets 

in the cho1<en world-view coordinate system. We start with an overview of the algorithru 

before describing in detail some of the mol'e important, components namely state transition , 

state update, foreground upda1,e and track initialisation, and track termination. 

3.1 A.lgorithrn ()vcrvic"\V 

Figul'e 3.1 gives an overview of tl1e trading algorithm. The algorithm makes a number of 

assump1,ions about the camera,;, the scene and the targets. It as.sume.s that camera.s are 

fixed, that they are calibrated to a unique world coordmate system and that there is some 

overlap between the views. Entry a11d exit points of monitored scenes SJ'e a,;sumecl to have 

been specified beforehand. Thrgets to be tracked are people of avel'age si7,e walking OI' 

standing on a horizontal ground plane. No slopes or steps are taken into account, although 

if one were to construct a deta.iled de'lCriptiou of such instances, then the system could 

quite easily be adapted to cope with them. 

29 
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3.2 lmagc Preprocessing 

The fact that we are using fixed crunentS allows \lS to perform foreground/background 

segmentation at relatively low coniputational costs. This step considernbly reduces the 

amount of ima.ge pixels to be processed as well as provides further constraints on the 

measurement process. We demonstrate in chapter 5 that the t.raclciug process is not seri­

ously affected by poor segmentation but does suffer if no segmentation is performed. This 

justifies our choioe for a simple se~mentatiou algorithm summarised as follows: 

The background model is simply the image of the monitored scene when it conta.ins uo 

targets. A difference D is calculated according to 

D= II-Bl (3.1) 

over each pixel, where I is the current image and B is t,he background image in RGB 

coordinates. D values are then simply thresholded to maxk foreground regions. 

3.3 State Representation and 'f·ransition 

For each person being tra.c'.ked, the system uses a separate single world-view model. This 

model describes the x and '/! position and velocity (a 4-D state vector x = (x. y,x, yjT), 
together with a measure of the uncertainty in this vector (a 4 x 4 diagonal covmiance 

matrix N..,) in the chosen 3-D world coordinate space. This cont.rasts with the Brnmble [14) 
implementation, where all the target states are parruneterised by a si11gle state space model. 

This one state space model formulation allows for occlusionR to be handled implicitly. In 

our implementation we have to handle occlusions explicitly. Thi.-; ii; achieved by processing 

each of the separate to.rget models in order according to their distanca; to the cameras 

(or depth) starting v,~th the closest one, and then modifying the image (as described later 

in tht-; rJiapter) so that tlie infiuence of targets that might be ocduding other targets is 

reduced. 

The individual target model x follows a transition relationship of the form 

x(t + .C:.t) = F(At) · x(t) + IAt!v(t) (3.2) 

where 
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l 0 t.1 0 

0 1 0 6.t 
F {!:.t) = 

0 0 I 0 

0 0 0 J 

ttnd where At is th~ time ths.t has elapc,;ed sin1·e t,ho model wii.;; IAst 11pd11ted, nnd v(t) is a 

CtttL,sian noise sequenw. Note tlvit the uncert run~y grows wit.h tirue betw~.n observations. 

Also, since we arr- s~ing tlie uncertainty by the modulus of at. we allow neg,.,tive yaJues 

o[ !:.t. Tiw. allows ob!emitious to be maile out of 6<!quence, which could es.slly <X.cur when 

trocking with mnltipl"' camera's. 

Given an in.itial or a previ•>US estimate oft he stlJ.e ,-eccor at time t-6.t, nll.!ltely x(/ - Litlt - lit ) 

with associated 1mce!'t11inty M(t - ti.tit - 6.1), the prodicted state Mil a~socinted uncer­

tainty at time t are given by 

:x(tlt - .lt) = F(!ll) · x.(( - L:.tlt- At) (3.3) 

M(ljl - ~() - F (~t):M(t - 6.tjt - ~t}FT{..l!) + IL:.!INr(I). (3.4) 

The update step can b<- summarised a<; follows: 

Given an obse"l'·ntion y(t) , the predided state vector x(tll - ~ t), Md the 

1'115))8('.tive nnrertain,ies N 7(t) and M(tit - ~), make an optimal e:.iinrnte of 

the location x(tll) and its MS-Ociated unoe1 tointy M (tit). 

This is done 11sing the I<rumM filter fonnulntion: 

x(rlt) = x(tlt - c.t) + K (t)!y(t) - h(t,x(tit - lH))J 

M(tlt) ~ M (tlt - flt) - K (t)H (t)r.,f{tlt - ~t). 

Since b (t, x) IS non-linear, H (t) is calculated by locrulv linearisini; b At X = x(tlt - ~t): 

H(t) = &h(t,x)I 
[)x ~d(!II- At) 

(3.7) 
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Thus 

(3.8) 

The l<alman gain is calculated w, follows: 

Figure 3.2 gives an overall picture of the update step. Frames taken from the '2-Cam 

Debtech' se<1uence where one person is traded by two cameras with overlapping views are 

shown. Figures 3.2(b) aud 3.2(c) show simultaneous views from camera 1 and camera 2. 

Figure 3.2(a) shows a top-view of the world coordinate system at that same instant. The 4 

ellipses show lines of equal probability af distributions. The large grey (more circular) el­

lipse is the predicted distribution (or prior) p(x(tlt - At)), the elongated red ellipse shows 

the measurement p(y1) obtained from camera 1 the elongated purple ellipse shows the 

measurement p(y2) obtained from camera 2 nnd finally the smaller blue elli))IS8 shows the 

estimated position (or posterior) of the position of the target p(x(tlt)). The small grey cir­

cles, red +'s, purple crosses and blue triangles represe11t pre\'ious predictions, observations 

and estimates. The black line shows the ground truth that was defined manuilly. 

Foreground l.:pdate and Initialisation 

The updated world position of a target is 1.1sed by the system to mask out foreground regions 

associated with the target. This improves the subsequent localisation of other targets that 

are further away from the camera especially in the event of au occlusion. figure 3.3(b) 

shows a scene from the 'Colourful People' sequence with 4 targets being traded and a. 

new person having just entered ~he scene. Figure 3.3(c) shows the foreground image after 

the target closeSt ~o the camera has been masked out. The measurement processes for 

8ubsequeut targets, which are partially occluded, are 1,hus not influenced as much by that 

first target. 

When foregTOund regions near entry points a.re not accounted for by any of the currently 

tracked targets, a new track is iniUalised. In other words, initiaJisation of a new track 

is triggered if at a predefined entry point the foreground pixel count of BD ellip.<ie~~haped 

sample is above a certain threshold T.nit· Figure 3.3(a) shows entry/e.xit points for the 
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Obser,iltlore. ;:red1cticn. opt-mel esllrMllcn w.:111~00:le<I W.fltFli1:.ty 
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3.1 
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(a) World ,•iew of estimate with ob<lervatious from 2 

ca.merAA 

(c) Carru,ri, 2 

(b j Ca,1.uera J 

Figure 3.2: Simultaneow, views from cametfl. 1 and 2 at dmt particular instant with estimated 

position of ellipsoid projected back onto the image 

'Colomful People' sequence. The unaeconnted for pixels near the entry point as shown in 

Figure 3.3(d} rue used to initiate a. new track. 

Once detected the new l,urgct is tagged, a new statP vector containing its position a.nd 

velocity is ~-eneratcd on the setvPs Md a colour reference Utodel for the target is defined 

and distributed to all clients. This simplistic approach to initialisation wrus implemented at 

the very l~st s~agcs of the project and works well on the dati,scts presented in this thesis. 

Howew.r, it needs to be improved furth<>..r. For instance, should a person entering the scene 

be occluded by another person aJrnady in the scene or entering at the same Ume, his/her 
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entry may not be detected by this approach. 

(a) The ellipses show where image samples ,re (b) 4 Tracked Ta,rgets a,ud one new (.,_rget to be 

t~ken to rletect new entries. 

(c) Foreground model after closest \ar11,et is (d) Foreground model a~er all 4 trar.ke<l subjects 

masker! on t . are masked out. 

Figure 3.3: Foreground model update and initialisation. 

The updated foreground is also a useful mask for the background model update. Thb i~ 

implemented by a simila.r equation to t-he one used for the colour model update: 

B(t) = (I - ,\~Llt}B(t - Llt} + ,\bt..tF l(t}, (3.10) 

where Bis the background image (RGB), Fis the mask (binary) ma.de up of the projected 

ellipsoids at the estimated locations of the tracked subjects, I is the current image (RGB), 

and ~b is the learning rate parameter. A background update at every frame slows t-he 

tracking process down. Thus depending on how much light.ing va.riat-ion one expects, the 

background may be updated at regular t-ime interval~. The background update step was not 
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implemented when testing the algoritlnn with the selected sequences because they were too 

sho1't to contain any drMtic lighting conditions that would liave affected the segmentation. 

3.5.1 Tcnnination of Track 

Vv'hcn a target leaves the scene we expect observations with low quality of match Pm••· 
The main difficulty is to decide whether the poor quality of the observations are due 

to the target having indeed left the scene or whether the target is simply being occluded 

temporarily. Figure 3.4 shows a typical rc~-ponsc of the colour watch variable p,,,"" tbrougli 

a particular person in a tracking sequence. As one can see, p.,,.,, is as low during occlusion 

as it, is when the t!ll·get exists, so it is not ,i sufficient indica.tion tliat the target has indeed 

c."'citcd. Fortm1ately we know the world view locations of exit points and using this cxtn, 

information we cru1 more robu;;tly terminate tracks. Shown on the same a.xes in the figure, 

is the variable dm,n, which is the world view distance of the estimated position of the 

tracked person to the nearest exit point. Occlusions tend to be short, whereas as a target 

exit results in a more sustained low p,,..,,,. Hence a track is terminated if the follm,;ng 

conditions are simultaneously met: 

2. mean(p,,....,(t - T,), ... pm,,,(t)) < T,, 

where mean(,>mu,;(t - T1), ... Pm.,,(t)) is the average value of the best watch obtainc-<l over 

the last Ti seoonds,and T.t~,,. and T,, arc threshold values for distance to closest exit point 

and value of best match. 
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Figure 3,,J: l'lot of matching rosponso Pm•• anci d,.,.;,, for orang" person in 'Colourful peupl" 

Sequence' for 300 frnmos. Tho clistauco d,,., .. l,;i.s he.,., scaled Lu fit the axes, eu a value of 0.1 

actually r~1>r~sem.s LO m~t.tt'S. 



3.5 Foreground Update and Initialisatiou 38 



Chapter 4 

Camera Calibration Suited to Person 

Tracking Applications 

In this chapter we prt'St'ut ,t camt•ru calibrnl-iou solutiou for pt'rSon trncking upplkutions. 

Our appro<l(:li is based on a. 2-sr.ai:,;e method proposed by Jones et 3I. :101. Tn tlie tlrst 

stage the method uses observed image size variations of objects obtained from a seqnence 

of ima.ge5 lo aulo:n3tic.ally rec.ove1· the loc.ll ground-plane tra.nsfonnation, by making some 

a;;.~umptionH about the rnmern and the monitort'd scene. In the second stage, tht> transfor­

llla,tion between tl,ese local ground pla.nes is recovered. For cJses where ass11111ptions uwde 

by the uutomatk method urt' breached we propose somt' adaptations thal rcquirt' some 

level of user/operator intervention. We end this dmpter by briP.tly describing an approad1 

that 1113kes use of visnal r:nes present in the scene, based on a met.hod hy THai [4a] that. 

also proves to be of SOllle prad kal 1.1se. 

4.1 Local Ground P lane Calibration 

To recover tl1e locnJ ground plane trn11sfon11.atio11 a.u\omatic.ally using the proposed a.p­

proach we need 2 thini:,;s. First, WP need u modd that t'xplains how tht' size (or lit'ight) 

of the projected 2-D imai:,;t> of an object varies with its Vt'rtkul position iu the imagt' in 

lcrnL5 of c.a.m<:'ra. paramer,ers. ·111en we nPed a procP.HH for observing and recording this size 

39 
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vllriar.ion given a. video sequence or set of images taken using Lite camerns that are to be 

<:a.libr11.ted. 

4.1.1 T he P roj<ictcrl Object H night lVlodcl 

It is shown in [16] that the height ho[ the iuw.gt- o[ au object o[ heigl1t H loc.1lt'd ar. imllge 

row coordina.tP ·i cl\n be rela.ted t.o r.runern parameter;; ef;, t,, /;' and in by 

h- r.oR,bRinef;((/;')2 -(i0 -i}2
} ·t-J;'(in-i}(cos2 4>-sin2 .v) 

ff(t,/H- r.os2 ¢,} + (in - i)cosq\sinef; ' 
(4.1) 

where 4> is the pitth angle of the camcm, ta is the height of the camera above tht- groun<l. 

ft is the focal length to pixel wi<lth ri1.tio ,:incl io is the row r.oordina.t,e of the optical cent.re. 

Tht- tarllt'rn parameters <j), ta, fi' aml lo arc suflkicnt to <lcstribe the local image to ground 

plA.ne t.ranRfonna.tion if a ;;implified ca.merA. model is used. Figure 4.1 Rlww;; a.n ilh1;;trM.ion 

of I his simplified model wht?te 1,he fr1llowi11g i,s,umpl.ion;; ;ire rn11.de: 

• The pan a.nd roll /Ingles of tht- Climer;,.() 1md 1j1 ,:ire botl1 very smoll or equal to 1.ero. 

• Tht- origin of the ground pl;,ne c:oordin.1tt- systern is directly bdow the optical <:t-ntre 

of the camera. 

• The column pixel width iR equal to the row pixel \\;dth o:_; = a,. 

• The optical centre (Jo, io) is Assumed to be the image cent.re. 

• Lcr.s radial distortion effect;; are ignore<l. 

Jone;; et a.I. [lG] further ,is;;unw tha-L the proj!:'Ctcd 2-D image o[ ai1 object varies linearly 

witlt iLs vertical position iu the image, from 7.cro at. the hori7,m1 (a.t, row coordinA.r.e ·ii,) ~o 1,. 

rna.x.imum at the at. the hottom mw of the imi,ge. In other words. t hey assume that the (i. h} 

rd;,tio11ship given in equation 4.1 is linear. Tl1t-y however reco1\'Jllleud th;,t precautions be 

takt-n when mafang this a~sumption for steep comeri,. a.ugles. Figure •1.2 gives a plot of 

the projcdcd height It versus the vert.ir.A.l image posit.ion i. From the plot we can sec that 

in<l~ed tht- relationship dc,..ia.tcs mnre a.nd more from lint-aril.y .1s ef, is decreased. 

-
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Figure 4.1: Simplified Camera model 

The linear relationshi1> is expressed as follows: 

I□ 12 

where -y fa the height expansion mte and ih is the pixel row coordinate of the horizon. By 

recording how the height h of the image of an object variet, with iu; vertica.l posit.ion i in 

the imag-e over a number of frames, the values of -y 11.Dd ih can be recovered. 

If an object of height His placed (upright) ou the ground plane at the point where the 

projection of the optical axis intersects the ground plane, i will be equal to i0 • We deno~ 

the image height of this object by h(i0}. vVe can find h(io) by substituting i by io in 

equation 4.1 and simplifying: 

h(.) _ f?H cos,t,sinrp 
to - . 

t, -H cos2 </, 

We can also find h(io) using the lfaearisc<l height model given in equation 4.2: 

The pjtch angle¢ is directly related to the horizon parameter i,., io and ft by 

( io - ih} = J;'" cot</,. 

(4.3) 

(4.4) 

(4.,'5) 
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Figure 4.2: Height of image of object. h varfat.ion wit.b row coordinate of image of object i for 

<liff.,rent camera pitch angles ,;,. 

Subst.it.uting (io - i~) from eqnntion 4.5 in c.,quation 4.4, equating to 4.3 1Wd simplifying 

yield;;: 
. 2,;. ·1(t, - H) (4.6) 

SW y= H(l-1")' 

We thus have a function thnt relates the ht'ight expansion rate ~; to the pitch R.Ogle ¢,, 

tht' camero height t, and the height of the object H. If we know H ond t, and I we 

con calculate ¢, using equntioll 4.6. The e.,']>3llsion rate '/ can be obtained by making a 

suitable number of (i, h) observations. The proc<.'Ss of recording (i, h) observations is a 

critical aspect of this method since it. reliPs on information contain<.-d in video sc..'(JUCllCC 

im11gps fl.lld is dP.scribcd in the nci..1. section. 

If we use n objects of different height H we get. a different expansion rote 1" for eoch object. 

Substituting caclt of the 1 and H values for t,he different objects in equation 4.6 we get n 

equations rPJating ¢, to t,. Let 

and 
1 

'I'/= H. 

(4.. 7) 

(4.8) 

We CIW rearrange equation (4.6) and express it in terms of r mid r1 ,~~ follows 

r l- 1 (4.9) 
- sin;¢ · 11 - sin2 <J, 

Dy applying linear regression to the set of points (71, r) we can solve for¢ and t, . Once 

~ is known, ft is cnlculot<.-d using equation 4.5. We thus hove a method to recover the 3 
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required camera parameters r/>, t., ft if we know tJ1e height H of each object iu the scene 

and thP. con-esponding f!Xpansion rate --;. 

Figure 4.3(a) shows a frame taken from the l•Cam Jrunmie dataset. containing 3 people 

of different heights. It also illust,rates an f!XSmple of an (i, h) observation. Figure 4.3(b) 

shows a plot of how the height h of the image of the 3 people in the scene vary with their 

vertical position iu the image i over several frames, as they move towards and away from 

the camera. For each person, a different <>.xpansion rate 1' is obtained by linear regression. 

Note the position of i,. just above the top of the image, where all three regressed lines 

intersect. Figure 4.3(c} shows a plot of r vs f/ for the 3 values of 1', from which we can 

infer the camera parameters¢ and t,. 

,Ll.2 Learning th e Hcighl lVIodcl 1\ut.olnntically 

The linca. height model expre:ssed in equat.i<,n 4.2 cau be learnt from the scene automati• 

cally by ac;)umulating (i, h) object observ-atious. This is achieved using a motion detection 

process (or segmcnt.ation) to extract components of <'.Onuected <'.Omponents of moving pix­

els ( or blobs). The bounding box ( imim tm,~, jm,,., j,.,.,) of each segmented blob generates 

a height h = i,. •• - i,.,,. and a row position i = imo.,;· 

Figure 4.4 shows the screen view of the opcrator interface for the rudimentary hlob I.racker 

that was implemented to automatically l'P.cord (i, h) obsCl"\•~tions. Since no calibration 

informal.ion is available, only 2-D ima,ge information can he used. Track initialisation, 

target representation and Jocalisatiou used in this blob tracker is hased on principles similar 

to th~ used in the person tracker described in chapter 2 and 3. We make use of no filtering 

and the tracker relies quite heavily on good segmentation. Any complexities arising from 

o~.clusions 01· shadows and reflections a.re not handled well. We thus assume that during 

the calibration process, the operator will have some control over what goes on in the scene. 

For instance, only one person need to be in the scene at a time. 

[n an attempt to improve the quality of segmentation the blob tracker includes a back­

ground model update feature as well as a shadow identification feature. The background 

update is achieved in a similax fashion to the colour model update presented in chapter 

2, where the reference background model is mi.xed with a small pa.rt of each new frame 
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(a) Frame taken from 1-Cam .lammie s,,qucnce. (b) 1'1leaauremenL• of (i, h) for 3 people of differ,mt 
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Figure 4.3: CaJibration using automatic method on '1-Cmn Jammie' dataset. 
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processed. The shadow ident,ification process is based on work by Cucchiarn [91, where 

shadow pixels arc identified by the fullo,\ing criteria: 

whc'!'e H, S anc.l V arc the hue saturation and iutcasity vruucs associated with each pLxel 

being tested. The subscript F indicates that the pixel belongs to the identified foregrowid 

image and B indicates that it belongs to the background model. 

4.1.3 Obtaining the Height lvlodcl 1nanually 

In cases where the operator bas little control over wl1at goes on in the scene or where 

good segmentation is not achievable, (i, h) observations have to he made manually. Fig­

ure 4.5 shows the operator interface that was implemented for manually recording (i, h) 

observations. 

4.1.4 :.VIanually Adjusting the Local Calibration 

There arc camera coufigur,i,tions that me not suited to using the calibration method that 

WM just presented. Such configurations include: 

• Cruncras with cousic.lernble pan auc.l roll angles ( as in the PETS 2002 sequence). 

• Cameras with steep pitch angles ( as in the PETS2004 sequence). 

• Cameras with very wic.le angles or high distortion coefficients (iis in the 4-Crun DIP 

sequence). 

Figure 4.6 shows the opemtor interface that WM implemented for manually finding local 

ground plane calibration parameters. The frame sllown is taken from the PETS 2002 
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Figure .J.4 : Operali>r i11lerfuce for the blob ~ kAf. The top loft window show. tit~ lat,,,,, received 

image and 3 tre.cked targ<:15 ao<l their bounding Mc•. The window below oh.ow• ,he {h, i) <la.a 

that was collocted. The ot·her 4 windows show (ciuckwi!le from top-left): the CIUTenL IJackgroond 

imago, the foreground rcgio11, with shadow, I.he l'or~groun.d regions with shadows moskod out and 

foreground rogiou.• (indudiu~ tlhadow regions) t!u,t wlll be masked out in the hnckground npdate 

process. 
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Figme 4.5: User in\.,rfoc., for ohLaining {i, h) data m,mua.lly. Tlw OJ><lf"-Lell' is sunply re<J'l""te.-1 

to point "lid dic.k on r.hc, fuel m«I l,c,ad of au objoc.t/J,c,rS<m of known ]wight Tl. A c.ollec.t.ion of 

(h, i) points :i.re obtained for ;1.s llinlly fr:u1ws "" the, opc,rnt.ol' jurlg<ls nc,cc,ssary. 

sL"t]ueuce. The camera used lo capture lhis sequenC€ has (t uou-iero pan aug;le and quilt 

C<>tl&i<lerR.hle rlist,orr.ion hence cannot be calibrated using the approach based on .Jones et 

al.'s method. The calibraLiou procedure is quite .-imple. The operator makes an iuiLial 

guess of whAt r.he cfl.mern pArnmeters /HP.. Then by trial and error, he adjusts each of the 

pA.rnmeters is ndjustL-<l until salisfaclory resulLs (1-te oblaiued. ·n·i(tls are ev(tluated visually 

by projecLing ellipses (cakulA.Le<l IL,ing the t,ri11l pArAmeters) onto r.he image of people in 

the sc,ene. ·111e Rccurncy of this approach depends on the operator skill level. ll i~ however 

;;till less IRhom inr.ensive than using hand-measured calibratiou poiuLS. 

P.t " J 

.!Ll ... -!J •. ,. pit-
.!U . ..t.J 

I ~~ 
;· f-.... 
'"j,)J"Tr" 

.!l J lJ ..... ···-

Figure 4.6: User intetface for performing local gro1111d plane c:i.libr:i.tion mnnu:i.lly. 



4.2 Registering Multiple Cameras 48 

4.1.::. Local Ground l'lann Carnera Pose Recovery 

In some instances, the operator may he ahle to calibrate a camera for internal parameters 

hefore it is deployed to a monitored scene. This would t)1)icaJly he done using a calibrat.ion 

method such as the one proposed hy Zhang 148] that. makes use of a calibration oh,ject. 

Since ft iR known only the camera pose ( parameterised hy t, , <f> and maybe 0, ·I{!) need to 

be estimated when the camera is deployed. Whether one resorts to using the automatic or 

1.he manual methods described ahove, more accurate results arc ge11erally obtained. 

4.2 R.cgistering Nlultiple Carner-as 

The second stage of the calihralion method recovera the transfurn1ation bei.ween the local 

ground planeR of different cameras by matcl1i11g tracks obtained from each of the camerru;, 

4 .2.1 Aulo1naLic Approach 

We assume a starting point. of 2 cameras for which the local image to ground pla.ne cal­

ibration parameters al'e known. The generalisation of the method to systems with more 

than two cameras is then relatively simple. The ground plane coordinate systems of tem­

porally syncbrouised obsen'8tions o! the same 3-D ohject are related hy a. rotation Rg(/J) 

and transla.tion t9 : 

X1 = ~(/Jlx2 + t9 , [4.10) 

x, ~(JJ)x2, 

where fJ is the angle between t.l1e two cameras, and x 1 , x1 and x2 , :ic2 are positional and 

velocity estimations of an objects measured in the locaJ ground plane coordinate systems 

of two cameras c:1 and c2 respectively. Given a pair of observations x 1 (t), x, (t) and x 2(t) , 

x2(t) at time t, the transformation estimates ma.y be <lefine<l as: 

(4.12} 
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,~re make the a.•,sumption th;i.t only one target i8 tracked by the two cameras at a time 

dming the observation proce&j; and the observations are temporn.tly synchroniRed. In other 

words correRpondence.~ of the data from cameras c1 and cz a.re known. After collecting a 

sufficient nuwher of observations (say from t = 0 tot= T), we find the angle /J by taking 

the mean all the observed values. In other words 

/3 = mean{f3(t) h=o,1 .. ,T• 

The translation t9 is then calculated as follows: 

{•1.13) 

(4.14) 

Let [R1 t1 J and [R,; t 2] be the loca.l-ground-plsne transform,,tions for csmeras c1 and O:?­

Once B and T are calcul;i.ted, [R1 tJ can be trnnsformed so th;i.t tra<'king takeR place in 

a common ground ooordinate system: 

(·1.15) 

Figure 4.7 illustrates the process described in this section. Figure (a) shows frame 125 

from the 2-Cam Debtech sequen<>.e where one target is being trfl.<'.ked. Figure (b) showi; 

tracker position and veJodty estimates for sequence frames where the target is present in 

both cELIDern views. The estimates have been grouped lnto 2 separate tracks, coloured 

differently to help with visualisation. Figure8 (c) and (d) show the same as (a) and (b) 

but for cru.uem 2. Figure (e) shows a histogram of /3(t) values that \Vere obtained using 

equation 1!.ll. Figure (f) shows the trnckl, obtained from each view plotted on the same 

ground plane coordinate sy,;tem. 

4.2.2 1\!Janual Appro;:ich 

An alternative approach to usir,g monocular tracking is to manually select points and 

vectors present in both views. Th.is yields more accurate results in instances where poor 

monocular tracking results are available. Figuxe 4..8 show:s how a collection of 8 manually 

selected points and vectors were used to obtain the transfomtation between 2 local g;round 

plai1es for tlie 2-Cron Debted1 sequence. 
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(h) PF.TS 2004 sequence 

Figure 4.9: Calibration using Tsars calihration method that makes use of coplanar calibration 

points. 

4.:1 Calibration Using (;o-planar (~alibration Points 

Often one finds that the scene to be monitored contains strong visual ct1es such as tiled 

floors or ot.her regular patterns. Camera calibration using these visual cues is sometimes 

possible and easier than using the methods presented in the previous sections, and so shoulrl 

also be considered. The approach we present is based on a method by Tsai [43] that makes 

use of co-plana.r calibration points. The procerlure is quite simple. The operator selects 

a ground plane coordinate sybtcm origin. Then calibration points in the field of view of 

the camerns to be calibrated are aelecterl in a way that their positions relative to the 

chosen origin can be determined (knowing the dimensions of the tiles for example). Tsai's 

method (described in appendix B) makes use of the ground coordinates of the calibration 

points a11d their corresponding image coordinates to recover camero, parameters (including 

clistortion}. 

Figure 4.9 shows a frame takeu from the 1-Cam Jammie sequence anc.l one taken from the 

PETS 2004 sequence. l3oth scenes contain floor tiles. Jn the 6r~1; case, the climensions of 

the tiles were known, in the second, they hru.l to be guessed. The red dots show the points 

that were chosen as calibration points. The blue diamonds and black cr068es show initial 

and final r<.~projcction estimates made using calculated calibration parameters. 



n,esults 

Performance evaluation of image tracking systems has become a topic of interest as com­

mercial systems are slow!)' being introduced into society. The performance of a tracker 

is difficult to measure as ground truth is not easy to generate or obtain. Also, the level 

of perceptual complexity of tracking problems can vary enormously. Black and Ellis [4] 

recently presented some work on tracking performance evaluation. They developed quite 

a sophisticated method that makes use of pseudo-synthetic sequences of controlla.ble levels 

of perceptual complexit.y. No attempt, was made to replicate this here, it being beyond the 

scope of our work. However, we try to adhere to some of the propositions made in (4] in 

our defu1ition of a perceptual complexity metric for the da.tasets as well a.s performance 

metric for evaluating the performance of the person tracker. After discussing t,he trscl<lng 

performance of the t,rncker we perform a simple evaluation of the calibration methods dis­

cussed in the previous chapter and how calibration quality affects tracking results. We end 

this chapter with some preliminary investigations conducted on the tracker with rega,·ds 

to image size and processing speeds. 

5.1 Perceptual cornplcxity 1nctric 

Eadi of the datasets used to !!valuate the person tn1.eker presented in this thesis presents 

different difficulties. The complexity metric that is used to quantify the difficulty level of 
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5.2 Perfol'man~.e of Tracking System 

each of t,he d11t:!1Set,s used to evaluate the tracker is defined as follows': 

where '!1/J = 0.3, w2 = 0.3, Wa = 0.3, tt'.t = 0.1 and 

• CS quantifies the colour similsrir,y of trar.ked subjects. 

• OC quantifies r,he occlusion complexity defined as followi;: 

l K 
oc = NF"f:,OEk X ODk 

k=I 

54 

(5.1) 

where NF is the total numher of frames in sequence, K is the numher of occlusions, 

OEk and OD, is the extent and duration of occlm;ion k:. 

• NE is the nuwber of ent,ry/e,dr, po\nt8. This measure gives au ln<licar,ion of how 

m,my entry points a scene bns. A sequence wit,h access through only one narrow 

door will have a lower value for NE than a scene wir,h a \\ide corridor leading into it. 

• QI quantifies r,be quality of images of the sequences. Some sequence images have 

more noise than others and some sequences are captured using high distortion lenses 

which also 11dds to the compl<>.x.ity of the sequence. 

Tahle 5.1 sununMises the complexity wetric of the G date.sets used in this thesis. The data 

sets arc sorr.ed in order of ~.omplexity stMting with the wost complex sequence, namely 

the PETS 2002 sequence. 

Perforrnanc.e of Tracking Systcn1 

Fom main aspects of the tracking system al'e evu.luatcd. The first one relates to how 

well r,he sysr,em initiar,es new t,racks. The second aspect relates to bow well the system 

t,racks through occlusions. The thil'd aspect evaluates the tracking accuracy and finally, we 

evaluate how well t,he trncke.r der,ects the P.xit of a target £row a scp,ne. The experiments 

1Some of the datMet.s n•cd to evo.l11ate the tracker were also used by Price (32), so the metric presented 

here is th~ result of our joint effort. 
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Dataset oc cs QI NE PC 

PETS 2002 0.27 .85 0.80 0.60 0.64 

4-Cam Dip 0.46 0.78 0.80 0.10 0.62 

Colourful People 0.85 0,68 0.20 0.30 0.55 

l-Ct1m J t1m1nie 0.18 0.96 0.20 0.70 0.47 

PETS 2004 0.02 0.75 0.50 0.60 0.44 

2-Cam Debkch 0.15 o.oo 0.20 0.10 0.14 

'.fable 5.1: Perceptual comple.xity sl.UlU.Uary for the 6 dot~ets. 

used to evaluate the tracking performance were carried out using a similar procedure for all 

6 datasets used. Raw image data ( either video sequence file or time-stamped image files) 

and parameters that are specific to the dataset such as calibration information, entry and 

exit points, image file(s) information arc used as input t-0 the tracking system. The other 

non-dataset specific tracking system parameters are given in appendix A. Tb.e output of the 

system is a data file th.at contains the cstimakd x and y position and velocity (state vector 

x) of each. target for each of the frames processed. The world-view estimated posit.ions 

are projected to image view and diRplayed as shown in figures 5.1 and 5.2 throughout the 

processing phase. This fadlitates the evaluation of occlusion resolution as well as track 

in.itialisation and termination capabilities of the system. 

Figures 5.1 and 5.2 show the tracking system at work on each of the test datasets. The 

red ellipses around the targets are constructed using the proj<.-cted estimated target world­

view positions at particular instants during the tracking process. The small coloured crosses 

show where the most recent target observations were made ju the image. Figure 5.1 ( a) 
illustrates some of the features of the tracl<lng system. The top left diagram shows the 

world-view ta.rgct position as estimated using two simultaneous views from two different 

angles also shown in the figure. The colour charts (similar to the ones we used in chap­

ter 2) show the reference and b<.-st candidate colour models at frame 50 for each of the 

camerns/clients. The charts on the bottom left show historical match quality p for e1;1.Ch 

camera up to frame 50. The target, at that instant is occluded from the view of camera 

1. Note how this is reflected by the low match quality pat that instant. Figures 5.l(b) 

and 5.l(c) illustrate an example of tracking through an occlusion in the 1-Cam Jammie 

SllC!Uence. Figure 5.2(a) shows the 3 targets being tracked in the 4-Ct1lll DIP S<.'quence. 
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Note the high distortion present. at the image corners. Figures 5.2(b) and 5.2(c) show two 

frames from the ColotLrful people sequence. l"igure 5.2( d) shows a frame from the PETS 

2002 seqllence. Note the distortion and the reflections present in t be image. Fi1,,'Ure 5.2( e) 

shows a frame taken from the PETS 2004 sequence. Note the big patch of sunlight on tbe 

lower-left corner of the image. 

G.2.1 Track Initialisat.ion 

The Track lnit-ialisation performance is evalu.ated using a detection rate TDRi,. and a false 

alarm rate FAR;,. metric defined a5 follows: 

TD[4 = Total True Posit.ives 
" Total number of entries 

(5.2) 

and 
FAR;,. = Total False Po.<titives . 

Total number of entries 
(5.3) 

Table 5.2 gives the T DR;,. and FAR;,. results for 5 datasets. Tbe number of entries NE 

and perceptu:.u complexity PC metrics are also given. The 4-Cam DIP sequence datru;ets 

is not listed in the table because the initia.lisa.tion is tbi5 case was done manually. This is 

because ta.rgets were alrea.cly present in the scene when t.he sequence capture was initiat-ed. 

The tracker performed well for the first 3 sequences but in the PETS 2002 sequence, 2 

out of the 9 tracks were not detected s.nd l track was falsely initialised. The initialisation 

failures life due to tom new targets arriving at the scene at the same time, one occluding 

the other. The one false alarm results from a. new ta.tget, being detected at the wrong entry 

point. In the PETS 2004 sequence one of the t.n).()ks was not detected. This is beca.use 

the new target enters a.t a. point in the image where .segmentation quality is poor. These 

failures identify the iliitialisat.ion aspects of the tracker that need further refinement. 

5.2.2 Tracking T:roug;h Occlui;ion 

A loRt track index LT is used to evaluate how well the tracker is able to t.rack t-hrough 

occhrnions. This index is defined AR followR: 

LT= Lost Tra.cks. 
Total Tracks 

(5.4) 



57 

i •• , 

i '" 

-. 
O:clus~vu uci;uts -..... . , 

'''"f;,Y.,t! ... ,. 

. . . 
,:r. ,f[ :-::0 71 

c1, ,u, ~ :r,,r!t;t 111~ 1••rrl..ir. trl ' 
l · • I •• • • , ~ . •• 

·· ••· •..• . 1· 
i 

'. ; : . ... ....... r -• .. ··r 
····••'-•••:--•.: 

,,'----------'-- -' 

fort~ occlusiou. ocr:tusion. 

Figure 5.1~ 'Ih\c:kinr, through or:r.!nsion. 



5.2 Pcrform~nce of Trackiu~ System 58 

(b) Colottrful Peop[<: seqttouce - frA.mo J.10. (C:i Colourful People ::,;equem·e - framrc: ,t,1$. 

( d) Pf,-:TS 2002 Se<JGenc-e - fram• o 73 ( 134G j (e) PETS 201).1 so,1ueuco - fr•m• WO (5801. 

Figure 5.2: :Vlore trackm_e; illustrations.. 
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. ·--· 
D;ttaset NE PC . TDR;,, FAR.,. 

2-Cam Debt,ech 0.10 0.14 1.00 0.00 

1-Cam ,Jammie 0.70 f' 4-; i. , i 1.00 0.00 

Colourful l'Ls)p!c 0.30' C.55 1.00 0.00 

PETS 2002 0.(iO C.64 1 0.78 

i 
0.10 

l't::TS 2004 0.60 0.44 0. 75 0.00 

Table 5.2: Track initialisation perforlllitllce ,1alues. 

'l\.1bfo 5.3 )!;iws the LT rcsu.lls for all 6 datasets as well as some of complexity metrics 

defined in the previous section. Two tracks were lost. or confused <luring the pi-ocessw.g 

the PETS 2002 sequence. This sequence was )!;ivcn quite higl1 OC and CS complexity 

ratin.,rs due to the high number of ocdnsions occurring between lA.rgets of very similar 

colour composition:,;. The difficultk-r:; presented by this S(l(Juenve give an indication of the 

limits of the trnckinc( method pi·esemed in this thesis. l•1.11·ther improvements to the w;ty 

targets a.re modelled, both from an appearnnce and behaviour point of view, would be 

requirL-tl to overcome tiK'Se tliITkulties. 

5.2.3 

Da.tasct oc cs PC LT 

2-Cam Debtech 0.15 0.00 0.14 o.n 
4-Cam Dip 0.4{i 078 062 0.0 

I-Cam .Jammie 0.18 0.96 0.47 0.0 

Colonrful People 0.85 0.68 0,;)5 0.0 

f'ETS 2002 0.27 0.85 0.64 0.2 

l' t::TS 2004 0.02 0.75 044 0.0 

T'able 5.3; Occlusion hnndliug p«rformauc" of tracker. 

Trackin"' E rror 0 

Tue average image-viAw t,rackiug error per target, per frame OTEw (%) is Citlculat,ed as 

follows: 

(5.3) 
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where r anrl care the row and column dimensions of t,he image, (j., 'h) are the grounrl truth 

iUiage coordinates obtained manually and (j,, ik) are the estimated image ooordiuates of the 

targets at frame k. The image error is 11,1ven as it facilitates the comparison of performance 

of datasets with large fields of view and ones with smaller fields of view. Ground truth in 

all cases was obtained by ma.11uall.Y specifying the position of each of the targets present 

in the scene for a selected number of sequence frames using point and click method. The 

avera.ge world-view tracking error per target, per frrune OT Ew is calculated in a similar 

manner: 

OTEw = :FL J(i& - :i:k)2 + (ii• - jjk)2' 
k 

(5.6) 

where TF is the total nuUiber of .fhunes for which grow1d truth WM defined (this was 

rlone by projecting the image ground truth coordiILates), (x,, ii,) are the ground truth 

world-view coordinates and (:h, Yk) are the e;;timated world-view coordinates. 

Table 5.4 gives the world-,iew and irna.ge view a:verage trMking errors for tlte 6 da.tasets 

anrl t.he calibration method m;ed anrl the peroeptual complexity. Here again the trackiILg 

performance is lowest for the PETS 2002 sequence both in the image-view and world view. 

The the high world-view tracking error fur the I-Cam Jarnn1ie sequence is explained by 

the relatively large field of view over which targets were tracked. The image-view error for 

this sequence is comparable to the rest of the datasets. 

Dataset Cali bratiou PC OTEw(ui) OTE1(%) 

2-Cam Debtech Tsai 0.14 0.23 2.2 

4-Cam Dip Tsai 0.62 0.20 26 

1-Cain Jammie Automatic 0.47 1.02 4.8 

Colourful People Tsai 0.55 0.69 4.8 

PETS 2002 Manual 0.64 1.10 S.3 

PETS 2004 Tsai 0.44 0.26 1.6 

Table 5.4: Tra.ckiug enur summ:i.ry. 
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5.2.4 Track Tcnnination 

The Truck Tenninatiun aspect is eVllluated in a similar manner to the Initialisation aspect 

using a detection rate TD Rout and a false alarm rate F AR.,.t defined as follows: 

,u,c.l 

TDR 
_ Total True Positiv~ 

·out-
TotaJ number of exits 

FAR = 'Total False Positives 
cmt Tota.I number of exits· 

(5.7) 

(5.8) 

Table 5.5 gives the T DR.~, and FAR,,.,, rei;ults for 5 datMets. The number of entries NE 

and perceptual complexity PC metrics are also given. Again, the 4-Cam DIP sequence 

datasets is not listed Jn the t,able because the termi11ation of tracks were specified manually. 

This aspect of the system works very well on the datasets used. Two e.,dts were faJsely 

detected in PETS2002 sequence. This is due again to occlusions occurring near exit points. 

The proposed approach for track termination needs further refinement to cope v.~th tl1is 

scenario. 

: 
Data.set NE f'C T n !<.,., FAR • .,, ; 

2-Cam Debtech 0.10 0.14 1/J 0.0 
' 

I-Cam Jammie 0.70 0.47 1.0 0.0 

Colourful People 0.30 0.55 1.0 0.0 
PETS 2002 0.60 0.64 1.0 0.2 

I PETS 2004 0.60 0.44 1.0 a.a 
.... 

Table 5.5: Tracking system•~ ability to detect target exit. 

5.3 Tracking Performan<:<~ and S<~grrH~ntation Quality 

To investigate how the segmentation quality affects tracking performance we tested the 

tracking system ( with manual initialisation) on a sequence of 150 frames from the '2-Caw 

Debtech' dataset for varying segmentation threshold values T ,cg• The sequence contains 

one instance of simultaneous complete occlusion of the target in one view and partial 

occl11Sion in the other. Figures 5.3(a), 5.3(b} and 5.3(c} show images for T,eg values of 0.12 

(over-segmented), 0.08 (segmented) and 0.02 (under-segmented) , 
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The cl1art in figure 5.3(d) show8 a plot of t.he trA.Cking enor OTEw for different values 

of T.,9 • The tracking enor remains fa.il'ly con&-tant., improving slightly AS we reduce the 

segmentation tlue8hold but rises significant~y (trfl.Ck is lost) if we make t.he threshold zero. 

\1/e can ascribe the slight improvement as we lower t.he threshold value to the fact that 

more informat.ion is available for the matching process when the image is under-segmented. 

The loss of robustness when no segmeut.ation is performed is explained by the increased 

dilficult.y in the're-acquisition' of the tftl'get after the occlusion occurred. 

(c) T,.9=0.02 - C:nrlcr-segmeute<l illl>1ge. 
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Figure 5.3: Tracking performruice ru:id segmentation qu>ility. 
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We mal<e the assumption that only one target is tracked by the t.wo cameras at a time 

during the ohserv11tion process and the observations are temporally syndironised. In other 

wore.Ls correspondences of the data from carnerM c1 and c2 are known. After collecting a 

sufficient number of observ11tions (say from t = 0 tot= T), we find the angle fJ by taking 

the meU,U all the observed v.i.lues. In other words 

(J = mean{.B(t)}t=D,l ... ,T• (1.1-3) 

The translation tg is t.lien calcul11ted. ns follows: 

(4. 14) 

Let. [R 1 t 1 I and. [R2 t 2) be the local-ground-plane transformations for cameras c1 and r-2. 

Once {j and Tare cakula1ed, [R 1 ti) can he trU,Usformed. so that tracking t.akes pince m 
11 common ground. coordinate system: 

Figure 4.7 illustrates the process described in this section. Figure {11) shows frame 125 

from the 2-Cam Debtech sequence where one target is being tracked. Figure (b) shows 

tracker posit.ion and velocity estimates for sequence frames where I-he target is present in 

both C'.amera views. The estimates have been grouped into 2 separate t.racks, coloured 

differently to help with visuafaation. Figures (c) and (d) show the s11me as (a) and (b) 

but for camera 2. Figure ( e) shows a histogram of Jj( t) values that. were obt-ained using 

equal-ion 4. U . Figure (f} shows the tracks obtained from each view plotted on the same 

g,ow1d plane coordiuate system. 

4,2,2 :Vfanual Approach 

An alternative approach to using monocular trncking is to mllllulllly select points and 

vectors present in both ,,;ews. This yields more accurate results in instances where poor 

monocular tracking results ru·~ avrulable. Figure 4.8 shows how a collection of 8 manually 

selected points and vectors were wsed to obtain the trruisformation between 2 local ground 

planes for the 2-Cam Debtech sequence. 
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5.4 Tracking Performance and Image Size 

Real-time processing is not achieved at the current stage of development of the tracking 

system. The system tracks a single person, from two views at 2.4 frames a second in a 

Matlab implementation. This result is achieved on a Pentium 2.4 GHz with an image size 

of 384 x 288 with and ellipses containing 1000-4000 pixels (roughly 1-4% of the total image 

area). The tracking process bottleneck is the histogram representation of the ellipse-shaped 

samples. As we increa.se the number of views and/or number of subjects to be tracked, 

the processing speed goes down quite dramatically even though no further time is spent on 

segmentation. Some preliminary experimentation was done using down-sampled images. 

Table 5.6 shows the tracking error and the speed performance (in frames per second) for the 

2-Cam Debtech sequence. It appears that effective tracking could be performed at much 

higher frame rates using quarter and 16th-sized images without considerably compromising 

the tracking performance. 

Table 5.6: Comparison of calibration results for 1-Cam Jammie dataset. 

5.5 Assessment of Calibration methods 

Two data.sets were used to evaluate and compare the calibration methods presented in the 

previous chapter. Table 5.7 gives the calibration parameters obtained for the two cameras 

used to capture the 1-Cam Debtech sequence. Recall that f? is the focal length pixel 

width ratio, tz is the height of the camera above the ground, </> is the pitch angle (where a 

<f> = 0 means the camera is pointing straight up), /3 is the angle between the local ground 

plane coordinate systems and lt91 is the distance between the origins of the local ground 

plane coordinate systems. In this sequence, the height of the cameras above the ground 

cannot be found using the automatic method as only one target is present. Note that 

the automatic method gives quite poor results in comparison to the other methods for 
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this dataset. This is due mainly to the poor segmentation quality achieved during the 

recording of ( i, h) observations. Also the limited range of data points obtained, especially 

for camera 1, where most of the target movement is transverse. Also shown in the table 

is the tracking accuracy when each of the calibration methods was used. As expected, the 

tracker performs badly when cameras are poorly calibrated. 

Actual Automatic Manual Tsai 

Camera 1: ft 281 318 245 275 

tz(m) 2.40 2.40 2.40 

<P 73° 80° 76° 74° 

Camera 2: /;,° 276 305 249 271 

tz(m) 2.40 2.40 2.40 

<P 70° 730 77° 79° 

{3 84.0° 87.2° 85.5° 85.0° 

ltul(m) 6.2 7.9 5.5 6.0 

Table 5.7: Comparison of calibration results for 2-Cam Debtech dataset. 

Calibration parameters obtained for the camera used in the 1-Cam Jammie sequence are 

shown Table 5.8. Calibration data was obtained by filming each of the 3 targets separately. 

Segmentation in this case was good and a suitable range of (i, h) observations was obtained. 

Hence the calibration results obtained using the automatic method are very good. 

Actual Automatic Tsai 

474 

2.68 

70° 

470 

2.65 
720 

483 

2.79 
720 

Table 5.8: Comparison of calibration results for 1-Cam Jammie dataset. 
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onclusions 

In this chapter we summarise the tracking system presented in this the.sis. We discUBS the 

strengths and the weaknesses and potential further improvements of each aspect of the 

system. We also briefly discuss our findings on calibration methods suitable for person 

tracking applications. 

6.1 The Tracking System 

The way tracking is performed in our system can be summarised as follows. 

• The world-view shape of the targets is assumed to be Ellipsoidal. 

• The colour information on each target is parameterised by a 4-dimensional RGB­

height histogram. 

• Each time a new frame is received by a tracking client (associated with each camera) 

it is segmented into foreground and background regions and the following steps are 

executed: 

- The world-view state of all targets being tracked is fetched from the server. 

It is used to predict world-view position using a simple constant acceleration 

dynamic model. 
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- The predicted world-view position is then used together with camera calibration 

information to match targets within the foreground regions of the image. 

- The match results are then used to update the world-view target states using 

the Extended Kalman Filter formulation. 

World-view Tracking 

World-view tracking as opposed to image-view tracking offers a number of advantages. 

A dynamic model with various physical constraints is more sensible, constraints on the 

expected shape and size of targets in the camera views are more easily imposed and the 

definition of a common coordinate system in the case of multi-camera tracking configura­

tions is made simpler. 

Client Server Architecture 

The modular client-server architecture used for sharing target data is very versatile. The 

system can easily be expanded to large-scale implementations involving 100s of cameras 

without the need for complicated rule-based system with numerous data interconnections. 

Tracking clients do not interact directly with each other and so need not be synchronised. 

Should one client/camera become temporarily unavailable, the system can still function 

provided there is enough overlap between views. 

Filtering 

The Extended Kalman Filter lends itself very well to asynchronous and synchronous ob­

servations from multiple cameras. This formulation allows quite complex fusion of prior 

knowledge and observations from different devices without the use of any complicated rule­

based architecture. As shown in the previous chapter, the tracker performs very well when 

scenes are not overly cluttered with targets of similar colour composition. More robust 

tracking in cluttered scenes would require a more sophisticated way of representing tar­

gets, modelling their behaviour and handling occlusions. More general noise assumptions 

when formulating the tracking problem, using for example a multiple hypothesis Kalman 
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Filter, or alternatively a particle filter could be explored and potentially be implemented 

without major modifications of the current system to improve the filtering process. 

Shape Representation of Targets 

The ellipsoid model is simple and suitable for representing the shape of a person of average 

size standing or walking. The sitting position is not currently handled explicitly but on 

the sequences tested (the 4-Cam DIP sequence includes the tracking of a person initially 

seated at a desk), does not seem to cause difficulties. Should the tracking of other targets 

whose size and shape differ considerably from that of a standing human (wheelchair, car, 

animal) new shape models would have to be defined. This would then also require some 

further heuristics for classifying targets when they enter a monitored scene. 

Colour Representation and Matching 

The colour-height histogram representation is promising. It is able to differentiate between 

different targets quite successfully at a relatively low computational cost, even in cases of 

very poorly segmented images. However, it needs further refinements in order to be used 

more effectively in the case of ceiling cameras. The Bhattacharyya Coefficient seems to be 

suitable for comparisons of histogram models. Potential improvements could be obtained 

by considering more robust methods such as the EarthMover's Distance in [36). 

Foreground/background Segmentation 

We cannot avoid the segmentation step as the initialisation process depends on it and 

the robustness of the tracker is affected by it. However, very good tracking performance 

is achieved even with very poor segmentation. Thus, only simple segmentation methods 

need to be considered for the tracking system presented here. 
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Initialisation of Tracks 

The simplistic approach used for initialising tracks in this system proves quite promis­

ing. Track initialisation fails when two targets enter the scene at the same time. Explicit 

handling of this event seems to be the only way around this problem. The current imple­

mentation also does not attempt to recover a lost track. Re-initialisation is something that 

would still need to be dealt with. 

Termination of Tracks 

The handling of targets leaving the scene seems satisfactory for the test datasets considered. 

Again, this aspect can be made more robust by including further heuristics. 

Processing Speed 

The system tracks a single person in one view at roughly 5 frames a second. Some prelim­

inary experimentation was done using down-sampled images and it appears that effective 

tracking could be performed at higher frame rates using smaller images without consid­

erably compromising the tracking performance. No real effort has been made so far to 

optimise the implementation, which is at this stage completely done in Matlab. Some 

effort needs to be put into evaluating how much information the tracker actually does need 

from the images for robust tracking. 

6.2 Calibration Methods suited to Person Tracking 

The tracking system relies heavily on good calibration of the cameras to a common coor­

dinate system. As demonstrated in the previous chapter, better calibration leads to better 

tracking performance and poor calibration makes the fusing of multiple observations dif­

ficult. The calibration requirement is a considerable restriction especially in large-scale 

implementations. We address this by exploring a few practical methods of obtaining the 

calibration information without the need for time-consuming manual measurement of cal­

ibration points. 
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The automatic method 

A 2-stage automatic calibration method based on a method by Jones et al. [16] was imple­

mented and tested. The first stage recovers the local ground plane calibration parameters 

by observing size variations of images of targets as they move towards and away from each 

of the cameras. The second stage finds the correspondence between each of the local ground 

plane coordinate systems by matching tracks observed in each view. The method proves 

to be very useful, sometimes yielding better results than Tsai's method, but is however 

not suitable for all camera configurations: 

• Lens Distortion: The method assumes a simplified distortion-free camera model. 

Should cameras to be calibrated have high levels of distortion, the method will not 

yield accurate results. However, it would not be too difficult to incorporate prior 

knowledge about the extent of distortion in the calibration process. 

• Camera Pose: The method assumes that the height variation is linear. For shallow 

pitch angles this assumption is valid. However, the steeper the angle the more the 

variation deviates from linearity, and so the less accurate the calibration becomes. 

The method makes use of only one vanishing point out of a possible 3. This only 

allows the recovery of the pitch angle, so cameras with substantial roll and yaw cannot 

be calibrated using this method. A method by Zhao [24] uses similar principles 

method and claims to recover all 3 vanishing points. However, this was noticed too 

late to be included in this work and can only be recommended for future investigation. 

• Segmentation: The method relies quite heavily on good segmentation to record the 

height variations. Observations should not be made in complex sequences where poor 

segmentation is achieved. 

The manual method 

Some of the constraints of the automatic method can be overcome by allowing the operator 

to intervene manually. A Matlab interface was developed to facilitate manual recording 

of height observations as well as fine tuning of the calibration parameters. Better calibra­

tion can be achieved if intrinsic parameters are found in advance (before the cameras are 
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installed). 

The Method by Tsai 

Camera. calibration using visual cues found in the scene is sometimes possible and so 

should also be considered. An method based on one by Tsai [43] that makes use of co­

planar calibration points determined by patterns found in the scene such as floor tiles of 

known size is suitable as this approach also foregoes the time consuming manual laying 

and measuring of markers. 



Appendix A 

'!racking System Parameters 

The system was designed to be as general as possible but it is impossible to perform 

tracking without specifying certain parameters that do affect the tracking performance. 

These parameters are summarised as follows: 

• Ellipsoid Parameters (rx,ry,rz) 

- rz, the ellipsoid semi-major axis length is set to 0.90 metres. 

- r x and r y are set as a fraction of the height to ft. 

• Dynamic model noise covariance matrix (Nx), 

This sets the uncertainty of the dynamic model. No deterministic approach to select 

this parameter exists so it can only be determined through experimentation. No 

attempt was made to find the optimal N because it would be different for each 

tracking scenario. However it was found that 

(}'2 
X O'xy O'xx 0 0 0 

(}'2 O'y:t 0 0.03 0 0 
Nx= 

y -
O':ty (J'f 0 0 0.03 0 X 

O'yy 0'11:t (}'~ 
11 

0 0 0 

works well on most of test the sequences proposed in this thesis. 

• M easv.rement noise covariance matrix (N 11). 

This sets the uncertainty of our measurement in image space. Again, there is no 
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other way to set this parameter other than by experimentation. It was found that 

works well on all test sequences. 

• Segmentation. 

- T•eg, the threshold on the difference image, is set to 0.08. 

• Colour models. 

- nh, the height histogram bins is set to 6. 

- nR, na, nB, the number of RGB colour bins, are each set to 10. 

- Ac, the colour model learning rate parameter, is set to 0.0001. 

- ns, the number of samples taken per tracked subject per frame, is set to 20. 

• Initialisation of track. Tinit, the ratio of foreground pixels in ellipse to total pixels in 

ellipse, is set to 0.6. 

• Termination of track. 

- Td.nin, the distance of the tracked subject to the closest exit point is set to 0.5m. 

- Tt, the time for which average of p must be taken is set to 2 sec. 

- Tp, the threshold value for p, is set to 0.15. 

Ideally, no 'tuning' should be required from the values given above. As mentioned before, 

no extensive experimentation was performed to find how much these parameters change 

the performance of the tracking; they were tuned so that the tracker worked with all test 

sequences. Thorough experimentation is left as future work. 



Appendix 

Tsai's Camera Calibration Method 

Introduction 

This method requires the image m = (j, if and world coordinates M = (Xw, Yw, Zwf of a 

minimum number of points ( calibration points) well scattered around the camera view. For 

non-coplanar points, the method requires a minimum of 7 points and the case of coplanar 

points a minimum of 5 points. The method for cerplanar points offers the big advantage 

that it is often easier to obtain world coordinates of points lying in the same plane. This 

method is particularly useful when one does not know the exact world coordinates of the 

calibration points and the observed scene has some strong coplanar visual cues such as 

floor tiles. The only parameter that needs to be guessed then is the length and width of 

the floor tiles. The disadvantage is that it is difficult to get points that cover large parts 

of the image and so calibration results tend to be poorer. 

The calibration process is broken down into the following steps. 

1. Setup linear equations relating mh,, to Mand camera para.meters (except for K). 

2. Compute the magnitude of t11 • 

3. Find the sign of t11 • 

4. Determines and t"'. 

5. Compute R. 
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6. Compute ft and tz, 

7. Optimiser run to estimate;;,, refine tz and ft and Uo, iof, 

Linear equations relating mu to M and camera parameters ( except for K) 

The undistorted projected image points mhu can be expressed in terms of the projection 

matrix P = S [ R t] and the world coordinates M using 

{B.1) 

1 

where (j0, i~) is the estimated optical centre {~, i), c and r the number of columns and 

rows of pixels in the image. 

The undistorted image coordinates mu can then be expressed using (2.3) to give: 

. _ Xe _ f°' (r1Xw + r2Yw + raZw + tx) . Ju - - - s . ----------+Jo 
Ze t (r1Xw + rsYw + r9Zw + tz) {B.2) 

. _ Ye _ f°' (r4Xw + r5Yw + r6Zw + ty) . 
iu - - - . -,----------~+Jo 

Zc i (r1Xw + rsYw + r9Zw + tz) {B.3) 

By letting (jd, id)T = Uu - io, iu - io)T and equating the denominators of (B.2) and (B.3) 

one obtains the equation: 

For n calibration points we can set up n linear equations with 

{a1,a2, ... a1) = (-y1, !f, ?, f, p-, ?-, P,) as unknowns, by dividing B.4 through by t11 . II II II II 11 11 11 

id1Yw1 id1Zw1 id1 id1Xw1 h1Yw1 a1 

id2Yw2 id2Zw2 id2 id2Xw2 id2Yw2 a2 
(B.5) 

idnYwn idnZwn idn idnXwn idnYwn a1 

Given enough calibration points we can use this set oflinear equations to compute (a1, a2, ... a7). 

A solution to the above is not always guaranteed, especially in the case of high distortion 
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cameras. One way to overcome this problem is to remove calibration points that are fur­

thest away from the centre of the image for this step, and re-include them in the optimiser 

runs where distortion is taken into account. Alternatively, one could guess a value for 

distortion and 'undistort' the image coordinates before solving (B.5). 

For the co-planar case Zw is assumed to be 0. This causes some of the elements of the 

above matrix to fall away and only leaves us with 5 unknowns. 

The magnitude of ty 

Since rl + rg + r~ = 1, ty for the non coplanar case can be calculated as follows 

(B.6) 

and for the coplanar case: 

(B.7) 

The sign of ty 

The sign of ty is found by projecting a point the coordinates of a point whose image is in 

a known quadrant of the frame assuming ty to be positive. If the point is projected onto 

the expected quadrant then sign(t11 ) = +1 otherwise sign(ty) = -1. 

sand i:r 

In the coplanar case, sis initially assumed to be 1 or to any other better approximation of 

its correct value. In the case of internal parameters already known, there is of course no 

need to computes. In the non coplanar case, since rr + r? + r~ = 1, 

(B.8) 

tx is simply 

(B.9) 



Rotation matrix R 

For the non coplanar case, the first two rows of R are calculated as follows: 

a1...3ty 
r1..,3=--

s 

r 4 ... 6 = a4 ... 6ty 
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(B.10) 

For the coplanar case r 1,2,4,5 are calculated as above and r3, 6 are calculated as follows: 

r3 = ✓ 1 - rr - r~ 

r6 = J 1 - r~ - rg 
(B.11) 

In both cases the third row of R is determined from the outer or cross product of the first 

two rows using the orthonormal property of a rotation matrix. 

For the coplanar case, if ft calculated in the next section (equation B.12) is negative, then 

the signs of r3,6,7,8 must be changed. 

ft and tz are obtained as the solution of the following linear equations. 

+ r5Yw1 + r6Zw1 + ty 

+ rsYw2 + r6Zw2 + ty 

(r1Xw1 + raYw1 + r9Zw1)id1 

(r1Xw2 + raYw2 + r9Zw2)id2 
(B.12) 

In the case where intrinsic parameters are already known, we have a system of linear 

equations with only one unknown, namely Tz. 

Optimiser runs 

At this stage we are left with distortion coefficients and the optical the centre, as well as 

s in the coplanar case, to determine. This could be done as suggested by Tsai [43] using 

one run of any standard optimising scheme. Better results are achieved using 3 separate 
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runs using a multi-dimensional unconstrained algorithm such as the Levenberg-Marquadt 

with error vector as follows: 

· · · ~projnl . 

· · · 'lprojn 

(B.13) 

In the first run ft', tz and Kare the only inputs to the optimiser. In the second run all the 

parameters estimated so far are refined. It is important to note that the nine elements of R 
cannot be directly used as inputs to the optimiser since R has to retain its orthogonality. 

Hence R must be parameterised either using Euler angles or quaternions. In the third and 

final run the image centre, (j0 , i0f is also included. 
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