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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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Chapter 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

chosen 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 top-down process, deals with the dynamics of
targets, makes use of scene priors, and evaluates different hypotheses. The other compo-
neunt, 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 {Xx}k-q,,.., whose evolution in
time is specified by the dynamic equation x; = fi(xx—1,vk). The available measurements
Y& are related to the corresponding states by the measurement equation yx = hy(xg, ),
where f; and h; are vector-valued, time-varying functions. Each of the noise sequences,

{Vi}e=01,.. and {eg}s=0,1,.. is assumed to be independent and identically distributed (i.i.d.).

The objective of tracking is to estimate the state x; given all the measurements y,.; up to
that moment, or equivalently to construct the probability density function (pdf) p(xx|y1:4).
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(xx—1|y1:4-1) to derive
the prior pdf of the current state p(Xx|y1.4~1). Then the update step employs the likelihood

function p(yk|xx) of the current measurement to compute the posterior pdf p(xk|y1:x)-

When the noise sequences are Gaussian and f, and hy 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 f; and hy 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 mizture models [39] and
appearance models {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

Meodelling 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 commeon 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(Xk|y1.k-1) 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:

ply) = / VPa(y)aadz. (1.1)

In the histogram formulation the discrete densities p(y) = {pu(y) }u=1..n a0d @ = {qu}u=1..n
are estimated from the n-bin histograms of the image samples and the target model. The

sample estimate of the Bhattacharyyae Coefficient is then given by:

p¥) = Vru(¥)2 (1.2)

ya=l

In the case of the Histogram Intersection method, the similarity measure between his-
tograms is given by:
p(y) =Y min(pu(y), qu)- (1.3)
u=1
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(At)x(t — At) + |At|v(). (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 ¢ = kAt.



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
RGE 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(t|t — At)) 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 Histogram Intersection approach for histograms comparisons.

The best matched sample is then used to define the measurement pdf 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(t]t — At)) 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(¢|t)) 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





































































































































































63 Chapter 5. Results

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 increase 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 16*-sized images without considerably compromising

the tracking performance.

Full image | 1/4 image | 1/16 image
OT Ew(m) 0.98 1.20 1.76
fps 2.4 48 7.0

Table 5.6: Comparison of calibration results for 1-Cam Jammie dataset.

5.5 Assessment of Calibration methods

Two datasets 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, t, is the height of the camera above the ground, ¢ is the pitch angle (where a
¢ = 0 means the camera is pointing straight up), 5 is the angle between the local ground
plane coordinate systems and |t,| 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 (¢, 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: f& 281 318 245 275
t.(m)| 2.40 — 2.40 2.40

¢ 73° 80° 76° 74°

Camera 2: f2 276 305 249 271
t.(m)| 240 — 2.40 2.40

o 70° 73° 77° 79°

B 84.0° 87.2° §5.5° | 85.0°

[tg|(m) 6.2 7.9 5.5 6.0
OTEw(m)| 0.19 1.37 0.52 | 0.23
OTE(%) 2.2 9.4 4.5 2.9

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 (¢, h) observations was obtained.

Hence the calibration results obtained using the automatic method are very good.

Actual | Automatic | Tsai

ol 4ama 470 483

t.(m) 2.68 2.65 2.79

¢ 70° 72° 72°
OTEw(m) | 0.98 1.20 1.76
OTE;(%) | 4.2 48 7.1

Table 5.8: Comparison of calibration results for 1-Cam Jammie dataset.
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Conclusions

In this chapter we summarise the tracking system presented in this thesis. We discuss 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.

e The world-view shape of the targets is assumed to be Ellipsoidal.

e The colour information on each target is parameterised by a 4-dimensional RGB-

height histogram.

e 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:

e 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.

e (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.

o 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
Tracking 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:

o Ellipsoid Parameters (ry,Ty,7s)

— 7, the ellipsoid semi-major axis length is set to 0.90 metres.

— ry and ry are set as a fraction of the height to $%.

e Dynamic model noise covariance matriz (Ng).
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

Of Oy Ozi Ogzg 003 0 0 0

N o= | 0 Oy Oy _ 0 003 O 0
Oiz Oy 02 Oiy 0 0 003 0
Tiye Ogy  Ogi US 0 0 0 0.03

works well on most of test the sequences proposed in this thesis.

e Measurement noise covariance matriz(IN,).

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

WERT
gij OF 05
works well on all test sequences.
e Segmentation.
= Theg, the threshold on the difference image, is set to 0.08.

o Colour models.

~ np, the height histogram bins is set to 6.

— ng,Ng,ng, the number of RGB colour bins, are each set to 10.

— ), the colour model learning rate parameter, is set to 0.0001.

- T4, the number of samples taken per tracked subject per frame, is set to 20.

e Initialisation of track. Tini, the ratio of foreground pixels in ellipse to total pixels in

ellipse, is set to 0.6.
e Termination of track.

— Ty,..., 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.

— T,, the threshold value for g, 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 B

Tsai’s Camera Calibration Method

Introduction

This method requires the image m = (j,4)7 and world coordinates M = (X,,,Y,,, Z,)T 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 co-planar 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 mp,, to M and camera parameters (except for x).
2. Compute the magnitude of ¢,

3. Find the sign of t,.

4. Determine s and .

5. Compute R.
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6. Compute f* and ..
7. Optimiser run to estimate x, refine ¢, and f& and (jo, %)%
Linear equations relating m, to M and camera parameters (except for k)

The undistorted projected image points my, can be expressed in terms of the projection
matrix P = 8§ [R t] and the world coordinates M using

: X
Te S_ﬂ1 0 ](,) Y Ty T3 iz v
Ye| & 0 f ? 16 *1Tg Ts Tg ty Zw ) (B 1)
Ze g 0 1 TP Ty Tg t, lw

where (jg,ip) is the estimated optical centre (£, %), ¢ and r the number of columns and
rows of pixels in the image.

The undistorted image coordinates m, can then be expressed using (2.3) to give:

(riXw+rY+7r3Zy +t:) .

Te
=T g 2
J e sz (T7Xw + TSYw + T9Zw + tz) * Jo (B )
e Xuw Yo Zy+1 )
iy =% = fo (raXy + rsYy + 162y +1,) + jo (B.3)

Zc t (T7Xw + TBYw + TQZw + tz)
By letting (j4,%a)T = (Ju — jo, 4w — 0)7 and equating the denominators of (B.2) and (B.3)

one obtains the equation:
Ja(raXw + 15Y + 162y + ty) = st4(11 Xy + 1oYe + 132, + t2) (B.4)

For n calibration points we can set up n linear equations with

— 8 t T
(a1,a3,...a7) = ("T’y’-, o B E B, fg) as unknowns, by dividing B.4 through by ¢,.

X1 taYer taZuwi ta JaXer JaYuw  JaZum ay Ja
taaXw2 tazYur ia2Zuwy a2 JioXwz Ja2Ywr Ja2Zuo ay Jaz (B.5)
'ianwn idnYwn idn an idn janwn jdnYum janwn ar jdn

Given enough calibration points we can use this set of linear equations to compute (a;, as, . . . ar).

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 Z, 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 ¢,

Since r? + r¢ + rg = 1, t, for the non coplanar case can be calculated as follows

1
T S — (B.6)

H
Vai+ ad + a?

and for the coplanar case:

t, = :i:\/g—-———-——— VB - 44 (B.7)

24 ’

where A = (ajas — azaq)® and B = (a? + a2 + a2 + a}).

The sign of ¢,

The sign of t, is found by projecting a point the coordinates of a point whose image is in
a known quadrant of the frame assuming t, to be positive. If the point is projected onto

the expected quadrant then sign(t,) = +1 otherwise sign(t,) = —1.

s and t;

In the coplanar case, s is 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 compute s. In the non coplanar case, since r? +r2 + 75 = 1,
s =4/a? +al + ddjt,l. (B.8)

t, is simply
tm = a3ty (Bg)
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Rotation matrix R

For the non coplanar case, the first two rows of R are calculated as follows:

al...Sty
s (B.10)

T4.6 = Q4..gty

n.a=

For the coplanar case ry 945 are calculated as above and r3, 6 are calculated as follows:

(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 f* calculated in the next section (equation B.12) is negative, then

the signs of 73575 must be changed.

/& and ¢,

f& and t, are obtained as the solution of the following linear equations.

-y o ey

—r4Xw1 + 1Y + 7621+, —ia (r1Xuw +rsYu1 +1eZu1)ia

raXus +rsVor +r6Zur b, —ia| [ ff} _ | (X +16Yan + roZun)in (B12)
: : t :

_r4Xw,, +75Yn + 16 Zun + ty -—idn“ _(T7Xwn +1r3Yon + rngn)idﬂ_

In the case where intrinsic parameters are already known, we have a system of linear

equations with only one unknown, namely 7.

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:

Error — .?1 J.Z J.n _ -7.19701'1 -?P“’j? '?pmj" : (B.13)
t1 Iy ... Iy torojl  tproj2 .-+ lprojn

In the first run f, ¢, and x are 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, (jo,40)7 is also included.
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