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Abstract

Automatically controlling the ight of an unmanned aerial vehicle
has typically been achieved using a suite of sensors to give relea
estimates of the vehicle's position, orientation and velogit Recently,
on-board video cameras have been used as a primary source os¢he
estimates, for the outdoor ight of large model helicopters. Her
a much smaller, indoor model helicopter is automatically ow by
employing just a single miniature transmitting camera. Howevetthis
task presents a sti set of challenges to the visual tracking systensad
to obtain pose and velocity estimates from the transmitted imags.
This thesis shows how they can be overcome.

Tracking discontinuous motion using ambiguous image featuseneans
that it is not su cient to consider just a single hypothesis for the
camera pose. A method for e ciently generating a representatn

of a multi-modal posterior probability distribution is preseried. The
technigue combines ideas fromansac and particle Itering such that

the visual tracking problem can be partitioned into two leved, while
maintaining multiple hypotheses throughout. The resulting sgtem
demonstrates a signi cant improvement in tracking reliabiliy over

previous unimodal approaches.

The use of multiple hypotheses however greatly increases therco
putational complexity of tracking and this causes di culties when



operating in real-time. This is addressed using a technique folus-
tering measurements which simpli es the problem of high-dinmsional
parameter estimation. The key idea is to group measurementston
clusters which are a ected only by a subset of the parameter spada
contrast to static partitioning techniques, the method presergd dy-
namically generates clusters at each step of the estimation. iBhsub-
stantially reduces the computation required, even for probms which
cannot be partitioned in the traditional sense. Hence the resuitg
system is able to perform robust visual tracking of all six degrees
freedom in real-time.

Small helicopters are extremely unstable and require high bdwidth
active control. This in turn requires accurate estimates of dith the
pose and (importantly) velocity of the helicopter. Unfortunaely, vi-
sual tracking gives noisy estimates of position; this, coupled thithe
non-Gaussian dynamic processes, means that conventional |teg
techniques either yield unusably poor velocity estimates oespond
insu ciently to large disturbances. In this thesis, a multiple hypoth-
esis Iter which employs a dynamic programming algorithm is sed.
This lter is responsive, while yielding stable and accurate eshates
of pose and velocity. These estimates can then be used with a simple
controller to reliably control the orientation of the helicopter. This
controller is in turn "nested' inside a controller which choosethe
orientation required to reach or hold at a desired position. Tis com-
bined controller is able to reliably y the helicopter and results from
a variety of test ights are presented.
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Chapter 1

Introduction

An important application of visual tracking is to aid the automatic guidance of
robots or autonomous vehicles. This thesis presents the deyeitent of several
visual tracking algorithms which enable the computer contiamf a miniature aerial

vehicle (MAV), in this case a model helicopter. One of the key geirements
for the success of an automatic controller is an accurate estitesof the MAV's

pose (position and orientation). In previous work with large rmadel helicopters
[e.g. Amidi 1996], this was obtained using a combination of GR8easurements,
inertial sensing and visual information. The target of this resach is the control

of much smaller vehicles which, having greatly reduced pagd capacities, are
limited in the variety of sensors which can be carried. Furthethe vehicle should
operate in indoor environments where GPS measurements arereliable. The

aim is therefore to locate the vehicle using just the informadin from a miniature

on-board video camera, which transmits images back to a baserquuter.

Visual tracking systems follow motion in a sequence of images frawideo cam-
era. If the video camera is moving through a static world, thisequence can
be used to recover the motion of the camera. Motion between ig@s may be
tracked by placing arti cial markers on the camera's surroudings; however, this
limits the working range of the system and may be undesirable faesthetic rea-
sons. Recent research has concentrated on operating in un-instented areas,
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by following the image motion of features which already exish the scene.

Tracking the motion of a MAV in this way and in real-time is particularly chal-
lenging for several reasons. The primary di culty is caused by th light weight
and instability of the MAV, which mean that external disturbances have a large

e ect and the MAV's motion is relatively di cult to predict. F urther, payload
restrictions mean that the use of inertial sensors to measure thedisturbances is
not feasible. Also, the quality of the images obtained from the imiature trans-
mitting video camera is very poor and this greatly increasesethands on the
vision system. Finally, the large disturbances and poor image glity result in
large pose uncertainty and the estimates must be correctly lted before they
can be used by a control system. This thesis shows how these issues can b

addressed to enable the successful automatic ight of the MAV.

An automatically controlled MAV could be used in a large rangefaapplications
[Amidi et al. 1998], such as search and rescue, law enforcement and cinenratog
phy. Santana & Barata [2005] discuss the control of an unmanndelicopter for
use in mine-clearing. MAVs can be used for automatic surveillamor mapping.
For example, the mapping and monitoring of a rapidly changmenvironment such
as a refugee camp could be accomplished by a miniature yinghiele controlled
by a visual system, without the need for a human operator. Currély, the only
automatic systems for mapping camps use satellite images [Bjor@999], which
have limited resolution and, more importantly, are restrictd on cloudy days.
The automatic monitoring of di cult-to-get-to areas such as the undersides of
bridges or the outsides of tower blocks would also be an idealpdipation. Re-
cently, manually controlled blimps have been commerciallgmployed to quickly
and harmlessly inspect the inside of Cathedr&sand the visual control of blimps
is discussed by Zhang & Ostrowski [1999].

LSkycell, www.skycell.net , last accessed Nov. 2005
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1.1 Thesis Organisation

The visual tracking theory presented in this thesis is appliedotthe task of auto-
matically controlling a four-rotor MAV, using the system descriled in Section 1.2.
Chapter|2 introduces related work and Chapter 3 describes iretail the method-
ology of an existing visual tracking scheme, on which the new tbiy is based.

Chapter|4 presents a multi-modal extension toansac which allows the tracking
system to consider multiple pose hypotheses. The chapter opens twftrther
discussion of the di culties faced by a visual tracking algoritim operating on
the images obtained from the MAV. To address these di culties a radel-based
tracking scheme, which follows strong edge features, is used. géd in image
intensity are particularly stable features and hence providéigh tolerance to
the poor quality images. However, in order to tolerate large,npredictable MAV
motions, it is necessary to assume relatively little about the pos# the camera in
one frame based on information from previous frames. As this priknowledge is
weakened, it becomes necessary to use the multi-modal extensiorransac to
consider multiple possibilities for the pose of the camera at dadrame. The
resulting technique produces a particle-like representatioof the multi-modal
distribution, but is data driven and hence can operate e cietly with relatively
weak prior estimates.

When operating in real-time however, evaluating the probality of many hy-
potheses is limited by computational constraints. Chapter 5 gsents a solu-
tion to this by clustering measurements so as to reduce the coragity of high-
dimensional parameter estimation problems. Clusters of measuarents which are
a ected only by a subset of the parameter space are found. Each bucluster
can then be used independently from all other measurements twlate decisions
about certain parameters. The method generates these clustelgamically for
each new video frame and hence, even though the 6D trackingoptem cannot
be partitioned in the traditional sense, achieves substantiabenputational reduc-
tions.
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The tracking system presented is capable of providing reliableose estimates
in real-time. The remaining task is the automatic control thehelicopter. To
provide a suitably damped response, the controller must use estitea of the
MAV's velocity, as well as its pose. Chapter 6 shows that obtaing su ciently
accurate estimates using conventional ltering techniquesomes at the penalty
of a slow response to the large disturbances su ered by the helitep Instead,
a multiple hypothesis Iter which employs a dynamic programrng algorithm is
presented. This Iter is responsive, while yielding stable andcgurate estimates
of pose and velocity.

Finally, Chapter [7/ describes the development of a controllexwhich adjusts the
attitude of the MAV from the pose and velocity estimates. The demnds for
the helicopter's attitude are in turn generated by a contrder which controls its
position. This nested controller is able to reliably stabilise e helicopter and
results from test ights in two situations are presented.

Chapter 8 summarises the contributions of this thesis and suggesireas which
require further investigation.

1.2 System Overview

The prototype MAV control system developed in this thesis is shawin Fig-
ure/1.1. The MAV used is a small, battery powered, consumer modetlicopter
(see Table 1.1), with its supplied radio control transmitter. Afour-rotor device
was chosen since these are signi cantly easier to control than eentional single-
rotor helicopters. This can be easily seen when performing mauights; also in
the literature the control of single-rotor helicopters (eve when accurate pose and
velocity estimates are available) is an active area of reselrna its own right [e.g.
La Civita et al. 2002] whereas the control of four-rotor helicopters is typally
described along with other research [Altlg 2003; Chen & Huzmez&003]. It is,
of course, possible to y the helicopter by hand; the author washde to hover the
helicopter with reasonable accuracy after approximately S@ours of practice.



1.2 System Overview

Video Camera / Transmitter

M & Video Receiver

RC Helicopter

RC Transmitter \&

Desktop PC

USB Interface |
&=

Figure 1.1: Overview of the complete closed-loop helicopter contrdiesys

No. of Rotors 4
Rotor Diameter 290mm
Overall Diameter 750mm
Weight excluding Battery 386 grams
Weight including Battery 541 grams
Maximum Payload 12 grams
Flight Time 12 minutes
Radio Control 4 channel
Camera Transmission 2:4GHz, 10mW
Camera Imaging 365K pixels, 380 TV lines

Table 1.1: Model helicopter speci cation.
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A single stream of images from the helicopter is captured by a suhiniature
video camera with an integral radio transmitter. The camera eighs only 9
grams, but has a number of limitations; most importantly shutterspeed and gain
are automatically controlled. Particularly indoors, this results in signi cantly
blurred or saturated images. The camera is equipped with a widengle, manual
focus lens. The manual focus (and large xed aperture) resulis defocusing
as the depth of the scene varies but this e ect is small compared the optical
resolution and blur. The wide angle lens is necessary to captuae image with the
greatest depth range possible. This is vitally important whenrying to obtain the
camera pose using a monocular camera system. The wide angle let®duces
considerable radial distortion but this e ect can be removed sing the calibration
techniques described in Section 3.2.2. A typical image frorhé camera is shown
in Figure(1.2.

Figure 1.2: A typical image obtained from the helicopter's onboard camer

The images from the camera are sent by a 2.4GHz wireless link to eceiver.
This produces a PAL video stream which is captured by a CX88-basedpture
card in a desktop computer. The images are captured as videolds rather
than complete frames, since this signi cantly reduces the systeime lag; a
new image is obtained every 20ms (50fps) rather than every 48r{25fps). The
images are captured at 768x288 pixels, although the e ectivesolution of the
camera is signi cantly less than this. Unfortunately the camerand transmission
link produce images which are constantly subject to considergbpixel noise,
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measured as having a standard deviation > 5 with intensities in the range
0 255. Further, the transmission link often introduces signi canerrors in the

image. Occasionally these are in the form of missed or manglednfigs as shown
in Figure[1.3. More commonly, the image is intact but parts attain errors as
shown in Figure/ 1.4. These errors are typically caused when theahsmission
path is obstructed, when the motor current demands change rajty or when the

helicopter moves abruptly (e.g. when it bumps into the oor) Further di culty

is caused by these errors typically lasting for several conseasatiframes.

Figure 1.3: Occasional frames are severely mangled by the transmissitensy

A desktop computer is used to execute the algorithms describadthe following
chapters. Speci cations for the computer are given in Table.2 (and this was
throughout this thesis unless otherwise stated). Most algoritheywere imple-
mented in C++ using the TooN numerics Iibrarﬁ and CVD vision Iibraryﬁ. The
complete helicopter control system is computationally expsive and to operate
in real-time, a multi-threaded architecture was used to splithe load between the
computer's dual processors (see Section 7.1).

The visual tracking algorithm described in Chapter 5 gives ansémate of the
helicopter's pose. This is ltered as decribed in Chapter|6 @ahpassed to the
control system described in Chapter |7, which computes the reged helicopter
motor speeds. A custom made USB interface (Appendix B) is used to trsfer

Ihttp://savannah.nongnu.org/projects/toon
2http://savannah.nongnu.org/projects/libcvd
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Figure 1.4: Often, frames from the camera contain smaller errors, bute¢hesn typically be
tolerated by an edge-based tracking system.

No. of Processors 2
Processor Type Opteron 252
Processor Speed 2:6GHz
Memory 2GB
Graphics Card | GeForce 6800GT (PCI Express) 256MB
Operating System GNU / Linux (2.6.12)

Table 1.2: Desktop computer speci cation.
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these demands to a standard radio control transmitter, which iiurn transmits
them back to the helicopter.

1.3 Publications

Much of the novel theory described in this thesis has been peeviewed and
presented at conferences:

Kemp & Drummond [2004] describes the multi-modal extension teansac ,

which is here described in Chapter 4. An oral presentation of th@ork was given
at the British Machine Vision Conference and the paper was awagd the 'BMVA

Best Science Paper' prize. An extended version of the paper igpexted to appear
in the BMVC special edition of the journal "Image and Vision Comgting'.

Kemp & Drummond [2005] describes the dynamic measurement cleshg tech-
nique, details of which are given here in Chapter 5. It was aepted for oral
presentation at the International Conference on Computer Vien.

A journal paper combining the clustering technique with the ltering technique
described in Chapter 6 and results showing successful ights of thelicopter has
been prepared and submitted to a combined issue of the Internatial Journal of
Computer Vision and the International Journal of Robotics Resach on "Vision
and Robotics'.






Chapter 2

Related Work

This chapter presents a review of previous work relating to thvisual guideance
of MAVs, starting with a discussion of current applications. Previas work in
the central eld of visual tracking is summarised in Section 2.20ften it is not
possible touniquely determine the camera pose in every video frame and track-
ing robustness can be increased by postponing decisions until ma@vidence is
available. Previous ideas relating to this eld of Multiple Hypothesis Tracking
(MHT) are described in Section 2.3. As shown in Section 1.2, the ages ob-
tained from the MAV are poor, and image measurements will inéably contain
signi cant errors. Robust methods to estimate parameters, such @amera pose,
in the presence of such errors are discussed in Section 2.4. Chagtwiill include
an improved method for detecting image edges and earlier Wain this eld is
summarised in Section 2.5. Section 2.6 describes existing teiques for ltering
the tracking results, both to reduce noise and to provide a prioprediction for
future frames. Section 2.7 then puts the novel ideas which apgesented in this
thesis into the context of these related works. Section 2.8 cdades with a review

of previous work combining vision with MAVs.

11



2. RELATED WORK

2.1 Applications of Visually Guided Robotics

Applications of robotic machinery are both widespread and derse. Often robots
are used to replace human operators as their speed, relialyiliprecision and
repeatability make them ideal for manufacturing tasks. Equ#&} they may be
used in locations or situations where it is unsafe or impractitdor humans to
work. Generally, it is essential for a robot to locate itself rative to surrounding
objects. In the case of a xed robot arm, the system must know the pain

of the components on which it is to work. In the eld of mobile obotics, a
means of locating the robot in the world is required. Someties, this can be
achieved by limiting the robot to function only in aninstrumented area - where
devices (e.g. coloured lines or ultrasonic beacons) are ad@tdxed locations in

the working environment. However, it is often preferable forobots to be able to
operate in non-instrumented environments and this is typidly achieved using a
vision system.

The topic of visually guided robotics covers any robot system wéh is controlled

using information obtained from a visual imaging system. Currdly, such tech-

nology is mainly used to aid xed manufacturing robots. Oftenn production

systems parts arrive in uncontrolled orientations and positizs and must be ac-
curately located before automatic operations can proceeBdrger et al. 2000].
While other technologies can be used to locate parts, the simpty and speed of
a visual system make it an attractive choice. This is especiallyé case if a vision
system can simultaneously be used to inspect the raw or manufactdrparts.

In addition to applications for xed robotics, another important domain for visual
guidance is that of mobile robotics. Current applications a generally restricted
to land based systems, for example robotic transport devices. Autaic trans-
port systems are proven to work well in instrumented environmés - besides
robotic pallet trucks, unmanned train networks are now commuoin airports, or
for example the Docklands Light Railway in London. Mobile rbots can also be
used in di cult or dangerous situations. The inspection of critcal parts of nu-
clear reactors can be safely accomplished using a mobile robquipped with a

12



2.2 Real-Time Visual Tracking

video camera and other specialist sensors [Ki&d al. 1999]. While such robots are
currently guided by humans, a system which could guide the robautomatically
would signi cantly help with accuracy and the avoidance of hman error. Alter-
natively, current systems could be augmented with operator ds. For example,
visual information could be used to increase control stability sthat humans can
drive the robot with greater ease, or third-person perspectiveews of the robot
in its environment could be generated to aid visualisation.

2.2 Real-Time Visual Tracking

A large class of research explores the tracking of objects whimove before a cam-
era. Typically tracking is performed by locating distinctive image features, which
are ideally both uniquely identi able and invariant to pose ad lighting changes.
Features used include histograms of pixel intensities and cals [Comaniciuet al.
2000], planar textures undergoing a ne deformations [Jug & Dhome 2002] and
exemplar-based contour matching [Toyama & Blake 2001]. Sutdchniques could
be used to determine camera pose by triangulation if several sustatic objects
are tracked. However, greater reliability in tracking pose ischieved by using
many smaller features, which gives the opportunity to reject wilier measure-
ments.

Existing pose tracking systems can be split into two groups: those wh rely on a
predetermined model of the tracked scene and those which ledine surroundings
as the sequence progresses. Encouraging progress has been madatiye in
the latter group [Davison 2003; Seet al. 2001]. Since the manual creation of
models is time consuming, such systems which automatically cteaor adapt
models are very bene cial. However, where the surroundingseaexpected to be
reasonably static, exploiting the prior knowledge containeth a model will aid
tracking performance. In particular, model-based systems camore easily reject
unmodeled features and so are more tolerant of non-static elents in the images,
such as passing humans.

13



2. RELATED WORK

A common model-based tracking technique is to match pointkée image features.
Often, point features are matched from frame to frame [Simaet al. 2000] but such
sequential updating can cause drift in the feature templates, hich leads to drift
in the tracked pose. This can be eliminated by combining intdrame matching
with precomputed keyframes [Vacchettet al. 2003], a learnt point model [Gordon
& Lowe 2004] or an edge model [Rosten & Drummond 2005; Vacchedt al. 2004].
While point tracking is applicable to a wide range of problem it is troublesome
for the MAV application described in this thesis. The nature of he helicopter's
operating environment, together with the substantial motiorblur and image noise
produced by the sub-miniature camera, mean that point feateas are very di cult
to extract or match at all but the coarsest of scales.

2.2.1 Early Edge-Based Tracking

An early method employing image edges [Cipolla & Blake 1992%as "B-spline'
shakes to track apparent contours. At each frame, image intetgigradients
on either side of sample points positioned along the snake are eMaed. Each
sample point is e ectively attached with an elastic membraned the point of
largest intensity discontinuity and the snake is hence pulled teards the nearest
contrast edge. Often however, models of the scene can be usednpase large
constraints on the image features and thus increase robustneggsicantly. One
of the earliest real-time, marker-less, model-based 3D visualtking systems
is RAPID [Harris & Stennett 1990]. The aim of RAPID is to keep an acurate
estimate of the six system state parameters which describe the po$¢he camera
relative to the known 3D object. At each new video image the ge estimate is
updated according to a motion model which predicts the motiobased on recent
measurements. Measurements of the video image are then made dorect this
estimate to that observed in the image.

The predicted pose is used to render a 3D model which gives thegegted loca-
tion of edges in the image. A one-dimensional search for an ineagdge is then
made in the local vicinity of various sample points, which areotated along the
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predicted edges. This local search at a small number of pointgygically 20-30
per frame) is the main factor contributing to the computatiaal e ciency of the

method. Having obtained an error measurement for each sampleimio the six

pose parameters are updated to minimise these errors. A Jacobiaratrix de-

scribing the di erential of each sample point error with respedcto each of the
pose parameters is calculated and this linearisation is used tw a least-squares
solution.

Harris and Stennets’ RAPID system was demonstrated to work at a fuframe
rate of 50Hz, although at the time this required precomputatin of the visibility
of each sample point from di erent camera positions. Advances iprocessing
have led to many systems which are based on the ideas used in RAPiDwdwer,
at the time, alternative approaches were also presented. Botlowe [1992] and
Gennery [1992] use specialist hardware to perform entire imageocessing at
speeds approaching real-time. Lowe uses a Marr-Hildreth edgetekctor to obtain
all the edges in the image. A tree style search is then used to miatthe model
edges to those found in the image. At each node, representing@spible pose, the
search is guided by including or removing image edges based be probability
that the match is correct for that pose. This probability is céculated based on the
perpendicular edge distance, relative orientation and letigs and the predicted
measurement covariance. The pose parameters, given a candidseét of matches,
are then calculated using a least squares solution. Although thermputational
complexity of this scheme meant that the frame rate was only 8Hz, the method
allowed articulated objects to be tracked and is robust to b&ground clutter and
signi cant occlusion.

2.2.2 Robust Tracking Schemes

Several improvements to the robustness of RAPID are presented Bymstrong
& Zisserman [1995]. The main concern is with the identi catiorand elimina-
tion of incorrect edges. Since measurements made from contpalints situated
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on one model edge will not be independent (as assumed by HarrisdaBten-
net), ransac is used to nd sets of measurements which agree with the specic
primitive for that edge (e.g. straight line or conic). If the neasurements are not
su ciently consistent then that edge is not used for that update. Using the re-
maining edges the pose estimate is updated but rather than a sitegeast squares
solution, case deletion is used to identify and remove occasibirecorrect edges
(which are self-consistent but not consistent with the whole mod)e In addition
to these measures to aid robustness the authors also note that theliability
of individual edges may vary over time (for example due to pdgn or light-
ing changes). A decaying average of the frequency with whichad primitive is
correctly found is used to weight the con dence attached to .t

Such removal of outliers is very important in a scheme which usa least squares
solution because large errors due to incorrect matches will Jea signi cant
e ect on the solution. Instead of actually removing outliers, a alternative is
to replace least squares with a robust M-estimator. This reducdke e ect of
outliers by minimising a function (other than the least squaresorm) which more
accurately models the expected error distribution. This e etively allows for a
higher probability of large errors caused by such incorrect nenes. More details
on robust estimation are described in Section 3.2.4.

An M-estimator approach is used as part of the system presented by kdhand
et al. [1999]. Here a velocity model (such as a Kalman lIter) is not regred.
Instead, a large-scale 2D a ne motion is rst determined by perbrming per-
pendicular edge searches. The a ne transformation is calculatl using a robust
M-estimator. The full 6D pose is then re ned in an iterative sche to improve
the matches between the model edges and areas of high intengitadient in the
image.

Simon & Berger [1998] use both a robust estimator and outlier egtion. Again
a velocity model is not used but instead the location of the obge¢ is predicted
using the normal optical ow measured in the image. An active cdaur (snake)
is initialised at the predicted location and used to nd the neeest image edge.

16



2.2 Real-Time Visual Tracking

Having found candidate image edges a two stage approach is usedcompute
the pose. First at a local scale a robust estimator (either an M-estiator or
Least Trimmed Squares) is used to adjust the residual distance froeach model
feature point to the image edge snake. Feature points with arige residual are
then assumed to be outliers (having had little e ect on the robst estimator
result) and are removed. Secondly, at a global scale, an M-esétar is again
used to adjust the pose parameters to best t all the feature residls. The
robustness at this stage allows entire features which are acately localised but
incorrectly matched to be removed. The system also allows for ohel features
to be added or removed from the currently tracked features @sey move on or
o the image. Although the system is not implemented in real-tine, tracking is
successful with low quality images and copes well when the aeticontours are
attracted to incorrect local minima.

Klein & Drummond [2002] improve the robustness of an edge baseddking
system using information available from inertial sensors, which er accurate
indications of sudden motions but tend to drift over time. "Sesor fusion' is used
to o er two advantages to the tracking system. Firstly the infomation from the
inertial sensors can be used to give a good prior prediction ofethpose at each
frame. This allows the system to tolerate rapid motions, whilsthe vision system
compensates for (and calibrates) drift in the inertial readigs. Secondly, with
fast rotations the captured image tends to become quite blued. The simple
edge detector used in most edge based tracking systems will evaiiyu fail to
nd the blurred edges produced by such motions. However, ineai information
can be used to predict the direction and width of the blur and te edge detector
can be tailored to speci cally respond to edges blurred in thigvay. Hence the
system can track in the presence of large motion blur.

2.2.3 Tracking versus Initialisation

The eld of "position initialisation' is concerned with locaing (often in six degrees
of freedom) an object in a single image of a scene containing thabject. In
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contrast to tracking methods no prior assumptions of the objeclocation are
made. Although typically slower than tracking methods, pose estiation methods
share a similar aim and provide the ultimate robustness to unpréxtable motions.

The huge amount of data present in an image means that object dpose recog-
nition methods must generally rst reduce the image to a set of &ures such as
lines, corners or pixel intensities around such features. Sudmfures must pro-
vide excellent information compression by greatly reducinghe amount of data
whilst preserving the information necessary to discriminate beten and locate
objects. Much of the literature in the eld assumes that these feares can be
accurately matched to features on a known library represeritan of the object.
Given such correspondences, which are substantially correctetproblem is then
to nd an iterative scheme which will converge quickly to givethe correct pose.
Suitable error functions which can be minimised to nd the caect pose are given
by Wunsch & Hirzinger [1996] or Phong & Horaud [1995]. Lat al. [2000] present
a globally convergent scheme, whilst Rosin [1999] and Wunsch & Eimger [1996]
use steps to increase robustness against incorrect correspondené&ong & Ho-
raud [1995] show that in the case of straight line features, the timisation to
nd the six parameters which describe an object's pose can be segad into
a search over the rotation parameters followed by a search owhe translation
parameters.

The task of selecting and matching suitable image features hals@ been well
considered. A recent review and evaluation is given by Mikglzyk & Schmid
[2005]. Image feature types are generally chosen for theivamiance to viewpoint
and lighting changes. For example, Lowe [1999] describes aywpopular method
for giving scale invariance to local intensity patches aroungdoint features.

2.3 Multiple Hypothesis Tracking

One of the most robust tracking schemes to date e®ndensation [Isard & Blake
1998]. Rather than relying on a single-hypothesis robust estintaa, the scheme
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uses a multi-hypothesis approach. A representation of a multitodal probability

distribution for the model parameters is stored using factoredampling (e ec-
tively N point measurements from the distribution). At each nev frame N new
sample points are selected randomly from the old set (using repament), with

more probable points having a higher probability of selectio The new points
undergo drift motion predicted by a dynamical model and themandom motion
to model process noise. Observations (measurements) in the image made at
each of the new sample points to determine the likelihood of &a hypothesis.
The contour model used is a parameterised spline, the initial sha of which,
along with the motion model used in the drift stage, is obtainedrom a training

set. The system is capable of real-time operation and is robust lrge amounts
of clutter due to the multi-hypothesis approach. Although thelocal minima at
any frame may be incorrect if the tracker locks onto the clutr, the true object is
often being correctly tracked by an alternative hypothesisrad hence the tracker
can later recover.

Several extensions or modi cations have since been made to thendensa-
tion scheme (also known as a patrticle Itering approach [Gordoet al. 1993]).
Deutscheret al. [1999] apply particle Itering to the tracking of a simple moctl
of an arm. The authors observe that a traditional Kalman Iter approach is not
able to cope satisfactorily with singularities and discontinties in the parameter
space. For a human arm this is most obvious where the arm is strb&d out to
the side and is able to twist with virtually no observable changeyet to get from
certain poses to others it must be tracked successfully throughishsingularity.
The authors observe that the random sampling stage of particldtering is able
to cope well with this situation. Singularities are also a prolem for the tracking
of rigid scenes. With a simple model of the surroundings it is notneommon for
tracked features to ‘line up' so that at least one of the pose dimgons cannot
be accurately determined.

Probably the biggest di culty with the particle Itering app roach is the large
number of sample points required to adequately model multi-adal hypotheses
in higher-dimensional spaces. Deutschet al. [2000] wish to track an entire ar-
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ticulated human body model with 29 degrees of freedom (doflpespite relatively
clean images with no background clutter this is a di cult task and even with
40000 particles (taking over 30 hours to process four secondwideo) the parti-
cle Iter approach fails to track successfully. The authors proose a solution they
call Annealed Particle Filtering. Instead of modelling the pobability density at
each frame using factored sampling, only the single mode or mgawse is stored.
This enables the use of a simpler weighting function instead oéaving to evaluate
the likelihood of each particle. An annealing approach is uséd nd the single
highest peak from the multi-modal weighting function responseThe simulated
annealing procedure is e ectively a coarse to ne search, imly using a very
broad weighting function to coarsely smooth the response and tihéo gradually
home in on the largest peak. Whilst the resulting system is too slowifreal-time
operation, a multi-layer annealed search is able to track tlretest sequence over
ten times faster than basiccondensation

The annealed particle lter is an interesting contrast to the vork of Deutscher
et al. [1999]; annealing does not propagate the multiple hypothesom one frame
to the next, yet it is able to track past the singularities discussié by Deutscher
et al.[1999]. Problems with singularities are presumably avoided lthe annealing
approach allowing a broad range of the parameter space to be eb&d at each
time step. Hence even if the most likely pose obtained at a singulaoint is
incorrect, the search at the next frame will be wide enough tond the correct
pose.

Layered sampling, a similar coarse-to- ne approach, was intdaiced by Sullivan
et al. [1999]. With standard particle ltering, if the likelihood function has a
narrow peak relative to the width of the prior distribution, many particles are
needed to ensure that one lands within the likelihood peak. toarse versions of
the likelihood function are available, this problem can bewmided by Itering and
resampling particles at successively ner scales.

An alternative method of reducing the computational load of grticle Itering is
to use partitioned sampling. This idea, which was introducedybMacCormick
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& Blake [1999] and applied with more detail to hand trackingn MacCormick
& Isard [2000], uses a divide and conquer approach. Rather thattempting
to “search' the entire con guration space (by allowing the paicle ltering drift
stage to cover the space), the search is performed rst in one setdimensions
and then in the next. Clearly this is only possible when the comuration space
can be split such that the dynamics used in the second stage do noteat the
projections of the particle positions into the rst stage. Howeer, for articulated
models this will often be a reasonable assumption and the systemeos good
performance improvements.

While MacCormick's work uses manually de ned partitions, a pdicle anneal-
ing scheme presented by Deutschet al. [2001] automatically exploits some of
the bene ts, without needing explicit partitions. Hierarchical partitions of the
search space are automatically formed when all measurementsesggon parame-
ter values. A crossover term is also employed to allow the search spdo split
into non-overlapping parallel partitions. However, this metod su ers from the
limitation that it requires common parameter values be estimted from all of the
measurement data, which makes it di cult to use in the presencefdarge motion
disturbances or signi cant clutter.

The approach used in particle Itering methods is to store the wrrent set of
hypotheses as point samples on a continuous probability didtation. Although
this has many advantages, it is worth mentioning an alternate approach which
uses a discrete set of hypotheses, each with its own error distrimrn. An e cient
means of implementing a classic Multiple Hypothesis Tracking (MIT) algorithm
is given by Cox & Hingorani [1996]. A matrix representation is sed to show
the assignment between measurements and geometric featured anaugmented
to include columns representing spurious and new measuremergs, that valid
hypotheses have only a single non-zero in any row or column. Imube force
MHT all possible hypotheses are enumerated at each frame and fack the
likelihood is evaluated. The e ciency introduced by Cox andHingorani comes
from being able to nd the k-best hypotheses directly, irO(k?) time, by recasting
the problem as a weighted bipartite matching problem in whit nodes on one side
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are the measurements, nodes on the other are the features ané #itlges are the
log likelihood probabilities. This system, combined with a proing scheme and
a probability based on the Mahalanobis distance and cross cdaton test is
shown to give encouraging results with reasonable computatidimes. However
the authors note that the introduction of cross correlation hsed matching was
necessary to make the matching uncertainty manageable but aleote that such
matching is prone to errors in some circumstances.

Cham & Rehg [1999] apply a multiple hypothesis approach to thieacking of an
articulated human gure. Rather than proposing possible hypdteses and then
evaluating their probability, the modes of the probabilitydistribution are tracked
directly. This could be performed using a particle Iter repesentation of the
state but the high number of degrees of freedom makes this diut. Instead the
multiple hypothesis distribution is modelled as a piecewise mination of many
Gaussian distributions. A method for producing samples from thidistribution
is presented and the state probability is measured from the imagto rede ne
the distribution for the next time step. Encouraging results a& shown with the
successful tracking of a 38 dof human model over a dance sequengefully
Bayesian approach is applied by Ringer & Lasenby [2002] to MHT d¢fuman
gures by employing distinctive markers on the human to rema¥ any matching
ambiguity and hence to remove the need for particle Iteringnethods.

Work which uses multiple hypotheses to achieve both localisati and tracking
has been presented by Arrast al. [2002] who assume that features of the environ-
ment (e.g. lines or objects such as re extinguishers) can be acately extracted
and recognised but that spatial ambiguity remains (e.g. a doaran be accurately
identi ed as a door but not a particular door). The system propsed uses a
search tree to return hypothesis sets of observation-to-modehishes which ful |
a variety of geometric constraints. The multiple hypotheses arsplit or pruned
as appropriate when more features are observed. The resultisigstem is demon-
strated using only in nite line features and is shown to work wel including
tolerance to the robot being suddenly moved (kidnapped) and colliding with
obstacles. However, processing is substantially slower than reaih¢ and it is not
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clear how well the system would scale to more than the three degeeof freedom
currently tracked.

A multiple hypothesis approach is applied to the tracking of @and by Stenger
et al. [2003]. Hypotheses are represented as a Bayesian posterior pbalig but
rather than using a particle Itering approach, a tree-based Iter is employed.
Nodes at each level of the tree represent non-overlapping ase# the state space,
at increasingly ne detail. The tree provides an e cient method of concentrating
computation on signi cant regions of the state space, since brahnes of more likely
nodes can be explored rst, thereby increasing the density of pt@rior probability
samples in likely regions.

2.4 Robust Estimation

The Random Sample Consensus paradigmafsac ) was originally proposed by
Fischler & Bolles [1981]. Though much of that work was devoted the “location

determination problem' which is not relevant here, theansac method has been
used widely throughout computer vision and particularly for pipolar geometry

constraints and 3D motion estimation (for a review see Torr & Muay [1997]).

ransac is used to estimate parameters from a set of measurements and isliyr
robust to outliers in the data. A minimal set of measurements toanstrain the

model is randomly chosen and the remaining data points are test to see if
they agree with this hypothesis (the consensus test). The proage is repeated
several times and the hypothesis which has the largest numberooinsensus points
is chosen. A nal “classic' optimisation can optionally be perfaned using only

the consensus points. The authors observe that the random sampgjistage may
be guided by a prior probability if available.

Despite the success afansac , it is clear that since many hypothesis sets must
be considered (depending on the expected proportion of oetls), it is not par-
ticularly fast. Several di erent improvements, aiding both sged and accuracy,
have since been proposed.
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Randomisedransac was proposed by Chum & Matas [2002] to increase the speed
of hypothesis testing. The idea is simple - an initial consensusstds performed

in which a small subset of the remaining data points is rst testedThe authors
propose a very simple initial check where data points are randomly selected.
Only if all d points are within the consensus range the entire data set is cked
for the exact consensus value. Despite the simplicity of this testhe approach

0 ers a considerable speed improvement.

A Bayesian approach taansac is presented as part of work for long range feature
matching by Cham & Cipolla [1998]. The prior probability distibution of model
parameters is utilised twice. Firstly, as suggested by Fischlend Bolles, prior
probability is used to weight features during the random seléon stage. Hence
features which are more likely to be correctly matched are seted with a greater
frequency. Secondly, the prior probability is used when caltating the model
parameters from the sparse data set to nd the maximuna posteriori (MAP)
estimate.

Torr & Zisserman [2000] suggest that, rather than using the simpleonsensus
count to score each random sample, a more meaningful measure $thdne used.
The authors note that a magnitude limited error value can be sed at no addi-
tional computation cost and that in general this improves redts. If additional
computation can be tolerated then the log likelihood can beatculated instead.
The correctly matched measurements are assumed to have a Gaussaor dis-
tribution, whilst incorrect matches are assumed to be drawn fra a uniform
distribution. However a mixing parameter which determines tla proportion of
correct matches for this statistical model must be obtained. Isontrast to Cham
& Cipolla [1998], no prior information is made available, smstead the parameter
is found using an iterative process which maximises the log likeood for that
sample set. The resulting scheme is shown to o er superior results tansac .

Whilst maximisation of the log likelihood function is a logichextension ofransac
the iterative scheme for nding the mixture parameter is ratter dubious since this
probability indicates prior knowledge and should not dependn the hypothesis.

24



2.4 Robust Estimation

This issue is addressed by Tordo & Murray [2002] where it is showrhat, for

a good set of real images, there is little to be gained by estimagj the mixture

parameter and that in practice it can be set as a constant. Howeehere is often

information available as to the quality of each match. In thé case the correlation
score for each feature is used to indicate the prior probabifithat the feature is

correctly matched. As well as being used to provide the mixturparameter for
the log likelihood estimation, this prior is used to guide theandom sampling (as
Cham & Cipolla [1998]). A separate issue addressed by Tordo & Muay [2002]
is that temporal information can be propagated in multiple fame motion track-

ing: a prior probability of each feature being from the foregund, background or
a mismatch can be obtained from its result in the previous match

As mentioned previously, an alternative to speci cally markig measurements as
inliers or outliers is to apply a robust M-estimator to all the measurements. These
minimise a function of the residual errors which is less biasedwards outliers
than the L, norm. Such estimators have been applied to both pose estimation
[Wunsch & Hirzinger 1996] and tracking [Drummond & Cipolla 199; Marchand
et al. 1999; Simon & Berger 1998]. Although these schemes avoid any lexp
searching of correspondence sets, unfortunately iterative sbtuns must be used
and these nd local minima rather than necessarily nding the gbbal minimum.
Convergence on the global minimum is dependant on a good iaitpoint (prior
prediction) from which to iterate and, as shown in Section 4,1a poor prediction
can lead to tracking being lost.

Another alternative to L, optimisation is to minimise the median squared error
and this technique is applied to robust visual pose estimation bRosin [1999].
The method can nd the global minimum with a given con dence ével using a
ransac -like algorithm but unlike mostransac approaches the technique has the
advantage that the computational order is linear in the numbr of data points.

A nal class of robust estimation techniques use statistical methds. Simulated
annealing [Kirpatrick et al. 1983] makes connections between optimisation and
statistical mechanics and progressively optimises using a "cogliprocess. Possi-
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ble solutions are represented by particles in the parameter sgaand at each step
the particles are given a small random displacement. The disglament is kept
if it results in an improved solution but also there is a random dince that it is
accepted, even if it makes the solution worse. This allows paes to occasionally
jump out of local minima, but as the temperature is cooled thehance of bad
displacements being accepted is reduced. Unlike iterativecteniques such as M-
estimation, simulated annealing is often able to avoid local imma. The gradual
cooling also helps divide and conquer as particles are proggeely concentrated
on more probable areas of the parameter space.

2.5 Edge Detection

A signi cant number of visual tracking systems work by locating dges in each
image. Although detailed research into edge detection methsdas been con-
ducted for the processing of entire “static' images, the methodsed in real-time
tracking are normally simplistic and local. For examplecondensation hypoth-
esises the position of an edge and then examines the image onlyhini a few
pixels of that position, using intensity di erences to determme the probability of
there being an edge at that point.

A review of many traditional methods for nding image edgessi given by Smith

[1997]. A classic work on image edge detection is Canny [1986hage edges
are modelled as step intensity changes with additive Gaussianise across all
readings. An optimal Iter is derived which maximises the prodat of a detection

probability criterion and a localisation accuracy criterim. It is then shown that

this optimal lter can be well approximated by the di erenti al of a Gaussian,
which in turn is well approximated by the di erence of two Gawssians. Canny
observes that this lter is not applicable to nding boundaries between textures
and that di erent sized Iters must be used to nd accurately image features
of di erent sizes. A threshold value is used on the Itered imagea determine
initially whether each pixel is an edgel or not, and non-marial suppression and
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hysteresis are then used to help create unbroken chains of edgepixels which
are believed to lie on an edge.

Shahrokni et al. [2004] discuss the need for ndindexture edges or boundaries
using local searches (rather than processing the entire image)drder to achieve
real-time tracking operation. The work borrows hidden Mar&v random eld
techniques from the texture segmentation literature but shogvhow they can be
applied to nd the most probable texture change-point along aingle scanline of
pixel intensities. Under certain assumptions a closed form solutican be found
which leads to a very e cient algorithm. More details on thistechnique, which
is also used here, are given in Section 4.3.

2.6 Pose Filtering

Although many of the tracking schemes discussed e ectively impteent a Iter
to update the camera pose, lItering has also be studied in its ownght. A lter
has two distinct uses in a tracking system. Firstly, if the result othe tracking
stage is noisy, a Iter may be able to smooth the result by statistidy modelling
this noise. Secondly, all tracking systems require a prior pretion of the pose
for a new video frame (see Section 3.1.1) and this must be prosdiby a Iter or
motion model.

The simplest form of pose Itering assumes that the pose measuremésicorrect
and that the camera is stationary. Hence, for time& + t, the prior prediction

of the system stateR. ; is simply the posterior at timet, x;.! Such a model
severely limits the speeds at which the camera can be moved. ke, a "constant
velocity' model is often used:

k\t+ t= X+ tvyg and Vi= Vi + (Xt k‘t): t: (21)

IFor clarity here it is assumed that the system state (the current pose) can be eépresented
as a vector and hence bold notation is used. Often, a linearisation about the current gse is
used, as described in Section 3.2.
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The two constants ( and ) control an overall decay in the velocity prediction
(for a strictly constant velocity model, = 1) and add damping which is vital to
avoid the posterior oscillating about the correct pose.

The Kalman lter [Welch & Bishop 1995] describes the optimal mihod for pa-
rameter estimation in the case when the state update and measurent equations
are linear and the measurement and process noises are additiGgussian and
independent (white). It can therefore be used to implement adnstant velocity'
model which assumes that the camera velocity is constant aparofm accelera-
tions which are drawn from a Gaussian distribution.

For cases when the equations are not linear, the extended Kam Iter (EKF)
[Welch & Bishop 1995] linearises the equations about the cuntestate, for each
update step. It has frequently been used with visual tracking,dth as a means
of smoothing the output and to provide a prediction for the posé the following
frame [e.g. Armstrong & Zisserman 1995]. The Unscented Kalman It¢Haykin
2001] is an alternative to the EKF and uses linearising appraxiations that are
typically more accurate than the direct linearisations usedithe EKF. However,
the use of both these lters is still limited to situations where he process noise
is largely Gaussian; as shown in Section 6.1.2 they do not worklhehen this is
not the case.

For multi-modal distributions, it is possible to use a Gaussian mixtre model to
more accurately represent the distribution. This was appliedo the tracking of
human gures by Cham & Rehg [1999] in order to overcome ambigies.

Particle ltering techniques [Arulampalam et al. 2002] can also be employed as
a post- ltering stage for other tracking schemes, by including &th pose and
velocity in the state of each particle. As when used as part of theacking
system itself, particle lters work well even when the underlyig process noise
or measurement noise are not well approximated by a Gaussian dibtrtion and
when the likelihood distribution is multi-modal. However, paticle Iters are
best used when the parameter space has low dimension and when tkelihood
function can be evaluated cheaply. Unfortunately, trackingpoth pose and velocity
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requires a twelve degree of freedom parameter space and tdBarepresentation
of the posterior requires a large number of particles.

The Unscented Particle lter [van der Merweet al. 2000], applied to visual track-
ing by Rui & Che [2001], goes some way to reducing the number ddrpcles
needed to successfully represent the distribution by employingth the prior and
the likelihood at the resampling stage.

2.7 Context of this Thesis

Visual tracking systems aim to follow the motion of image featusg from which
the pose of the camera can be obtained. Although a variety of teaes have been
considered, the quality of images obtained from the MAV meartbat using edge
features for which a 3D model is available gives the best cha&nof success. Edge
based systems su er from di culties making accurate corresponaees and the
most robust schemes all consider multiple hypotheses or a multiemtal probability
distribution. All such schemes inherently employ robust estimatin techniques
which allow for the presence of the outlier measurements thagdd to the multiple
hypotheses.

Unfortunately, the strict need for real-time operation prodees a limit on the
‘width' of hypotheses that can be considered and this directlymits the size of
unpredictable motions which can be tracked by existing schemeln this thesis,
the idea is to use “divide and conquer' techniques similar todke of MacCormick
& Blake [1999] but to generate a posterior probability represgation similar to
those obtained bycondensation [lsard & Blake 1998]. Using a data-driven
approach should reduce the computation time required so thatgreater number
of hypotheses can be considered and robustness to unpredictablations can be
increased. Building on the automatic partitioning ideas of Butscheret al. [2001],
here automatic clustering of measurements will be used to quigkreject poor
hypotheses and again allow a greater number of possibilities Ibe considered.
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Robust visual tracking schemes are applicable to a variety of plications. Here,
the speci c task of controlling a miniature aerial vehicle is ddressed and this re-
guires improvements to existing pose ltering methods. Unimod&KFs [Welch &
Bishop 1995] can be used to provide accurate velocity measurensebut respond
poorly to non-Gaussian motions while particle lters [Arulam@lam et al. 2002]
introduce massive additional computational requirements. btead, a Kalman |-
ter “mixture-model’, rather like that used by Cham & Rehg [199], will allow both
accurate velocity measurements and the ability to mode-swhcwhen necessary
to follow sudden velocity changes more rapidly.

2.8 Miniature and Unmanned Aerial Vehicles

Miniature aerial vehicles are challenging to control for tree reasons; they are
under actuated, non-linear and subject to large disturbance$robably the sim-
plest devices to control are model blimps and the visual confr@f an indoor
blimp is presented by Zhang & Ostrowski [1999]. Their main coritbution is the
avoidance of any explicit calculation of the blimp's pose. Btead, the control
inputs are directly related to the motion of image features, ith the inclusion of
appropriate dynamic modelling. This is used to enable the Iolip to follow the
path of a coloured ball. A similar technique of visual servoingikctly from image
line features is described by Andre et al. [2002].

Research at the University of Florida centres around small (624 inch wing span)
aeroplanes. Vision has been successfully used [Ettingeal. 2002] to provide roll
and pitch estimates using the horizon line, from which reliabl automatic ight
has been demonstrated. Vision research continues to improve izon detection
[Todorovic et al. 2003] and is enabling useful ight "missions' by providing image
classi cation [Todorovic & Nechyba 2004].

The ability of helicopter based MAVSs to take o vertically, hover and y in rea-
sonable air disturbances provides signi cant operational adwntages over blimps
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and planes. However, this comes at the expense of greatly inc@ed modelling
and control complexity, a detailed study of which is given by Pouty [1990].

The theoretical work by Shakerniaet al. [1999] concentrates on the control dy-
namics of a large, single-rotor model helicopter, own using &ll GPS and in-
ertial sensor suite. Vision is used to estimate the position and veltcof the
helicopter relative to a planar landing pad. An analysis of therrors involved in
such estimation and their e ect on the control loop are given.

Sinopoli et al. [2001] also achieve control of a helicopter using GPS and inaft
sensors. Coarse, laser-measured maps of the earth's surface are tsprbvide a
global navigation plan. The authors propose the use of a visualstgm to re ne
and augment the coarse map of the terrain, in order to providan real-time,
detailed route-points and perform obstacle avoidance. Gineodometry informa-
tion from the helicopter, optical ow is used to provide detdied depth maps and
these are compared this with the coarse terrain map to obtainflormation about
obstacles.

Amidi [1996] summarises work at Carnegie Mellon culminating ithe successful
test ights of a petrol helicopter (overall length 3.5m). Cusbm hardware is used
to perform on-board processing of images from two cameras. Addital sensing
is provided by di erential GPS measurements and an onboard ompass and gyro-
scopes, giving a total of 18Kg of extra on-board equipment. Theontroller used
is a series of nested propotional-di erential loops.

Dittrich [2002] investigates a methodology for the exible mtegration of avionics
systems with a large (overall length 3.6m) helicopter. The appach ranges from
software to perform both software- and hardware-in-the-loopimulations to ex-

ible hardware mountings. Analysis of sensing errors is describetaresults from
real ights are given.

Buskey et al. [2003] describe recent work with a medium size (overall length
1.8m, 8kg total weight) single-rotor helicopter. Position sesing is achieved with
an inertial unit (weighing 65g), di erential GPS and a stereovision system with
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an onboard 733MHz processor. Control is achieved through a nuerbof nested
Pl controllers. Heading, roll and pitch are controlled using Plcontrol, where
the integral term provides slow compensation for trim, main ror speed and
wind variations. A nested proportional controller calculate the roll and pitch

demands from the user-provided velocity demand. It appear$sidt no absolute
positioning control is implemented. Both a stand-alone PID maule and a nested
PI controller are investigated for height control. From thei graphs, the ights

occur above the ground e ect (the e ect of the rotor down-dr&t when ying near

to the ground).

Unfortunately, smaller single-rotor helicopters are relately hard to control due
to their light weight and the use of y-bars (for a review see Sim et al. [1998]) but
recently indoor, electric helicopters which employ four ®rd rotors have become
available. Chen & Huzmezan [2003] describe the identi catioof a non-linear
model of such a helicopter and the design ofld; controller. Results for real
ights when attached to a two degree of freedom measuremengrare presented.

Altwg [2003] presents work with a four rotor model helicoptersimilar to that
used here. The pose of the MAV is determined using both an onboatdmera
and a separate oor-mounted camera with an automatic pan/tid head. This,
combined with coloured “blob" markers on both the helicopteand the world,
provides accurate and robust position estimates. Theoreticalork relating to
rotor placement and control loop design is also presented.

32



Chapter 3

Framework

This chapter details one method for visual tracking and its maematical tools.
This framework, which was described by Drummond & Cipolla [B®], provides
the basis that Chapters 4 and 5 extend.

3.1 Edge-Based Visual Tracking

Model-based tracking is in essence very simple; as each new framéves, the
pose of the model is adjusted so that it best matches the image. These is not
obtained afresh every frame but is adjusted away from prior prediction. This
prediction may be the pose found for the previous frame or it ngebe based on a
more complicated model of how the camera moves.

Tracking therefore has two important limitations. At the start of the process the
camera pose must be initialised. As discussed in Section 2.2.3 thisqess may
be automatic, but throughout this thesis the initialisation is performed manually.
Secondly, if the camera motion is too large, or the trackingpdates are incorrect,
it is possible for track to be lost. Again, automatic methods to riaitialise in such

circumstances could be used. However, these methods are not fasi ¢he time

lag introduced would be unacceptable when used for real-tineentrol. Hence no
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automatic procedure is investigated and the systems presenteli assume that
track is not lost.

3.1.1 Basic Tracking Algorithm

The following stages are used to process each new frame:

1. Frame Capture (Figure 3.1). With a real-time system, the proess timing
is controlled by the arrival of a new frame from the video capire card.

2. Pose Prediction. Using the frame time-stamp, the pose of the cam in
the new frame is predicted using a motion model. This prior magimply be
the pose obtained from the previous frame. Other models weréscussed
in Section 2.6!

3. Model Render (Figure 3.2). The 3D model of the camera surnodings is
rendered at the predicted pose. For an edge-based tracking systéhis
generates a list of the expected locations (in the image) of aight edge
segments.

4. Image Measurements (Figure 3.3). The video image is now &%ed to
locate the actual positions of the image edges. One method fagrforming
this is described in Section 3.1.3.

5. Pose Update (Figure 3.4). The pose is adjusted away from the @ripre-
diction so that the model rendered at the posterior pose best métes the
edges actually found in the image. This mathematical procesgsdescribed
in Section 3.2.4.

LIf frames arrive from the capture card at predictable intervals, it is possble to perform
stages 2 and 3 before the new frame arrives. This does not a ect the overall procesg time,
but reduces latency.
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Figure 3.1: Tracking Stage 1: New frame arrives.

Figure 3.2: Tracking Stage 3: The 3D model is rendered at the predicted pose.
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Figure 3.3: Tracking Stage 4: Edges near the rendered model lines are detected

Figure 3.4: Tracking Stage 5: The pose prediction is adjusted to begalhe model with the
detected edges.
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3.1.2 Model Rendering

A 3D model of the MAV's surroundings is constructed o -line. It @ntains the
coordinates of the ends of straight edges in the world, such as$irse between the
oor and a wall or distinctive features such as picture framesradoor surrounds.
The rendering stage must determine the visibility of each edge eegment of it,
and project the visible endpoints into the camera image. By @iuding lists of
edges which form closed faces in the 3D model le, a line-swedgasithm can
rapidly determine edge visibility. The result of the renderig stage is therefore a
list of visible lines, each described by the image coordinatesitsf two endpoints.

Although a 3D model line may be visible in the sense that it is not adzured, it

may not actually be visible or detectable in a camera image oli¢ scene. There
are two common examples of this: rstly when the line is betweetwo areas
of similar colour material and secondly when lines are too closegether to be

accurately distinguished. In many cases the robust measures ained in the

tracking algorithm are able to tolerate such problems. Howevefor the system

to scale to large environments, undetectable lines would netxlbe automatically

culled. In a few occasions where this was necessary for the scemesented in

this thesis, manual limits on visibility were included.

3.1.3 Edge Detection

The starting point for edge detection is the image coordinassdescribing a straight
line and the task is to nd a nearby edge in the video image. Onlthe position
of the image edge in the direction perpendicular to the modéhe is measured.
This is because the "aperture e ect' means that detecting thegosition of the edge
in the direction parallel to it will be impossible or di cult. T he method given
by Drummond & Cipolla [1999] starts by positioningsample pointsat regular
intervals along the model line.
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At each sample point a 1D edge search is performed, in both ditens, perpen-
dicular to the line (see Figure 3.3). In the simplest case, an edgs detected
where the di erence between two consecutive pixel intensiseexceeds a prede-
termined threshold value. To improve the noise tolerance anch¢ directional
response of the edge detector, the average of three neighbogrpixels in the
direction parallel to the line can be used.

Walking through the image in the direction normal to the modkline can be
quite computationally expensive. Instead, a reasonable resudan be obtained
by rounding the actual search direction to the nearest of the 4%lirections, since
these can be searched easily. In this case it is of course necessargdjost
the distance measurement obtained back to the distance in theui line normal
direction.

3.2 Mathematical Framework

3.2.1 Projection of a World point into the Camera image

Features in the model of the helicopter's surroundings have 3D coordinate
(Xw;Yw; zw) measured in a xed "world' coordinate frame. When viewed in a
coordinate frame xed with the helicopter's camera, the sampoint will have dif-
ferent coordinates, which depend on the pose of the camera. $iansformation
is easily represented if homogeneous coordinates are used far nodel feature

in the “world' frame: 2 3
Xw

Pw g Yw é : (3.1)

Zy
1

Left-multiplication by a 4 4 Euclidean transformation matrix now yields the
point in the "camera’ frame:

Pc= Ecw Pw : (3.2)
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All Euclidean transformation matrices have the form:
2 3

=4 R ts5. (3.3)
000 1

whereR is a 3D rotation matrix (jRj = 1, RTR = 1) andt is a translation vector.

A model of the camera and lens is needed to nd the projectiorf the point into
the image frame. For a pin-hole camera, the image coordinate = [u v]" can

be found as: 2 3 2
su fu 0 ug O
4svy5=40 f, v 09p;; (3.4)
S 0O 0 1 0

wheref, and f, describe the lens focal length in pixels and, and v, give the
location of the principal point in pixel coordinates.

3.2.2 Camera Distortion

Unfortunately, as shown in Figure 3.5, the wide-angle lens eoged produces
signi cant barrel distortion and so the linear model just descriled is inaccurate.
Instead, it is necessary to use a polynomial model (see Zhang [Z0@8ich also
includes methods for calibrating the camera). This providea relationship be-
tween the radiusr~in the real, distorted imaging plane and the radiug in an
undistorted version, given by:

2 3
s Xc
xc ° Xc ° g Yc Z
= - + = h = : 3.5
r 2 2 ; where pc 2 (3.5)
1
The polynomial approximation takes the form:
Fr=++ F+ P+ (3.6)
but it is typically rearranged to:
=1 qrd o ort+ (3.7)
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for computational e ciency. For the particular lens used, ony the rst three
terms of this expression are used. The full camera projectioncinding radial
distortion is therefore given by:

3

2
Zc
u _ fu 0 u § y_cz. _ 2 4.
v T oo v © where =1 gr o7 1 (3.8)

Figure 3.5: A view of a calibration grid seen through the MAV camera, shgwsigni cant
barrel distortion.

3.2.3 Camera Motion

As described in Section 3.1.1, tracking is concerned with thameramotion be-
tween consecutive frames. Such a motion will change the mati,y described
above. DenotingC as the camera position in frame, the Euclidean transforma-
tion matrix for frame 2 can be found from that for frame 1:

ECgW = EC2C1EC1W . (39)

The set of all possibleE forms a representation of the 6-dimensional Lie Group
SE(3), the group of rigid body transformations inR3. Such matrices have six
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degrees of freedom and may be parametrised as a six-dimensioegitor . The

relationship is given by the exponential map:

E=exp( ) e ; (3.10)

whereG; are the group generator matrices, which here take the values:

2 3 2 3 2 3
0 0 0 1 0 00O 0 00O
8o 0 0 g_ _go 0 0 g_ -§O 0 0 %_
G1%20 0 0 ¢ CT4d0 0 0 & 49 0 0 B
0 00O 0 00O 0 00O

(3.11)
2 3 2 3 2 3
0 0 0O 0 010 0 1 00
_001__§ooog, _gloog

G4‘0102’65‘100’66‘000

0 0 0O 00 0O 0 00O

Both the exponential and the logarithm ( = In(E)) can be found in closed

form: More information on the Lie Group SE(3) and its properies may be found
in Tomlin [1997].

Although any Euclidean matrix can be parameterised as a six-vec , this
representation is typically used when the matrix describes a sthenotion, as is the
case forEc,c, in Equation 3.9. In order to solve for the motion, it is conver@nt to
linearise the projection equations and obtain the partial dévatives of the motion
of the feature in the image with respect to the six motion paraners. The use

of the exponential map (Equation 3.10) makes this straightfaard.

To nd @@“—;j"@’ (where u and v are the new image coordinates in frame 2), it is
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convenient to split the projection equations into gmaller pds:

u _ fu 0 ug 4 5
v o 0 f, Vv a12 (3.12)
a = g (3.13)
3
Xcy
Z2
b = 4 L 5 (3.14)
zc,
Pc, = exp( ) Ecw Pw : (3.15)
The derivatives of each part can be easily calculated:
@u;vg . f, O
@ = 0 f, (3.16)
@ @
— = | +b= 3.17
@ @ T (3.17)
- | +b 2 by (4B + 21y 2)
: 24y, (45} + 20585)
@ w 0 =
= (3.18)
@Cz 0 % ZL%C
@o. - G Eqwpy (3.19)
@i =0
The last follows since for small :
@exp( )
=G 3.20
@j ] ( )

whereG; is a generator matrix as given in Equation 3.11.

Finally, for edge tracking where (; V) is the position of a sample point andl is
a 1D measurement of the image edge in the direction (see Section 3.1.3), the
partial derivative of this error measurement can be found as:

@d @Qu V]
=n ; 3.21
@ @ (3.21)
and these derivatives for ali measurements arranged into a Jacobian matrix:
@d
1) @J ( )

42



3.2 Mathematical Framework

3.2.4 Tracking Updates using Least Squares

Having analysed the video frame to determine the location of imge edges, the
task is to adjust the camera pose to best align the modelled edgegcfon 3.1.3
showed how a series of 1D measurememiscould be obtained which described
the perpendicular distance from each sample poimntto the nearest image edge.
Using the di erentials described in the previous section, a came pose motion
described by will result in a perpendicular motionJ;”  of the ith sample point
and hence ideally,J,” » = di. To simultaneously satisfy this equation for many
measurements is not (in general) exactly possible and instead arror metric
must be minimised. If the error measurements were independemdGaussian,
a least squares solution could be used:

N

argmin jJ dj? (3.23)
= (J7J) YU'd; (3.24)

where each row ofl is the Jacobian of an individual sample point andl is the
N vector of corresponding measurement. The minimal error can lbeund as:

=d'd ~TJTIn (3.25)

It is also possible to include a term which models the knowledgkedt the solution
is likely to be close to the predicted location, i.e.  O:

AN

argmin jJ djz+ j j? (3.26)

(1 +37J) L'd : (3.27)

Unfortunately, the measurements are not just subject to indepelent, Gaussian
noise. Occlusion and misdetection mean that the errors are botlorrelated, and
signi cantly non-Gaussian. In Drummond & Cipolla [1999], a robst M-estimator

is used to model the non-Gaussian nature. M-estimators introdaacon-Gaussian
weights on the di erent measurements:

X
A = argmin f (Ji d) : (3.28)
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Zhang [1997] gives more information on M-estimators, but somerfforms off (),
A can be found using several iterations afieightedleast squares. In Drummond
& Cipolla [1999]:

NoE (! +JTwJ) Twd 3 (3.29)
w(d;)) O 0
~ 0 w(dy) 0
where W = . (3.30)
0 0 w(dy)
and w(d) = c+1jdj (3.31)

is used successfully.

Computationally, it is sensible to computep JTw(d)J; and P JTw(d)d; instead
of JTWJ and JTWd and to only calculate one half of the symmetric matrix
JTWJ. Since (I + JTWJ) is guaranteed to be positive de nite, a Cholesky
decomposition can be used to e ciently calculate its inverse. fie Cholesky de-
composition factorises a matrix intoA = LLT, whereL is a lower triangular
matrix. Then to solve Ax = y one rst solvesLb = y by back substitution for b
and thenLTx = b by back substitution to nd x.

The Cholesky decompasition can be obtained by equating coeents:
2 3 2 32 3

di;; a2 ain 12 O 0 l11 121 In1
S B L1 L ST
dn1 an2 Ann Inl In2 Inn O 0 Inn

which then gives:

U !
t X
i = aj H (3.33)
k=1 |
X1 '
i = & L lic =l - (3.34)
k=1
SinceA = | +JTWJ, itis guaranteed to be symmetric and positive de nite and

hence the expression under the square root is positive, and thewill be real.
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3.2.5 Inlier/Outlier Ratio

The choice of optimisation is normally justi ed by a “producton model' which
predicts how measurements are produced from the real world. @Gommon ap-
proach [Torr & Zisserman 2000] assumes that real edges producgedd which
are disturbed from their true location by white noise, and addional edgels are
produced randomly, with a uniform distribution over the imag. A “inlier/outlier
ratio' is therefore needed to determine the proportions othe two types. There
are two di culties with this model; rstly the inlier/outlie r ratio is not generally
known a priori and hence must be estimated from the available data (see Sec-
tion 2.4 and Tordo & Murray [2002]). Secondly the optimisation function which
results from this model is di cult to optimise.

The optimisation function described in Equation 3.31 gives dase approximation

which does not su er from these two di culties. As before, the praluction model

is that edges produce edgels disturbed by white noise and thadgels are also
produced with a uniform distributed, except that now the secom type cannot be

placed within a certain width of an edge. The optimisation fuation still includes

a "penalty' term for edgels which are not explained by a modelge, but this is
expressed in the width of the M-estimation function, and this aa be physically

estimated.
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Chapter 4

Multi-Modal Tracking

4.1 Tracking Di culties

The MAV environment described in Section 1.2 presents two chegteristics which,
when combined, represent a serious challenge to a visual tragkisystem. The
problem starts with the poor quality of images obtained from hie transmitting
video camera. Blur, specularities, saturation, changing expore and pixel noise
all mean that the detection and matching of point-like featuves is problematic (see
Section 4.4). Referring to typical images (e.g. Figure 1.2he distinctive features
are the large regions of consistent texture and the edge boumigs between them.
It is evident that the presence of such edges is largely indegemt of viewpoint,
lighting, and noise, and this property makes edge tracking thideal technology
for such images.

Unfortunately, while the presence of edges is very stable, thepperance is not.
Not only does their appearance change with viewpoint and lighg variations, but

more importantly, the appearance can vary radicallyalong the edge. To match
edges based on their appearance would therefore require a stwass correlation
evaluation along the length of each candidate match. Insteagbrevious edge-
based systems have relied on accurate pose predictions and assuratethe closest
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detected edge to each predicted model line is the correct mmhat The second
important characteristic of the MAV is that it is subject to relatively large motion
disturbances and accelerations. These discontinuities, typlbadue to gusts, the
ground e ect (downdraft) or collisions with the oor, are very unpredictable and
result in signi cant errors in pose predictions. The result is thathe closest match
assumption is often violated.

Occasional incorrect edge matches can often be tolerated dngh the use of a
robust M-estimator (Section 2.4). Such techniques work veryelt when the outlier
matches are drawn independently from a random distributionThis is typically

the case when image point features are matched and very hightlar ratios can

be tolerated [Rosten & Drummond 2005]. Unfortunately, when &cking edgel
features, outlier errors tend to be highly correlated; if onedgel search nds
an incorrect edge closer than the correct edge, there is a stgopohance that its
neighbours will as well. This leads to the optimisation ndirg a local minimum

and tracking fails as shown in Figure 4.1.

Figure 4.1: Two examples of a single hypothesis edge tracking syskecking' on to an
incorrect edge and falling into a local minimum.

The problem of correlated edgel errors was addressed by Armstgo& Zisserman
[1995] who rst usedransac to robustly estimate the location of each model
edge in the image (see Section 2.2.2 for more details). Here,stig extended
by admitting multiple hypotheses for each line. This gives th resilience to local
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minima demonstrated by particle Itering approaches whilst sl providing real-
time operation.

4.2 Multi-Modal Posterior Representations

The Random Sample Consensus paradigm, introduced by FischleB&lles [1981],
has been widely used throughout the computer vision eld to olain robust es-
timates of model parameters. The prototypical example of itsise is to obtain
the parameters of a straight line which best ts a set of noisy measements,
M, containing outliers. The parameters describing the straighine through two
measurement points selected at random are obtained. A consensaosant for this
hypothesis is then found by comparing, to a threshold value, éhdistance from
the line to all the measurement points. The process is repeatéd times and the
hypothesis with the highest consensus is nally selected.

The consensus system proposed by Fischler & Bolles [1981] can baesged as:

X
C()= f (dist(m; )) ; (4.1)

m2M
where dist(m; ) is a function giving the distance from a measurement poinn
to the straight line de ned by the vector and:

0 (d<t)

Hd= 1 @>t) °

(4.2)

wheret is the consensus range or threshold. De ned in this way, the hyphesis
with the smallest consensus score is chosen. Torr & Zisserman [20@3kove that
the performance of the system is improved if, at no extra compational cost, this
last function is replaced with:

d) = f 8§3 : (4.3)

When the consensus score is expressed in this wansac is being used to nd
the minimum of a function de ned continuously over model parmeters. Torr

49



4. MULTI-MODAL TRACKING

& Zisserman [2000] show how (under certain assumption§jd) can be used to
obtain a consensus score which is the negative log likelihoodathlthe hypothesis

is correct. From this the posterior probability P( ) can be easily calculated, as
used in Section 4.2.1.

The approach proposed here borrows an idea fraczondensation  and retainsall
of the hypotheses tested. Each is then treated as a particle ihd representation
of the posterior distribution. Suppose that a set of measurements obtained
which contains noisy points from more than one straight line,lang with some
outliers. ransac applied to this data set would only nd the parameters of the
line with the most corresponding measurement points (given a saiently large
N). Instead, if the consensus scores from &l ransac hypotheses are retained,
these can be used to give an approximation to the multi-modal gterior. This
representation is bene cial if the next task is to draw samplesdm the posterior
since this can be approximated by drawing from the stored hypléses. A good
approximation can be obtained with a relatively lowN since there are typically
many proposal points at or near the modes d?. However, this means that it is
not correct to simply select hypothesis with probability p, = P( ).

If a posterior distribution to be represented isP( ), and given a set of points
= 1::: n drawn from a (di erent) proposal distribution Q( ), then draws
from the posterior distribution can be approximated by resamphg from , where
the probability of selecting samplen is:

P(n) .

"= Qw)

Provided that Q( ) > 0 for all where P( ) > 0 this process converges to
sampling fromP asN !'1 . In the case of multi-modalransac , the proposals
are those generated by random sampling of data tuples creategt B process

(4.4)

driven by P. The probability of obtaining the sample point,Q( ,), is a function
of the size of the consensus set (the number of data points withihg consensus
range of ,). If the size of the consensus set ¢g and the number of data samples
needed to form a hypothesis ig, then Q is proportional to:

|
Qn)_ “C _

e 1 (*:5)
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provided that the same consensus set is obtained from apytuple subset. Al-
though this is not strictly the case, in practice the approximéon works well.
Hence when sampling from a multi-modal representation of a posi& generated
by ransac , each hypothesised sample,, should be chosen with a probability,
Pn, given by:

P . X
Pn = chn(—cn) , with K; chosen such that p, = 1. (4.6)
j

4.2.1 Application to Finding Straight Edges in an Image

Given an initial estimate for the location of an edge in an imagy the task is to

generate the posterior distribution of the true position of tha edge, given the
image data. Since the true edge is expected to be close to théiah prediction,

it is convenient to express this posterior as a motion from thigredicted location.

Motions tangential to the edge direction are very di cult to detect accurately
(due to the aperture e ect) and so only motions normal to the ege direction

are modelled. The posterior distribution is therefore de nedover two model

parametersr; and r,, which describe the normal motion of the two endpoints
of the line (see Figure 4.2). First, edgels along 1D perpendiau searches are
obtained, either at points of maximal intensity gradient, orusing the scheme
described in Section 4.3. The ideas proposed in the previousts®t are then

applied to nd straight lines through these edgels.

The required posterior distribution describes the probabilit density that the
corresponding straight edge in the image is at = [r; r,]". An image edge
is modelled as causing edgels which are displaced from a straityie by addi-
tive Gaussian noise. Ifd,s is the distance along each perpendicular scanlirse
from the intersection with the hypothesis edge ,, to the nearest edgel, a close
approximation (see Section 3.2.5) to the negative log likbbod is:

X
C( n): K2+ f~(dn;52) ; (4-7)
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Figure 4.2: A closeup showing a rendered edge (black), the two modelpeters, the detected
edgels, and samples from the multi-modal representation (white).

with fY) as in Equation 4.3. Hence the posterior is given by:

C(Cn)

P(n)=Kze 27 : (4.8)

The N samples are obtained by randomly selecting two edgelsg € 2) and
calculating the parameters that describe the straight line tftough these two
points. The multi-modal representation is completed by caldating and stor-
ing =1 ,;P( »)g for each. Since in this cas¢ = 2, samples can then be
drawn from the representation by selecting , with a probability proportional to:
P(n) .
T 1
wherec, is the corresponding consensus count as de ned for Equation 4.5

o (4.9)

The behaviour of this approach is demonstrated in Figure 4.3hich compares
contour lines of a full posterior distribution to that generaed by sampling the
ransac representation, withN = 100. To generate contour lines, the full distri-
bution was calculated by dense evaluation, while the discretempulse’ samples

52



4.2 Multi-Modal Posterior Representations

of the ransac respresentation were smoothed by convolution with a Gaussian.
The ransac representation has both a similar shape to and scale as the fulkdi
tribution, yet it is e cient to generate and samples from it can be easily made.

30 30
20 20 =D
10 10
0 0 ©
= 10 = 10
-20 -20
-30 -30
-40 -40
30 -20 -10 0 10 20 30 -20 -10 0 10 20
I’l ) r:L
(a) Contours of the true posterior (b) The sampled representation

Figure 4.3: The multi-modal posterior for the edge shown in Figydr2.

4.2.2 Determining the Camera Pose

Having found a set of hypothesised correspondences for each medele, a second
level ofransac is used to determine the camera pose which maximises consensus
of the original edgels. Three model edges are selected at ramdand for each

a corresponding image line is chosen according to Equation 4.Bhis is usually

Su cient to constrain a new hypothesised pose. It is straightforwed (see Sec-
tion 3.2.3) to obtain a Jacobian matrix which describes the te of change of each
line parameter,r;, with respect to each pose parameter,;, about the current
pose . Hence a linear approximation to the new hypothesised pose is givby:

A= +J 'r where J = % (i=1:6; j =1:6) : (4.10)
]

The consensus score for the second stag@sac is found using a full Jacobian
matrix to give a linear prediction for the new parameters of lathe model lines.
The probability density of each new line is evaluated from theriginal edgels
using Equation 4.8 and the product of these then gives the ovdlrpose posterior.
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4. MULTI-MODAL TRACKING

The second stageansac is performedL times and the pose with the highest
posterior is selected. This pose is nally optimised across all ¢hconsensus lines
together (using each line's consensus edgels) to obtain the campose for that

frame.

4.2.3 Relationship with Particle Filtering

The multi-modal representation proposed here is strongly rekd to that em-
ployed in particle Itering systems such as Isard & Blake [1998]In both cases
the true continuous posterior distribution is represented by masurements at a
set of discrete sample points. Ircondensation , the assumption is that it is
computationally cheap to measure the posterior at these sampleipts. Hence a
relatively dense set of sample points can be generated at locaus of high prior

probability.

Unfortunately with a relatively complicated edge model, it $ only possible to
measure the posterior around 500 times per frame. Even if theigr for the
frame has only one single peak, positioning 500 particles anmalithis peak in
six degrees of freedom gives just two or three measurements ircteairection.
This severly limits the motion disturbances which can be tolated by traditional

particle Itering schemes.

The system proposed here instead uses sample points which are dliyesuiggested
by the image data. Hence the particles are concentrated intoesas which are likely
to be near the peaks of the posterior. This signi cantly reducethe number of

particles needed and allows larger motion disturbances to tracked successfully.
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4.3 Finding Texture Change-Points in a 1D Line Search

4.3 Finding Texture Change-Points in a 1D Line
Search

Traditionally [e.g. Harris & Stennett 1990; Isard & Blake 199Ban edgel is de ned
as a point of maximal intensity gradient along a 1D scanline. Herhowever edgels
are considered as a change-point in a 1D texture process. Recgotk [Shahrokni
et al. 2004] describes a detector which nds the single most probablechtion
of a texture change in a 1D scanline. Here this is extended to @l multiple
possible change-points. This allows the tracking system to opégain simply
textured environments (where otherwise tracking would failyet adds little extra
computational cost.

Shahrokni et al. [2004] propose a tracking system similar to Harris & Stennett
[1990] but use a 1D texture change-point search instead of a simgradient based
edgel detector. Pixel intensities are rst grouped into regarly spaced intensity
bins. Consider a known zeroth-order texture generating prosel; where pixel in-
tensities are independently drawn from a probability distrilntion over | intensity
bins (T, = fpig;i = 1::1). Hence given a sequence d&f binned pixel intensities
SY = (so;s1;::n 1), the probability of obtaining that sequence, given process

Ty is:
N( 1

P(SiT)= s, (4.12)
n=0
The key result from Shahrokniet al. [2004] is that if the texture process is instead
unknown, but all possible texture processes are equally likelyd. there is a uni-
form prior on T), then given a sequence af pixel intensities S§ = (So; S1;:::Sn 1)
from T, the expected probability of a further samples, from T is given by:

o5, +1
n+ |

E(ps,JSg) = ; (4.12)

where there areg occurrences of the symbgl in the sequenceSj. Hence the
probability of the entire sequence given a single texture is:

1o Q,
P(S)=  E(pish) = (1|)'+ = clx)!+1)! ;

i=0

(4.13)
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4. MULTI-MODAL TRACKING

In Shahrokni et al. [2004] this result is used to nd the most probable location for
a single texture change-point along a scanline and an e cientlgorithm for this
was presented. In this work however, multiple change-pointaust be considered.
Instead of maximising the probability of the location of the sigle change-point
given a sequence of intensities, the set of change-points withximaum probability
must be found. If the sequence dil pixels, S, is modelled bym 1 distinct
textures betweenm change-pointsM = ( C;; G ::Cy):

N
P(SjM) = P(S5) : (4.14)
i=1
Finally using Bayes' rule:
P(MjS) = P(SJMK)P(M) (4.15)

is maximised. For this workP (M) was chosen simply a®(M) = ™, with
constant and< 1.

Evaluating Equation 4.15 for all 2' possible combinations of change-points would
be computationally prohibitive. Fortunately it is possible o use a dynamic pro-
gramming algorithm to improve e ciency greatly. The most probable set of
change-points can be determined by considering the locatiah the last change-
point in the sequencec,. Suppose that argmay.P(S*jM9 is known for all

k <1. The most probable position ofc,, is then:

Crn argmax P (S,jlast change-point atc)
¢ h i

argmax rTAa}JXP(SOCjM‘ﬁP(SC'j;) ; (4.16)
C

since the probability of the sequence after,, is independent of the sequence up
to ¢y. ; is the empty set implying no change-points. Hence:

argmax P (SgjM) flg[ argmaxP (S mjM 9
M MO

and max P(SgiM) max P(SemiMIYP (S ji) - (4.17)

By induction these expressions can be evaluated sequentially fo= 0::N.
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This means that, at the rst step wherel = 0, P(S?j0; 1) is evaluated usingsy. At
the second stepl(= 1) both P(S{j0; 2) and P (S4j0; 1; 2) must be evaluated using
the value from the rst step and s;. Using these values, there are four potential
sets of change-points to evaluate at the third step. However, ¢hchange from
P (S4j0; 2) to P(SEj0; 2; 3) is the same as that fronP (Sgj0; 1; 2) to P (S§0; 1; 2; 3)
since by Equation 4.14, the probability of the sequence afterchange-point at 2 is
independent of the sequence before it. Hence the most probabi€¢S{j0; 2) and
P (S4j0; 1; 2) will lead to the most probable ofP (SZj0; 2; 3) and P(SZj0; 1; 2; 3).
So the third step simply involves picking the highest probabtly from the second
step, and it is only necessary to evaluate three new probabiés. This means
that when processing then" pixel only n possibilities must be evaluated, giving
a total of N2=2 operations for the entire sequence. The complete operatit
shown in Algorithm 1.

Whilst this is not a major computational load, a very simple spekup is possible.
Since (see Appendix A):

Theorem 1 Equation 4.15 will never be maximal if there is a change-pobibe-
tween pixels of the same binned intensity

there is no need to consider such cases. This o0 ers a speed improgatnin areas
of the image which have a relatively constant intensity.

4.4 Results

The tracking system was tested on two full video sequences, one oftaircase
and one of a corridor. Although both sequences were prerecatdprocessing was
performed at 10fps and 30fps respectively. Although a more cplitated motion
model could have been used, for testing purposes, in both cases finedicted
location for each frame was simply that found in the previousgdme. This in-
creases the challenge to the tracking system since it must corréot any motion,
not just any acceleration.
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4. MULTI-MODAL TRACKING

Algorithm 1 Finding texture change-points along a 1D scanline

dim Observations[INUMPIXELS][NUM _BINS]
dim LogLikelihoods[NUM PIXELS], Changepoints[NUMPIXELS]
BestLogLikelihood=0

f Loop for each pixel in the sequencge
for i=1..NUM _PIXELS do

f Set up the new node with a cleared histogram
for j=1..NUM _BINS do

Observations][i][j]l=1 fSeed with 1 sample per big
end for

f Start with the best log likelihood to that change-point plus pior penaltyg
LogLikelihoods[i]=BestLogLikelihood-log()

f Loop round the nodes currently in the treg
BestLogLikelihood=BIG_NUM
for k=1..i do

fUpdate the node's log likelihood given the new pixel using Eqtian 4.12g
LogLikelihoods[k]+=log(  Observations[k][] )

- log( Observations[k][Pixels][i]] )
Observations[K][Pixels[i]]+=1

fand store the best ready for the next outer loop

if LogLikelihoods[k]< BestLogLikelihoodthen
BestLogLikelihood=LogLikelihoods[K]
Changepoints][i]=k

end if

end for
end for

f The optimal change-points can now be found by working back:
f c;=Changepoints[NUM_PIXELS], c,=Changepointsic,], etcg
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4.4.1 Staircase Sequence

Figure 4.4: Frames 1,50,100,150 from a staircase video.

The staircase sequence (Figure 4.4) demonstrates the system'sligbto cope
with textured surfaces as well as rapid motion (which leads ttarge inter-frame
changes since no motion model is used) and signi cant orientati changes. This
sequence was recorded with a digital camera since the MAV trangtimg camera
was not yet available. Attempts to track the sequence using aradier edge based
system [Drummond & Cipolla 1999] fail almost instantly as shown ifigure 4.5.
Tracking also fails if a simple gradient based edge detector isad instead of the
scheme proposed in Section 4.3. Since the speckled steps produeege number
of hypothesis edgels, a very large number idnsac hypotheses (for both stages)
would be needed to track successfully. Using the texture detectproposed in
Section 4.3 makes the task feasible and the sequence tracks eciy.

(a) A closeup of frame 10 from the staircase (b) Using multi-hypothesisransac also
sequence showing the earlier system failing fails if a simple gradient based edge detec-
to nd the correct edges. tor is used.

Figure 4.5: Failures of previous systems on the staircase sequence.
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4. MULTI-MODAL TRACKING

4.4.2 Corridor Sequence

The corridor sequence uses relatively poor video, such as miglet expected from
a miniature transmitting camera. Some frames showing the suasful tracking
of the sequence are shown in Figure 4.6. Tolerance of signi carikel noise and

blurring, and robustness to occlusion, is demonstrated.

The corridor sequence was also used to test two other tracking sysi&e a demon-
stration version of "boujou’ and the earlier edge-based systemr{iinmond &
Cipolla 1999%. “boujou’ is a commercial product www.2d3.comwhich performs
o ine bundle adjustment of tracked interest points. For a simple quantitative
comparison, the number of tracking failures su ered by each rtteod was recorded
for three di erent sequences from the same corridor. After eadhilure the pose

was manually reset.

Table 4.1: Results from tests on three corridor sequences, showingntimber of tracking
failures for the three di erent schemes.

Number of Failures

Seq.| No. frames| boujou | Earlier Edge Based Multi-modal ransac
1 623 18 13 0
2 763 35 21 6
3 692 22 8 3

The blur and pixel noise present in the images means that reliEbpoint features
are di cult to obtain and match, as shown in Figure 4.7. Hence bajou was

generally unable to maintain track for more than a few frameat a time.

1To take advantage of more powerful computing now available, ten complete traking it-
erations were performed per frame. This enables the M-estimator to converge fyllat each
frame.
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Figure 4.6: Frames 1,200,400,600 from a corridor sequence, beingatbrrtracked by the
multi-modal ransac system.

(a) A closeup showing typical blur levels.  (b) Reliable point matching is di cult with
this level of blur and noise.

Figure 4.7: Di culties tackled in the corridor sequence.

4.5 Conclusions

This chapter presented a method for generating a representaiti of a multi-modal

distribution. This is particularly bene cial when partitio ning a problem such that
the multiple hypotheses from one stage provide samples for foer processing.
The method has been successfully applied to the task of locatingasght edges
in an image using the results from a novel texture change-poimtetector and
subsequently to perform visual tracking of known polyhedral gbcts. Due to
the data-driven approach, the system shows a signi cant improweent in motion

robustness over previous real-time techniques.

There remain two areas for improvement. The texture changeeint detector
provides a useful improvement over a simple gradient based detter. However,
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4. MULTI-MODAL TRACKING

due to the binning of pixel intensities, the algorithm fails toaccount for the
intensity change near edges. In reality, a scanline of inteng8 which smoothly
ramps across a bin boundary is far less likely to be an edge thameowhich jumps
up several bins, but by Equation 4.11 these two cases are equaikely. The
problem was avoided for this implementation by not allowingchange-points to
occur when the intensity only changes across one bin boundaiy. this way, the
detection of unlikely edgels is avoided and indeed, with apgpriate parameter
choices, it is possible to degrade the system to become a simple gatdetector.
However, the problem indicates an inaccuracy in the underlyy probability model
and this should be addressed more rigorously.

The hierarchicalransac approach works well in the majority of cases. However,
by nature, ransac relies on being able to nd the correct consensus set from just
three edge-to-line matches. In practice, the majority of treking failures observed
occured not becauseansac failed to try good combinations but because (even if
selected manually)no three matches existed to adequately constrained the pose.
Of course, this problem could be mitigated if more than three atches were
tested by ransac but this would result in signi cantly sub real-time operation.
The next chapter describes a better alternative.
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Chapter 5

Dynamic Measurement
Clustering

The work described in the previous chapter provided a signi ¢cd improvement in
tracking reliability over previous approaches. Much bene was obtained through
the use of a divide-and-conquer technique. Such hierarchi@proaches deter-
mine, in a rst pass, a subset of the parameters. Subsequent passes tle&pand
this subset until the entire set of parameters is computed. Thedaantage of
these techniques is that each pass is presented with a search peabof reduced
dimensionality; for problems with noisy data this can result inrsubstantial com-
putational savings. The divide-and-conquer approach has beapplied to both
particle ltering [MacCormick & Isard 2000] and continuous @@timisation prob-
lems [Marchandet al. 1999; Rasmussen 2004] with great success. However, in all

these cases, the partitioning is statically predetermined by thprogrammer.

This chapter presents a method for automatically partitionng the search space.
This yields the bene t that the system can be applied to problem, such as rigid
body pose estimation, that do not admit a constant partitioningof the parameter
space. In this case the system providesdynamic partitioning which is locally

optimised for the current conditions at each time step.
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5. DYNAMIC MEASUREMENT CLUSTERING

5.0.1 Overview of the Approach

The approach makes use of automatic partitioning by groupinfgature measure-
ments into clusters. Although the space of all possible pose changeay have
a high dimensionality ( 6), the image motion of each feature will be a ected
by just a subspace of this parameter spate More precisely, there is a param-
eter subspace - its null space - that doesot a ect the position of the feature
in the image. By grouping, at each frame, trackable featureshich share such
a subspace, the pose estimation problem can be decomposed into elmer of

lower-dimension problems that can be solved in parallel.

One of the greatest di culties when estimating the pose of the MX is obtain-
ing the correct set of correspondences between model featuard image features.
Fortunately, the clustering process is independent of any aespondence assump-
tions. Within each cluster, there is therefore the opportunit to evaluate corre-
spondence hypotheses in a reduced dimension coordinate frame this provides

a signi cant computational reduction.

The next section describes the method by which clusters can betaibed, both
for the general case and for the speci ¢ application of edge tleing. Section 5.2
shows hows how the solution(s) for each cluster sub-problem can foeind and
then combined to give a robust solution to the whole pose estimati problem.
For the MAV tracking problem, the computational complexity is reduced to the
point where an exhaustive search can be used within each clusterreal-time.
It is expected that similar bene ts would apply if other algoithms were used to

solve for each cluster.

1This subspace will not necessarily be axis-aligned.
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5.1 Clustering

5.1.1 Corner-Based Example

Consider the task of estimating the six dof camera pose change betm the two
images shown in Figure 5.1, using feature point correspondesceéAssume that
the 3D positions of the corners in the top image are known. A natal approach
to solving this problem as a human viewer is to rst match the budding in the

background and then independently to locate the fountain irthe foreground.
Separating the problem into two in this way is successful becauiee building

is su ciently far away that its change in appearance is essentily independent
of camera translation and depends only on camera rotation. Tk, using just
matches for points on the building, the 3-dimensional camenatation problem

can be solved in isolation. Similarly for the fountain (which s closer), lateral
and vertical motions of the camera look rather like rotatios of the camera about
vertical and lateral axes respectively. Thus its image motiocan be well approx-
imated by just four parameters.

The example shown in Figure 5.1 demonstrates several key feasirof the clus-
tering approach.

1. Computational bene ts when solving the correspondence frem:
Because the building has much repeated structure, it is di culto nd the
correct match for each feature point using local image inforaion. For the
small selection of points features shown in Figure 5.1 (top), ¢hbest three
matches in the second image (by sum squared image patch di erefaevere
needed in order to include the correct match. By grouping féares into
separate clusters for the building and for the fountain, the eoputational
problem of selecting the correct matches is reduced. For expl®, using
ransac , only two points need to be randomly chosen to determine the
motion of the fountain and separately only pairs of points (vih a constraint)
are chosen to locate the building. Without clustering, sets oftdeast three

65



5. DYNAMIC MEASUREMENT CLUSTERING

Figure 5.1: When trying to track the change in pose between the top anttdmo frame it is
sensible to consider a cluster of all corner matches for the fountain, séplgrfrom a cluster
containing corners on the building.
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points would have to be randomly chosen and this is signi cartl more
computationally expensive.

. Hypothesis veri cation:

For feature clusters to be useful it must be possible to verify hypleses
within the cluster. For example, two points need to be chosen tetermine
the motion of the fountain. If however the fountain cluster cotained only
two features, there would be no means to score or order the hypeses and
the results are as ambiguous as the original situation. Henceigtvital that

a cluster contains more measurements than are needed to simpbnstrain

the hypotheses so that the cluster can be used to propose a small set of
likely possibilies.

. Weak constraint:

Although the change in appearance of the building is essentialindepen-
dent of camera translation (i.e. camera translations are in #hnull space of
the cluster), this would strictly only be true if the building were in nitely
far away. In practice, null space parameter changes will adlly a ect each
measurement with a small error. However, a cluster is only used toggest
a small set of likely hypotheses for the correspondence sets. Herces i
only important that incorrect correspondences are not intrduced by any
such errors. This is enforced using a prior assumption that the pameter
error (unpredicted pose motion) is limited to sizek,, and that correspon-
dence errors will not be caused by measurement errors less than These
parameters are discussed further in Section 5.1.7.

. Maximum error:

The following sections include a description of how to nd clugr centres
which minimise a sum-squared error metric. However, as just dedmd, it
is important that no correspondence errors are introduced dnhence the
relevant quantity for determining the validity of a cluster is not the sum-
squared error but rather the maximum error of any of the measungents in
the cluster.
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5. Veri cation of combinations:

Having obtained a small number of hypotheses for each cluster, dbtain

the overall camera pose it is necessary to evaluate combinatsoof these
hypotheses. Many of these combinations can be quickly rejectsthce a
combination will only be valid if the individual hypotheses gree on any
shared parameters. In the building and fountain example, a tat of seven
parameters are obtained from combining individual results, et there are
only six parameters to be determined. The common parameter (i©ughly)

camera rotation about its optical axis; unless the fountain refallen over,
both clusters should agree on this parameter.

5.1.2 Mathematical Preliminaries

Consider the problem of estimating a parameter vector in an N dimensional
space ( =[ 12 n]7). Suppose there areM one-dimensional model features.
Without yet imposing correspondences between model and imdgatures, aM

N Jacobian matrix J can be formed to describe the partial derivatives of each
measurement error with respect to each of the parameters:
_ @4 .

=g,

If the measurements are only subject to independent Gaussian s®j a least
squares solution would give the solution to:

Jrmn (5.1)

argmin jJ  dj* : (5.2)

If however correspondence errors lead tb containing many erroneous measure-
ments, a robust technique is typically usedransac can be used to nd:

argmin jdy  dvj® kiVj ; (5.3)
Y

whereV is the set of valid measurementgVj is the cardinality of the set, k; is
a penalty per erroneous measurement and subscripting with a sek,(and dy)
selects only the corresponding rows from the original matrixraolumn vector.
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Unfortunately, in high-dimensional parameter spacesansac becomes compu-
tationally expensive; in the exhaustive case it has ordevN. Here ransac or
exhaustive searching is instead used within clusters of measuremnseand this
signi cantly reduces the overall computational cost.

5.1.3 Measurement Clustering

Clustering aims to group together measurements which dependlpon a subspace
of the parameter space; hence a cluster is a $&f rows ofJ which have:

rank(Jc) <N : (5.4)

Suppose the set oM measurements can be exactly split int€; and C,, so that

Equation 5.3 can be rewritten as:
|

— v dvi® ki (A)

) . . 55
V12CV22C,  + v, dv,i®  kpjVaj (B) (53)

Now suppose that the partitioning can be chosen such that the clusgeare inde-
pendent and thatM is large so that rankJ) = N, then:

rank(Jc,) +rank(Jc,) = N : (5.6)

For this didactic case, (A) and (B) of Equation 5.5 provide indpendent con-
straints on  and henceV; and V, can be found separately. This gives a large
computational saving; for the case of exhaustively searching abmbinations, the
computation order reduces fronM N to as little as 2(M=2)(N=2),

In general of course, the measurements will not t into indepedent clusters and
instead:
N < rank(Jc,) + rank(Jc,) < 2N : (5.7)

In this case, (A) and (B) of Equation 5.5 no longer provide indegndent con-
straints on . However, it can be seen that it is straightforward to solve Equa-
tion 5.3 for once the optimal set of inlier measurements/, has been found.
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Clustering works by assuming that the optimal solution fol (and hence ) can
be obtained by combining the optimal solutions foV¢, and V¢, as found by
considering (A) and (B) of Equation 5.5 as still independent.

The clustering assumption is aided by two factors. Firstly, as disssed in Sec-
tion 5.1.1 (item 2), it is important that for each cluster:

rank(Jec) < | ; (5.8)

since this ensures that solutions obtained independently witin a cluster can be
meaningfully evaluated by testing consensus within the clusteiSecondly, if the
best result from each cluster agrees with those from the other shers on all
overlapping dimensions of (see Section 5.1.1, item 4) then the optimal solution
to Equation 5.3 will be found as this combination. In other cses it is entirely
feasible to consider the bestew solutions for each cluster and to compare the
possible combinations by applying Equation 5.3.

5.1.4 Weakening the Rank Constraint

Although there are some special cases where Equation 5.4 and Bga5.8 can
be simultaneously satis ed, in general this is not strictly possilel. However, as
discussed in Section 5.1.1 (item 3), it is reasonable to weakeretprecise rank
constraint, provided that the correct set of inliersV for each cluster can still be
obtained.

Consider a clusterC which has approximate rank w. The object is to nd the
optimal point in the w-dimensional subspace of (the cluster's search space).
Given such a point 2 S, inclusion of each measurement into the inlier set is
determined by the consensus test dictated by Equation 5.3:

i2Vif jJ  dijff<kp: (5.9)

Now, if probable parameter changes outsid® (those in the cluster's null space,
N) cause large changes in the value df , then the results of this test will be
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incorrect. However, if for all measurements in the cluster, onlerrors much less
than k, are caused by null space parameter changes, the inlier set progbbg
the cluster will be valid.

In other words, a bounded motion in the null space must have a litedd e ect
on each individual measurement in the cluster. For any paramet motion in N
limited to size k,, the maximum change,m;(), in the ith measurement can be
found by projecting J; into N:
X
Km N; (N; Ji)
j=1::N w

X
= km Ji S (§ Ji) ; (5.10)

j=luw

mi( fS1:::SwQ)

where the vectorS; is the ith orthonormal basis vector of the spac&. The second
version is useful for the clustering algorithm described shortlgnd is valid since
Sis the space orthogonal tdN. Using this, a cluster is valid if for a thresholdk,:

m <ke 8i2C: (5.11)

5.1.5 Finding Clusters

A simple greedy algorithm can now be used to form the clusters. $&clusters
with smaller w give greater computational advantages, clusters are formedtlw
increasingw. The algorithm proceeds by considering each measurement irrru
and seeding a cluster from it. This means tha§ is de ned by a single row of
J (and N is everything orthogonal to it). All the other measurements a then
tested to see if they satisfy Equation 5.11 (for thifN) and the size of the cluster
is computed. Having considered a cluster seeded from each measem, the
cluster with the largest size is then extracted. This is repeatleuntil the size of
the largest cluster is smaller than a threshold. At this point claters seeded from
each remainingpair of measurements are considered, followed by triples if needed
and so on. This method is further described in Section 5.1.6.
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Given a set of measurements which form a valid cluster, it is uséfito nd the
search and null spaces. The largest sum squared error over any urgegparameter
change inN is given by:

e(N) = max T3l3e (5.12)

Using this, the optimal common null space is:
argmin e(N) ; (5.13)
N

which can be found by calculating the eigenvalue decompositi of J[Jc =
UDUT, whereD is a diagonal matrix of descending ordered eigenvalues. From
Equation 5.12, it can be seen that the optimal null space is spaed by the last

N  w columns ofU:
2 . . . . . . 3

U=4sS, = Sy, Ny i Ny w?® (5.14)

The space spanned by the rstw columns ofU is orthogonal toN and describes
the search space for the cluster, i.e. the subspace of parametens Which the
cluster will yield solutions. The (v + 1)th largest eigenvalue gives the value of
e(N) for that space.

5.1.6 Line Feature Clustering

Since the video feed from the MAV is often blurred, noisy and aeid of point

features, the remainder of this chapter discusses edge featuresthis section, the

process of obtaining good clusters of edges is described. Thestdring process
should nd groups of model lines which are a ected by only a subsge of the
possible camera motions.

A set of straight line segmentd ;.. is obtained by rendering the model at the
predicted pose, as described in Section 3.1.2. Each line ha® tendpoints but
because of the aperture e ect only their motions in the direabn normal to the
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line can be measured reliably. Hence, unlike the descriptiorvgn in Section 5.1,
each measurement is two-dimensional. Possible motions of theneaa about the
predicted pose are given by the six parameters = [ ; 5 1 ] and so by
di erentiating about the current pose, a 4. 6 Jacobian matrixJ can be found
(see Section 3.2.3). Camera motions which are in the space speghiby a line's
two Jacobian vectors will cause a (normal) motion of that lindn the image.
Conversely, camera motions contained within the four-spacetibogonal to these
two vectors, will not cause any motion of the line.

The task is to form valid clusters (as given by Equation 5.11) wbh contain as
many line segments as possible. As briey described above, a greédo-pass
algorithm is used. During the rst pass,L test clusters centred on each line
segment are created using Gram-Schmidt orthogonalisation dfié relevant two
Jacobian rows. For thec" cluster:

7 normalise( Jy. )

S5 normalise( Jac+1 T(Jocs1 SY)) (5.15)

The maximum size of each test cluster is found using Equation 5:10

X 1 if mi(fSE Sig) <ke

size€) = 0 otherwise

(5.16)
i=1:L

and clusters are then sorted by size. The lines from the largesuster are ex-

tracted and the optimal cluster centre found using Equation 34. The test cluster

sizes are updated with these lines omitted and the process is eaped.

Itis perfectly acceptable for two di erent clusters to contan the same line segment
and in many cases allowing this will improve the reliabilty othe results from

each cluster. However, computationally it is also important tht clusters are
reasonably unique; creating a new cluster which di ers only ia few edges from
another cluster is unlikely to be bene cial. Hence is is impoant to obtain a

compromise between the number of di erent clusters and the nuwer of edges
in each cluster. Although more complicated measures or constits could be

employed, limiting each edge to be a member of just one clusteppears to

produce satisfactory results for the cases tested.
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5. DYNAMIC MEASUREMENT CLUSTERING

A rst pass of the algorithm nds 2-clusters of model edges { clugrs with a
two-parameter search space and four-parameter null space. Asdalissed in Sec-
tion 5.1.1, for a 2-cluster to be useful it must contain at least tov edges and
preferably many more; the clustering process is therefore ted when new clus-
ters would contain fewer than three edges. The remaining edgare then clustered
into 4-clusters, which will typically accept many more edges,sing a similar al-
gorithm to that just described.

5.1.7 Clustering Results

This section demonstrates the results of applying the clusteignalgorithm to two
di erent edge models. The rst example is a model of a corridorsed for ying
the MAV. The second is a model of a maze-like structure used for angmented
reality application.

Choosing the ratio of maximum camera motion K, ) to clustering error (k)
is a compromise between nding good clusters and limiting thegssibility for
correspondence errors. For both examples a maximum camera oot (ky,) of
0.15m or 0.3rad is used. With an ideal constant velocity Iter pedicting the
camera motion at each frame, this maximum would correspond tpermitting
translational accelerations of up to 27g; substantially more than experienced
by the MAV. Section 6.1.1 discusses the ltering di culties which demand a much
larger permitted camera motion than expected.

For k. a value of 4 image pixels is chosen. Larger values would ingeahe
number of edges in each cluster and hence reduce the number lokters and
the computational load. However, larger values mean that c@spondence errors
may occur if the camera motion in the cluster null space happens be large. A
value of 4 pixels has the e ect that if there are two lines in alaster which are
less than 8 pixels apart, the correct hypothesis from the clustenay be missed or
scored poorly. However, in practice, large unexpected mot®mhich create close
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to 4 pixel errors almost always result in signi cant image blur ad it is unlikely
that close lines will be separately detected.

Figure 5.2 shows the clustering results for a particular pose oha@h of the two
scenes. The corridor scene contains signi cant depth and the stering makes
good use of this by allocating 2-clusters to parallel edges ihe distance. These
edges are virtually una ected by camera translation and so cawvery e ectively
be used to obtain the rotational pose parameters. The maze sceseriuch closer
to the camera and 2-clusters are con ned to edges which are pigally close
together. 4-clusters are very useful in this case.

On the 2.6GHz machine the entire clustering operation typichl takes less than
1ms. However, due to the formation of 4-clusters, the algorithmresented has
cubic complexity in the number of model lines and for some posesthe maze
scene the computation time becomes signi cant. In these casesstpossible to
iteratively re-cluster based on the cluster centres from premius frames. Only
occasionalO(L®) operations are then necessary to nd new cluster centres as
they appear.

5.2 Tracking using Clusters

Having formed suitable clusters, two problems remain; hypothesenust be found
for each cluster and these must then be combined to give an ovérastimate
of pose. It is possible to use any robust algorithm to nd solution(s)within
each cluster and here a simple data-driven scheme is presentedcivtessentially
performs exhaustiveransac . This makes tracking extremely robust to large
unexpected camera motions, which is vital for the helicopteapplication.

As each new frame arrives, the model is rendered at a predictedge and its
edges are clustered. Simultaneously, the image is analysed tml edge fragments
(edgels). The texture change-point detector described in Sem 4.3 is used
to reduce the number of edgels detected in textured scenes. Imapter 4 the
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5. DYNAMIC MEASUREMENT CLUSTERING

(a) 2-clusters

(b) 4-clusters

(c) 2-clusters

(d) 4-clusters

Figure 5.2: Clustering results for a corridor scene and maze scene.
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change-point detector was applied locally, along lines ifmé image perpendicular
to the model edges (see Section 3.1.3). Although this technigis computationally
appealing, it has a signi cant drawback; because the searches tli erent model
edges are independent, it is not possible to perform a one-tneoallocation of
image lines to model edges. This means that the system describedChapter 4
will occasionally jump to a pose where many model edges lock am & single
strong image line. Instead, if only one model edge can be alltedto a single
image line, a much fairer pose score is obtained and the problé&ravoided. Here
therefore, the entire image is rst searched to nd edgels. A gii search pattern
is used and on each grid line a single pass of the texture changenrp detector is
performed. The grid searched is a precomputed pattern whichkes into account
the radial distortion introduced by the lens (see Section 3.2). The position
of detected edgels can therefore be stored in (undistorted)mara coordinates
which gives the advantage that straight world edges can be elgsfound. Using
a precomputed grid also means that a mask can be employed to peat the
detection of edgels in areas of the image which are obscured fgrts of the
helicopter (see Figure 5.3).

5.2.1 Tracking Within a Cluster

The maximum possible motion of the endpoint of each rendered gl segment
can be computed from the maximum speci ed camera motiok,,. A scan of
this range of the edgel-detected image nds all possible edgagments which
might match to somewhere along the model edge. Local support feach edgel
is checked by simplistic edge chaining along the length of thelge which also
gives an image edge direction and hence a set of possible imagéhes for each
model edge. An improvement over the system presented in Chaptersdthat the

edgel search is extended in the direction parallel to the modedge. Although
the aperture e ect means that the edge will not be accurateljyocalised in this
direction, such measurements should still be included since othese short lines
may be missed entirely.
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(a) A distorted and obscured image from the camera.

(b) The grid scanned to nd edgels.

Figure 5.3: Lens distortion.
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For a 2-clusterc, there are just two transformation parameters to be determirte
and so a single match of a model edge to an image edge then givesaion
hypothesis for the cluster. A hypothesis is generated for eachatoh of every
model edge in the cluster. For a 4-cluster, all pairs of matchdsr all pairs of
model edges are considered.

Each such hypothesised motior, is tested for consensus by applying the hypoth-
esis to each edge in the cluster and searching within a short ranige consensus
edgels. The set of edgels, thus found is then used to perform linear least
squares by rst nding:

X 4 X
Cop=  J}J) and ven=  Jid (5.17)
i2E j2E
where ¢ and h index the cluster and hypothesis being considered amtl is the
perpendicular distance from the consensus edgel to the edgealon. J‘j is the
Jacobian of the model edge at that point (found by interpolahg between the
two relevant rows ofJ). The hypothesis pose motion vector is then re ned by
nding the least squares solution:

en=(Copt 1) Y vepn s (5.18)

where the regularising prior limits motions in the null space of the clustet. The
cluster's motion hypotheses are sorted by residual error (with penalty for non-
consensus edgels), and all hypotheses within a threshold of thesbare retained
for the next stage.

5.2.2 Combining Cluster Hypotheses

Having already calculated::c;h1 andv., for each hypothesi$ within each clusterc,
combining the results from the di erent clusters is relativey straightforward. The
covariance matricesC already embody the uncertainty of each cluster. Denoting,

LIt is possible to include a prior which exactly prevents motions in the null space.In practice
the simple prior given in Equation 5.18 works equally well.
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for example,t =[1 1 2]" to be the combination of the rst hypothesis from each
of the rst two clusters with the second from the third cluster, the pose resulting

from their combination can be found using:
X X
C = Ck;,[lk and v, = Vict, (5.19)
k k
from which the pose motion can be found using Equation 5.18, \nit 0. If
the di erent clusters are independent (i.e. their search spasé do not overlap)
it would be expected that the residual error from the combinabn to be close to
the sum of the residual errors from the individual cluster hypdteses. The same
is true if clusters are not independent but the hypotheses agreon any of the
overlapping dimensions. If the new residual error is not closéhd hypotheses are
not consistent with each other and the combination is invalid.

In practice, most clusters contain just one or two plausible hypgbeses (those
retained at the end of Section 5.2.1) and only a few clusters e much uncer-
tainty. Hence it is computationally feasible to try all possiblecombinations of
the di erent hypotheses. Further, it is also feasible to include null hypothesis
in those considered for each (:Iusteliig;o1 =[06 6] and v = 0), which represents
the possibility that non of the plausible hypotheses for that clster are correct.
The inclusion of these null hypothesess makes the system extremedpust to

large motion disturbances and missed feature detections.

5.2.3 Tracking Results

The entire system has been tested with four di erent scenes. Twoeathe maze
and the corridor scenes described in Section 5.1.7. The mazenscwas Imed
with a handheld rewire camera and contains blur and occlusio as shown in
Figure 5.4. More importantly, motions are rapid and stronglydiscontinuous and
hence not predicted well using a motion model; these predicticerrors, which
must be corrected by the tracking system, produce an edge motierror, averaged
across the frame, in excess of 50 pixels on eight occasions dytime sequence.
Following such changes without making correspondence errdssa signi cant
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challenge. A conservative estimate is that an (annealed) pate Iter would
need at least 8 = 15625 particles to cope with such motions and hence would
not operate in real-time. Frames showing the sequence being cegsfully tracked
using the clustering system, in real-time at 30fps, are shown in Fkige 5.5.

(a) Blurred images

(b) Occlusion

Figure 5.4: Di culties tackled in the maze sequence.

Three similar corridor sequences were Imed by the miniatureansmitting video
camera mounted on the helicopter, whilst the helicopter waseiing manually
own. Two of these sequences were tracked successfully in reahdi (see Fig-
ure 5.6). The third loses track twice, once shortly before lamy during three
frames of interference and again due to very large motions rihg landing.
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(a) Frame 20 (b) Frame 60

(c) Frame 80 (d) Frame 250

(e) Frame 400

Figure 5.5: The clustering system tracking the maze sequence correctly.
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(a) Frame 1

(b) Frame 500

(c) Frame 709

(d) Frame 1000

(e) Frame 1250

Figure 5.6: The clustering system tracking the corridor sequence cdytect

83



5. DYNAMIC MEASUREMENT CLUSTERING

As before, the sequences were also tracked with two other systemsleanonstra-
tion version of "boujou’ and an earlier edge based system [Drumntb& Cipolla
1999]. Table 5.1 shows the number of tracking failures for dac boujou’ is a
commercial product (vww.2d3.comwhich performs o ine bundle adjustment of
tracked interest points. It performed reasonably on the maze seence, failing
only when the hand occluded large parts of the image (demonating the ad-
vantage of having a model), or due to the repetitive texturesUnfortunately the
very high level of image noise and blur for the corridor sequess meant that
the longest tracked section was only a few frames long. Of courskeis is not
a particularly fair test since boujou has no prior model and isat particularly
optimised to work with poor quality video; however, it demongiates the di culty
of solving the problem using a point-based tracking scheme.

Table 5.1: Results from tests on four sequences, showing the numbgacdking failures for
the three di erent schemes.

Number of Failures
Seq. | Frames| boujou | Earlier Edge | Clustering
Maze | 577 18 108 0
Corrl | 1311 | > 100 30 0
Corr2 | 1101 | > 100 23 0
Corr3 | 1080 | > 100 15 2

To demonstrate the exibility of the clustering approach, the system has been
extended to work with articulated models. The rst is the extramely simple
eight-dof torso model shown in Figure 5.8. Performance is litad and it is not
intended to compete with state of the art real-time systems: thexample is
included to demonstrate that the clustering makes sensible simghtions. For
example, though many motion parameters a ect the position othe lower arm,
it will always appear as two parallel image edges which themwrim a 2-cluster.
The system is consequently able to disambiguate the arms aftereth occlude
each other, despite not using a motion model. The feature clusseautomatically
generated for the torso model are generally constant and bearatg similarities
to the partitions which would be used in Partitioned SamplingfMacCormick &
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(a) Frame 500

(b) Frame 709

Figure 5.7: The earlier edge-based system falls into incorrect local mifghd-igure 5.6)

Isard 2000]. However, a hierarchical search is typically usedtlwipartitioning;
here the searches are independent and hence there is no possibif errors
propagating down the hierarchy.

As mentioned in Section 2.3, the method described for the Anneal Particle
Filter in Deutscher et al. [2001] automatically forms hierarchical partitions of the
search space when all measurements agree on parameter valuestcodsover term
is also employed to allow the splitting of the search space into m@verlapping
parallel partitions. Here, clusters of features are used, rathéhan partitions of
the whole search space. These clusters are independent and carsthe searched
in parallel rather than in a hierarchy. Additionally, unlike parallel partitions, they
can overlap and hence can be generated more freely. Finallymany situations
such as the corridor or maze scenes, there are few or no parametiections
which can be independently partitioned forall the measurements. Clustering
allows subsets of measurements to be considered and hence word$ w such
situations.
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Figure 5.8: A simple real-time torso tracking system based on cluggeisrable to distinguish
the arms correctly after they cross, despite not using a motion model.

A further example demonstrates nine-dof (locally eight-dgftracking of a radio
controlled tank with a moving camera. In this case dynamic ckiering provides
signi cant advantages over static partitions. As for the corrieor and maze ex-
amples, the structure of the scene at each particular pose is exiped to divide
the search space. Further, since the tank cannot move sidewayse tbdges of the
tank can often be included in clusters which largely contain eoe edges. Hence
the tank can often aid the tracking of the surroundings. A sampl&ame is shown
in Figure 5.9.

Figure 5.9: A radio controlled tank is tracked whilst the camera is als® fto move.
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5.3 Conclusions

This chapter has presented a method for automatically clustery measurements
based on their Jacobians. This clustering provides three bers over traditional
partitioning. Firstly the system is automatic and does not regire a human
to de ne the partitions. Secondly the clustering is dynamicdy updated as the
problem changes. In the case of tracking this means that the skers can bene t
from properties of the particular pose rather than needing tbe valid for all poses.
Lastly, the clusters are independent of each other and hencencbe searched in
parallel before combining their results. This means that theris no possibility of
error propagation, as is possible in hierarchical schemes.

Most examples showed the application of clustering to straightdge tracking.
However, it is believed that the feature clustering techniquiss general and so can
also be usefully applied to other vision problems such as pointatking or the
tracking of implicit surface models.

For the automatic control of the MAV, the pose of a camera must beracked as
it moves past known polyhedral objects or surroundings. To ensuithe track-
ing system is tolerant of poor image quality and large motion diurbances, a
data driven approach has been employed. This considers a widgiety of pos-
sible matches between image and model features. To ensure thisqess can be
performed in real-time, the new dynamic clustering method fabeen used to
signi cantly reduce the combinations of matches which must beonsidered. The
resulting system has been demonstrated on a variety of trackinges@arios and
shows a signi cant improvement in motion robustness over previs techniques.
In particular, reliablity has improved to the point where the signi cant major-
ity of helicopter ights are successfully tracked and the autortic control of the
MAV would appear to be viable.
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Chapter 6

Likelihood Filtering

The visual tracking system described in the previous chapter alls the pose of
the MAV to be robustly determined during ight. However, to damp away violent
oscillations in the MAV's motion, it is also vital that a reasonalle estimate of
its velocity is provided. Also, when the motion of the MAV is unpedictably
disturbed (for example by a wind gust) it is important that such sulden velocity
changes are reported with minimal lag so that the controlleram respond rapidly.

Some attempts have been made to measure velocity directly inathe image by
examining blur [Klein & Drummond 2005; Rekleitis 1996]. Unfdunately, the re-

sults are inaccurate or not obtainable in real-time and extesions to providing full
six dof velocity are likely to be challenging. Hence it is necesgdo treat velocity

as a hidden state and attempt to deduce it from the tracked poseformation.

The underlying strength of the tracking system is that it is ableto directly nd
peaks of the measurement likelihood function. Unfortunatelydue to the sig-
ni cant image noise and modelling errors, the peak of the likilood function
is generally a very noisy estimate of the MAV pose. Obtaining vetity simply
by di erentiating the pose estimates, using nite di erences béwveen consecutive
frames, produces extremely poor results.
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6.1 Kalman Filtering

One potential method for obtaining velocity estimates woulde to process the
likelihood measurements using an EKF (see Section 2.6). Fundeamtally, the
Kalman lter provides a trade-o between believing the pria prediction and
believing new measurements. In the case of a 12 dof ‘constant edlo lter,
which models acceleration as a white noise process, the ‘ratibthe process noise
covariance to the measurement covariance controls the bélie zero acceleration
versus the pose given by the peak of the likelihood function.

Ideally, both the measurement covariance and the process notsariance would
be accurately measured. In practice, only approximate estirtes of the scaling
of the measurement covariance relative to the process noise amailable and
this ratio is often assumed to be constant and is tweaked to obtaithe best
performance. When the ratio is set so as to favour measurementstual noise
on the measurements is propagated and hence the velocity esites are noisy.
As the ratio is adjusted in favour of the prior (lower process nee) the velocity
measurements become smoother, but the lter reacts slowly to @&pt changes in
velocity. In many previous approaches this is associated withe system losing
track, since the Iter is often used to provide the prior pose ingtation to the
tracking system. Here, track will not be lost since it is possible fahe tracking
system described in the previous chapter to run independentlyoin the Kalman
lter. However, if the ratio of process to measurement noise is pdted to obtain
su ciently smooth velocity estimates, the estimates provided bythe Iter begin
to lag behind the true state by an amount which is unacceptabl®r the real-time
control of the MAV.

Perhaps the best explanation for the Kalman lter failing to perform adequately
is that the distribution of accelerations experienced by th#AV is far from Gaus-
sian. Figure 6.1 shows the distribution of lateral acceleratis obtained during a
test ight, as measured by the external tracking system describeih Section 6.4
(which can be treated as ground truth). Although the central prtion of the
measured distribution is roughly Gaussian shaped, the tails of éhdistribution
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are substantially higher than those of a Gaussian distribution. Tése “high tails'
are caused by large, unpredictable forces such as gusts and theugd e ect. A
Kalman Iter which is tuned to model the central peak cannot espond su ciently
rapidly to these e ects, whereas a Iter which is tuned to best ceer the entire
distribution gives poor velocity estimates when the accelerans are within the
central peak.

Probability density, q(x)
= N w
[l [§)] N (6] w al

o
6]
T

Y=
'

=

o
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-0.5 0 0.5 1 15 2

Acceleration, «, in m=s?

Figure 6.1: The distribution of accelerations obtained during a tgdi ight of the MAV.

6.1.1 Accuracy versus Reaction Speed

Even if a constant velocity model is not strictly applicable, m many cases a
Kalman lter can be used successfully. For the MAV application, lhe problem
is the large noise present in the pose estimates from the visual ¢king system.
Consider a typical situation where the MAV has remained staticary followed
by a measurement suggesting that it has moved 2cm to one side. Thaegtion
is whether to attribute this 2cm to noise, to assume that the MAV las actually
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suddenly started to move to the side, or to choose an estimate som&nbetween

the two.

The solution to this problem is a trade-o between the requird accuracy and the
speed at which the Iter responds. As described in Section 3.1.1hé tracking
system requires a prediction of the camera pose for an new incagimage. It
is not necessary for the prediction to be particularly accurat given the tracking
system of Chapter 5 which can tolerate large errors. However, & hecessary
for its speed of response to be high; otherwise, if the MAV has iretk suddenly
started to move to the side, the prediction error will rapidly lecome too large.
For predicting motions it is therefore appropriate to use a Kianan Iter with
high process noise so that it responds rapidly to motion changeshd inability
of these fast-reacting lIters to provide accurate pose predicins explains why

unexpectedly large motion constants are needed in Sectiorl 5.

For accurate velocity estimates however, a Iter which has a @lver response is
necessary. The chances are that the 2cm measurement is due tsapand report-
ing it as a large velocity change will inevitably lead to noisyelocity estimates.
The required smoothing can be obtained using a Kalman Iter wh a low process
noise. However, if in the future it becomes apparent that the M did actually
experience a large disturbance, the Kalman Iter will be unale to account for
such a large acceleration. Although it will eventually convgre on the correct
state, there will be a signi cant time lag and this lag is unacqgetable from a
control point of view, particularly since it is exactly these mpredictable motion
disturbances that require a rapid response from the controllerAlthough some
lag is inevitable, it can be signi cantly reduced by allowingthe Iter to simulta-
neously consider these di erent hypotheses so that the new modendae reported
if signi cant evidence of a large motion disturbance becomewailable. This is

demonstrated next with a didactic example.
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6.1.2 Didactic Example

Figure 6.2 shows an attempt to track a simple 1D path using a Gaussiac-

celeration approximation. Using a narrow process noise results the accurate

recovery of most parts of the path but, as expected, the Iterd unable to recover
successfully the sharp change in velocity. If a Kalman Iter witha wider process
noise is used, the velocity change is somewhat more rapidly éolled but at the

cost of increased belief in the measurements. This leads to theaserement noise
now causing signi cant noise on the velocity estimate. Adding ememore process
noise results in very poor velocity estimates with only a slightmprovement in

the speed of response.
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Figure 6.2: The Kalman Iter with a Gaussian acceleration distributionds a poor approx-
imation of the true velocity from the noisy measurements if the acceleretiare su ciently
non-Gaussian.

To obtain good velocity estimates, it is therefore necessary tepresent the accel-
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eration distribution more accurately, for example using a Gasian-plus-uniform
distribution. Implementing such a lIter using dense sampling (jst for this di-

dactic example) gives the results shown in Figure 6.3. When thiGaussian-plus-
uniform process noise is added to the lIter at each time step, itlbrs out the peaks
as usual, but now the broad tails contribute to give a nite andapproximately

uniform “sea' between the peaks. Now the inclusion of each singleasurement
into the Iter has two e ects on the posterior. As usual, if the measurement is
close to a peak of the lter it will reinforce the strength of tha peak in the pos-
terior. However, the likelihood measurement will also combingith the uniform

area to give a peak in the posterior very close to the measuremeiithis double
e ect of a single measurement leads to multiple modes in the pesior. Hence
soon after the sudden velocity change, two prominent modes for(as shown in
Figure 6.4) and, once the new peak becomes higher, the Iter gghes to the new
position and velocity, with only a short time lag.

6.2 Theoretical Representation

It is relatively straightforward to mathematically describe a Iter which cor-
rectly maintains a multi-modal posterior estimate and which s able to use a
non-Gaussian acceleration distribution.

Assuming, for now, that the parameter space is linear, if is a vector of pose
parameters and _ the vector of corresponding velocities then, using Bayes' rule
the posterior probability of the states at timet, given the data up to that time
Do:t IS:

P( 5 JDox) _ P(D4 ) pe( ;) - (6.1)
Here p(D,j ) is the likelihood function used by the tracking system. The par
probability p,( ; _) can be found by marginalising the posterior found for the
previous time stept t over all possible velocities (the Chapman-Kolmogorov

equation): .
1

p( 5 D= p( _t _jDox )a(_ d_; (6.2)

1
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Figure 6.3: For measurement data as for Figure 6.2, using an accurate accelematodel
means that the velocities are much more accurately recovered, even in the presesigaiafant
measurement noise.
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Figure 6.4: The posterior probability density function for vauis times, showing the new velocity
mode develop.
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6.3 Likelihood Filtering

whereq(_ _) describes the acceleration probability that the velocity lsanged
from _to _ at the start of the last time interval.

With a real pose estimation problem, the six degree of freedomnaaneter space
is non-linear. Hence, just as with the extended version of the Kaan lter, it
is necessary to linearise the problem about the current pose. Hawg unlike
the Kalman lIter, p(), p() and q() in Equation 6.1 are not restricted to being
Gaussian distributions, but instead are general multi-modal disibutions.

Recently, and with particular reference to tracking systems, sh multi-modal

distributions have often been described using a representatiget of weighted
particles. Such particle Itering provides one method for irplementing the system
described by Equation 6.1. However, Itering the MAV's pose in tis way incurs
two large computational costs. Firstly, the inclusion of veloty in the state vector

creates a 12 dof distribution and this means that the number gfarticles needed
to successfully represent the distribution is massively increasedsecondly, in
order to represent the signi cant "width' of the accelerationmodel (i.e.q() in

Equation 6.2 is non-zero over a signi cant range), each strongarticle would

have to be re-sampled many times. Such computational increase®an that
these previous approaches are not practical in a real-time MAsystem. Instead,
a real-time solution can be achieved by directly ltering pels of the likelihood
distribution.

6.3 Likelihood Filtering

Conceptually, the likelihood Iter simultaneously considerseveral hypotheses for
trajectories through the parameter space. Each is stored asellpose and velocity
at the trajectory's endpoint, using a 12 dof Gaussian distributin to represent
the mean and uncertainty of the endpoint. As a new frame arrige the mean
of each endpoint pose is projected forward using its mean valgcand process
noise is added to its covariance to give a prior hypothesis pos# that frame.

The tracking system operates independently of these priors améturns a list of
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6. LIKELIHOOD FILTERING

likelihood peaks. The list is searched to nd the "best match' foeach hypothesis
and this new Gaussian measurement is combined with the prior hgfhesis to give
a Gaussian describing the posterior distribution for that trajetory. Figure 6.5

shows the stages of this process for a simple example.

To implement Equation 6.1 correctly, at each time step, eachrajectory would
need to be split into many new trajectories, one for each of theew likelihood
peaks. Such ‘'mode explosion' is avoided by assuming that the gahpeak of the
acceleration distribution q() is relatively narrow. This means that one branch
of a trajectory will signi cantly dominate the others splitting from the same
trajectory. Hence, rather than split the trajectories, the braach with the greatest
posterior probability (the "best match’) is retained as the cotinuation of that
trajectory. This same assumption is made by most single-mode tkaog schemes
and by Cham & Rehg [1999].

However, as discussed in Section 6.1, it is important for this ajipation to con-
sider an acceleration distribution which is not just a narrow Gassian but a nar-
row Gaussian plus uniform distribution. This means that the pror distribution
formed from the trajectory endpoints is a collection of naow Gaussian peaks
separated by a nite sea. Hence as well as combining likelihoodeasurements
with trajectory endpoints, a new trajectory must also be formedat each likeli-
hood peak. These new trajectories will have very uncertain leeity estimates
since they are formed under the assumption that a large accelgom has just
occurred.

The assumption that the acceleration distribution is composedf @ rather narrow
Gaussian plus an essentially uniform distribution reduces the pblem to a linear
increase in the number of trajectories with time. OIld and unkely trajectories
must therefore be culled to keep the number of trajectories estant.

Mathematically, the likelihood and posterior at timet are represented as Gaus-
sian mixtures models withL 6 dof andM 12 dof mixtures respectively. A specic
posterior Gaussianm represents the hypothesis that the last large acceleration
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Figure 6.5: Filtering the likelihood hypotheses.
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occurred at a certain aget Tn. Due to the large acceleration, the likeli-
hood distributions before this age have no e ect; at Tm, M was therefore a
Gaussian with pose centred on one of the likelihood mixture mesamith a very
uncertain velocity. For this hypothesis, only small acceleraans have occurred
sincet T and only the best likelihood peak at each successive time sincel wil
have contributed signi cantly. Hence at timet the posterior is formed of many
groups ofL mixtures, each group representing the hypothesis that the lasaige
acceleration occurred at a certain age.

6.4 Filtering Results

Figure 6.7 shows plots of the MAV's horizontal velocity duringa typical test ight.
The ground truth measurements were obtained by mounting twoigh power infra-
red LEDs on the MAV and observing them with a tripod-mounted vileo camera.
An infra-red Iter was used to Iter out all light apart from tha t emitted by
the LEDs, so that images similar to that shown in Figure 6.6 were ¢dined. A
telephoto lens was employed with the camera mounted at a distee of 8m from
the helicopter's test ight space and the LEDs were positionedrothe MAV's pitch
axis. Its height, lateral position and roll could then be accuately determined
from a single image, since yaw, pitch and longitudinal positiowill have a very
small e ect on the observed LED position. A simple thresholding ah ood- lling
algorithm was used to measure the "'mass centre' of each LED in tteanera image
and the helicopter's height, lateral position and roll was dermined from the
two positions using a simple calibration. Since the LED positianare relatively
noiseless, accurate "ground-truth' estimates for the helicapts velocities can be
found using nite di erences and a non-causal smoothing lter.

Overlaid on Figure 6.7 are the estimates of velocity obtainashen using a Kalman

Iter to process the noisy pose estimates from the visual trackingystem. With
a process noise variance corresponding tm%s’ the lter response is rapid but
the velocity estimates are very noisy. With values around:dm=s* the velocity
estimates are still too noisy but now a lag in the response is visibl&Vith =
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>
m_
>
Ground-truth camera with infra- _ _
red filter and telephoto lens MAYV with two infra-red LEDs

(a) Plan view of the setup used.

(b) A typical image obtained from the ground truth camera.

Figure 6.6: Obtaining ground truth measurements for the pose da tteliopter.
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6. LIKELIHOOD FILTERING

0:2m=¢? the velocity estimates are improved to an acceptable levelubthe Iter
response now lags behind the truth by around:P seconds, which causes serious
problems for closed loop stability.

Figure 6.8 shows the velocity estimate obtained using the multhodal Iter just
described. The central peak of the acceleration model used igugalent to
Kalman Itering with = 0:2m=s’ and the noise on the velocity estimates is
similar to that seen in Figure 6.7b. However, there is considerigtless overshoot
visible at times of rapid acceleration, since these situationgeanow modelled.
More importantly, the time lag at velocity changes is now sigrcantly reduced.
The result is an accurate and yet responsive velocity estimate wh can be used
by the MAV controller.

6.5 Conclusions

This chapter discussed the trade-o between latency versus noigpeopagation
when ltering pose estimates to obtain velocity estimates. For @ontrol system
to successfully y the MAV, it must have accurate velocity estimate. Moreover,
if a large acceleration occurs, it is vital that the Iter repats the new velocity
quickly since it is exactly these unpredictable motion disturnces that require
a rapid response from the controller. Although the Kalman Itercan often be
applied in situations where the underlying assumption of whitgrocess noise
is not strictly true, doing so means that its results su er from sigi cant time
delays. Instead, by employing a better process noise model anchbe a multi-
modal lter, these time delays can be reduced. The multi-modalter is also able
to systematically handle the multi-modal likelihood distributtion obtained from
the tracking system described in Chapter 5.
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Figure 6.7: The MAV lateral velocity during a test ight and the Kalmariter estimate.
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Figure 6.8: The MAV lateral velocity during a test ight and the velogiestimated using the
multi-modal lter.
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Chapter 7

Automatic MAV Flight

Having obtained robust and accurate estimates of the MAV's pose drvelocity,

its position can now be automatically controlled by calculahg the required rotor

speeds and sending these back to the helicopter using a custom mak&B inter-

face (Appendix B) and standard radio control transmitter. Thischapter describes
the development of the complete system and presents results framumber of
test ights.

7.1 Real-Time Processing

To ensure that visual track is not lost and closed-loop stabilitys maintained,
it is important that the tracking algorithm described in Chapter 5, the Itering
described in Chapter 6 and the control calculations described the following
section can all be performed within the 20ms of a single videolde The tracking
and ltering algorithms are highly parallelisable, as shownn Figure 7.1, and so
use is made of the two processors available in the controlling R€ee Table 1.2
for speci cations).

A simple architecture was used to enable the easy developmenaafulti-threaded
application. A single queue of ‘command' objects is initided at startup and
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7. AUTOMATIC MAV FLIGHT

Get the frame and
predict the pose

v v v

Render the model * Perform * Project forward
* edgel searches the pose hypotheses

Cluster Edges
\
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Draw the edgels * Find lines through
the edgels

| |
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Draw the lines * Find hypotheses
for each cluster

| \
v

Form hypothesis
combinations

v

* Score (evaluate)
each combination

v

* Add in results of filtering
the likelihood peaks with
the projected pose hypotheses

v

Find the current mode and
perform the control calculations

Figure 7.1: The operations performed for the processing of each frame.*' Aext to an
operation indicates that many separate instances of this operation can be npeefbin parallel,
together with any other operations in that row.
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7.1 Real-Time Processing

access to this queue object is protected by a mutex. Also at stafguone or
more slave threads are created which sleep until signalled byetenqueuing of a
command. The thread then dequeues the command, executes idareturns any
results to member variables of the command object. Some commia require
a large block of memory to store ags or temporary results. One sudlock is
allocated to each thread so that commands can use this “threaglchl' storage
without needing to obtain a lock.

The master thread is used to control synchronisation of the commeds. A typical
section of code looks like:

for(int ii=0;ii<sz;ii++) exec.enqueue(&cFindLinesii] );
exec.masterExec(masterData, &cEdgelsDraw);
exec.masterRun(masterData);

The rst line adds many "~ nd line' command objects to the queueoperated by
the exec object. This causes the slave thread to be woken and it immedéely
begins execution of these new commands. The master thread mehibvexecutes
the “draw edgels' commantd Once this is completed, the third line instructs the
master thread to aid the slave by executing commands from the gue. The
masterRunprocedure does not return until the queue is empty and all camands
have been completed. Hence following code can safely assume that line' data
structures are all lled and can begin (see Figure 7.1) to add lister hypothesis
nding' commands to the queue.

For a typical set of tracking parameters and one pre-recordeadst sequence, the
average eld processing time when using only a single thread (arsthgle pro-
cessor) was measured as 20.2ms. Using two threads (with two processand
the architecture described above reduces the average proaeggsime to 11.7ms,
which demonstrates the highly parallelisable nature of the &cking and lItering
system. For interest, a comparison was also made on a machine wittsiagle

10penGL provides no thread safety and hence all OpenGL commands must be executed by
the master thread.
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7. AUTOMATIC MAV FLIGHT

2.8GHz hyperthreaded processor. Here, the use of two threads mattlthan one
reduced the computation time from 36ms to 30ms. Using more thawo threads
generated no signi cant reduction on either machine.

7.2 MAV Controller Design

The four-rotor helicopter is an under-actuated, non-holoomic device. It can
be own directly to any position x;y;z in space and its yaw angle can be
independently controlled. Its roll and pitch directly determine its lateral ac-
celeration and hence these parameters cannot be independiebntrolled. The
MAV is designed for manual control and hence the four radio chaels do not
directly control the individual motor speeds. On the helicoptr is a small con-
trol circuit which adjusts the motor speeds with the radio demads and signals
from onboard miniature gyroscopes. First order approximatianof the channel
allocation is given in Table 7.1.

Channel | Controls | Approximate Linearisation
1 Roll up, 0:25_s
2 Pitch u, 0:25_s
3 Height us 0152 s
4 Yaw us 025_s

The linearisation is given in terms of the radio controller
pulse length (see Appendix B) where the range is 0.7ms.

Table 7.1: MAV radio channel allocation.

The linearisation given for height is applicable when the MAMs ying above
the ground e ect; at lower heights the value ofu; starts to control the vertical
position rather than acceleration. The control valuesl,.., are each subject to
a trim' o set. These constants are measured by the USB interfacehen the
software is started and applied before the demands are sent out the radio
controller.
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7.2 MAV Controller Design

7.2.1 Time Lag

The open loop contains a signi cant time delay between a demdrbeing sent
to the MAV and its e ect being observed by the visual system. Measements
suggest that the delay is of the order of 100ms. At least 60ms of shis due
to the camera integration, image capture and tracking. The ltering described
in Chapter 6 and mechanical delays account for the remaindefThis order of
delay has a serious implication for closed loop stability. In pg its e ect can be
reduced through the use of a forward prediction model. This use¢he last 100ms
of demands sent out to the helicopter in addition to the most remtly available
pose estimate to obtain a prediction of the current state. The flowing state

update equations are used for each 20ms eld:

2 3 2 32 3 2 3
X 1000 0O0@M 0 O X 0000
y 010000 O0 MO y 000
z 0010 000 0 MLhz 000 2u3
0001000 O O . 100 !
0:02 U,
=B 0000100 0 O +%01o U
0000010 O O 000 u3
X 0000200 1 0 O048x 000 4
yS 000O006G0 O 1 O v 000
z 0000O0O0O0O O 1 =z 0000

t+0:02

No attempt is made to predict vertical speed based on the value of, as explained

in Section 7.2.5.

These state predictions do not completely remove the e ect ohe time delay;
errors can still be caused by variations in the delay or by inaacacies in the
prediction due to modelling errors or variations. Such errercan be viewed as

disturbances and must be tolerated by the control margins.
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7. AUTOMATIC MAV FLIGHT

7.2.2 Yaw Control

The yaw of the helicopter is the least critical of the controlgequired since it
has no further e ect on the helicopter's motion. Using the inteface described
in Appendix B meant that the control loop for yaw could be indepndently de-
veloped and tested, whilst the the remaining channels were maally controlled.

Figure 7.2 shows the closed loop for yaw. At low frequencies iaw anticipated
that the on-board controller produces—_ u4 and that the vision system transfer
function is purely a delay.

) u, b v
Kyaw Controller —p» Hyaw Helicopter | >

LyaW On-board Controller

Vyaw Vision System |«

Figure 7.2: The control loop for MAV yaw ().

The frequency response of the open loop system framto , was measured and
is shown in Figure 7.3. The magnitude response is lowpass, with a @esponse
up to a -3dB point at approximately 2Hz. The phase plot shows a pisa lag which
increases linearly with increasing frequency. The gradient this line corresponds
to a system time lag of approximately 100ms.

In a typical ight, the demand for yaw will be largely constant and hence, since
disturbances tend to have a relatively small e ect on yaw, onlyow bandwidth

yaw control is required. Further, small steady state errors araormally accept-

able since (unlike roll and pitch) any errors will have no fuitter e ect on the

helicopter's motion. Hence a very simple proportional conttier (Kyay = 2000)

is entirely satisfactory and this was veri ed through many testights.
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Figure 7.3: The frequency response of the open loop system figrio .

7.2.3 Roll and Pitch Control

Given the symmetry of the MAV, it is expected that control of itsroll and pitch
should be independent and that their responses should be the sarkkence from
here on only roll is considered and its closed loop is shown in &ig 7.4. Unlike
yaw, much higher bandwidth control is required for roll, sine its value has a
direct relationship to lateral acceleration xe

b, u, ¢ ¢
K Controller H., Helicopter | >

Lroll On-board Controller

Vv, Vision System '«

Figure 7.4: The control loop for MAV roll ().
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7. AUTOMATIC MAV FLIGHT

The frequency response of the open loop system fram to , was measured
and is shown in Figure 7.5. To achieve a higher bandwidth of cmal, more
feedback gain is required and the open loop resonance clearisible will cause
destabilisation at high gains. To remove the e ect of this resome, a notch Iter

is employed:
1 2 cosf)z '+ 2z2

N(2)=c 1 2 cosf)z 1+ 2z 2" (7.2)

(expressed in the z-domain) where = 0:95, = 0:8 and c is a normalising
constant: 1 2 cosf)+ 2

= : (7.3)

c= :
1 2 cosf)+ 2
The frequencyf was set at 044 which corresponds to 3.5Hz, and the e ect of the
Iter can be seen in Figure 7.6.

107 ¢

Magnitude |G(jw)|
=
o,
T

Phase (radians)  G(jw)

Frequncy (Hz)
Figure 7.5: The frequency response of the open loop system figrto .

With this attened response, a high proportional feedback gai can be used and
the nal controller is:

1 2 cosf)z 1+ 2z2

Kot =4 ;
on = 4000 € 75 cosf)z 1+ 2z 2

(7.4)
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Figure 7.6: The frequency response of Figure 7.5 attened by the nottdr given in Equa-
tion 7.2.

with ¢; ; andf as Equation 7.3.

Using the exibility of the interface described in Appendix B, it was possible
to perform test ights where the overall power (13) was manually controlled,

yaw was automatically controlled and the position of the rolland pitch joysticks

(which normally control the rst di erential of these quantit ies) gave the roll and
pitch demands for the controller just described. Such test igls were used to
demonstrate the closed loop stability of the controller underesonant demands
and external disturbances.

7.2.4 Position Control

The lateral (x;y) position of the MAV is controlled by adjusting its roll and
pitch. The combined e ect of the MAV's rotors will always be toproduce a lift
acceleration approximately equal tag, in a direction normal to the plane of the
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7. AUTOMATIC MAV FLIGHT

MAV. A small angle of roll  will therefore result in a lateral acceleration of
X = ¢g. A nested controller [Buskeyet al. 2003] is used to adjust the MAV's
attitude in order to correctly position the helicopter, as shan in Figure 7.7.

H|| (i> ¢ X>
e g

roll roll

roll

V -

X

Figure 7.7: The nested control loop for MAV lateral positior)(

The controller chosen uses derivative terms to dampen the resote of the second
order system and it is these terms that require the accurate estates of velocity
discussed in Chapter 6. Additionally it is necessary to include somstegral
e ects to remove any steady-state position error caused by rolhd pitch trim L.

The controller used is therefore:
Z
d=05Xy Xy)+0:3(Xg Xy)+0:005 (xq xy)dt (7.5)

This controller is not expressed as a z-domain transfer functipsincex, is not ob-
tained by a nite di erence approximation but rather using the Itered estimates.
The integral is however performed using a nite sum approximaan.

7.2.5 Height Control

Controlling the height of the MAV provides the greatest chaknge for three rea-
sons. Firstly, it is hard to measure the system response, particulgriat low
frequencies, since the safe working volume is limited. Secondhe ground e ect

In particular, roll and pitch trim errors are caused by errors in camera alignment a ecting
the system's de nition of vertical.
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7.2 MAV Controller Design

means that the system response changes with height. Lastly, thesp@nse varies
noticeably with the battery charge level.

When operating above the ground e ect, the control outputus is approximately
proportional to vertical acceleration. To remain at constahheight, a signi cantly
non-zero value ofus is therefore required to counteract gravity. This value must
be provided by an integral term in the controller and this gearates an additional
di culty when performing test ights. If the PC has complete control of us, the
position of the corresponding joystick on the radio control trasmitter is arbitrary.
If the test pilot needs to take over control of the helicopterupon switching to
manual control the helicopter is likely to fall to the groundbecause the joystick
is in the "0 ' position. To prevent this it is necessary to ensurehat the joystick
is kept reasonably close to the current value af;. This is achieved by limiting
the value of the integral term in the controller to a thresholdabove or below
the current joystick position. A slider bar on the PC display showshe pilot the
di erence between the integral term and the current joystickocation so that the
pilot can modify the joystick position to keep the dierence smhk Providing
the di erence never reaches the threshold, the pilot will hav no e ect on the
automatic control, yet is in a good position to take over contl if necessary.

Typical ights however occur in or close to the ground e ect. A very small
heights, the control output usz is approximately proportional to vertical height,
since the ground provides a negative feedback e ect. This fHgack e ect is insuf-
cient to stabilise heights above about 0.3m, but clearly conbues to contribute to
the open-loop for higher positions. Attempts to accurately dermine the open-
loop response failed due to these signi cantly non-linear e estand hence no
forward prediction model is used for height (see Section 7.2.However, manual
parameter adjustment has led to the controller:

z
uz3 =100(zg z,)+300(zg z,)+5 (zg z,)dt (7.6)

which provides a stable and reasonably fast response in most coruis.
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7.3 Results

Figures 7.8 and 7.9 show plots of the lateral position (and héig recorded during
trial ights with a step change in the demand position. Ground tuth measure-

ments were obtained using a remote video camera monitoringfiared LEDs
mounted on the MAV, as described in Section 6.4. These plots denstrate both
the accuracy of the visual tracking measurements when compdreiith ground
truth and also the accuracy of the control loop in maintaininga demanded posi-

tion.
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Figure 7.8: Results from a 0.3m step change in lateral position demand.

The 0.3m step change (Figure 7.8) is achieved with only a smallesshoot and no
signi cant oscillation. With a 0.5m demand change (Figure 7 Bthe overshoot and
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oscillations are more noticeable; these could be reduced bgreasing the velocity
feedback but at the expense of a slower response to more moderastudbances.
The control of height appears to be una ected in both cases. THateral overshoot
visible for the 0.5m step change is interesting because it demarages the multi-
modal Itering described in the previous chapter. At the peakof the overshoot,
the visual tracking estimate signi cantly (by 12cm) over-estinates the lateral
error. The is due to an initial strong belief in the constant velcity model. After
a few further readings however, signi cant evidence is avalble to believe a large
acceleration occurred, and the Itered estimate snaps back toe close to ground
truth. This e ect is more clearly visible in the close-up of Figire 7.10.
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Figure 7.9: Results from a 0.5m step change in lateral position demand.

No results are presented for yaw control since ground truth measments were

117



7. AUTOMATIC MAV FLIGHT

Ground Truth
Visual Tracking Estimate

03 F 7

-0.35

Demand

04|

-0.45 | ; X
-05 | / 1
-0.55 | 4 .

// -

-0.6 [

Lateral position (m)

-0.65 |

-0.7 ¢

-0.75 |

305 31 35 32 325 33 335 a4
time (secs)
Figure 7.10: Close-up of Figure 7.9 showing the multi-modal lieitially overshooting the

ground truth measurement but then jumping back to an accurate estimate onceiesut
evidence is available.

di cult to obtain from the infra-red LED setup and observations con rm that
yaw is controlled with ample accuracy and stability margins.

Figure 7.11 shows the response to a 0.2m step change in demandedhheper-
formed across the boundary of the ground e ect. A signi cant oershoot is clearly
visible in the upwards direction, but not as the demand dropsdxk down. This
shows the non-linear e ect of the ground and its e ect in stabiking low level
ight. No steady state error in the lateral position is introducel by the change
in height, but the lateral dynamic response is noticeably morsedate at the in-
creased height.

Figure 7.12 and Figure 7.13 show the helicopter ying in the laand in a corridor
environment. In both cases ramped position demands are succelgfexecuted.
Empirically, the accuracy of the automatic control exceedthat of a human pilot's
attempts at manual control and in the vast majority of test ights no manual
intervention is required. The controller is su ciently stable that it can tolerate
the helicopter being physically pushed away from the demand gition during
ights and attempts to manually excite resonance by physicall pushing the MAV
fail. Typically, problems occur due to failure of the trackng system rather than
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7. AUTOMATIC MAV FLIGHT

the control loop, although for height demands below 0.3m (thin the ground

e ect) ights currently become unstable as the battery powerdrops. Tracking

is typically reliable in most areas of the test environment, bubecomes prone to
failure in certain areas where the view from the camera prales a weak constraint
in a certain direction of camera motion. For pre-planned rdes however, the
success rate of ights is very high.

7.4 Conclusions

This chapter presented the real-time operation of the trackig and Itering sys-
tems described previously, together with a control loop to aomatically y the

MAV. The tracking and Itering system is highly parallelisable and its real-time
operation can be signi cantly aided through the use of a multthreaded applica-
tion running on a dual-processor machine. Mutual exclusion arsynchronisation
were found to cause di culties when using multiple threads butmany of these
problems were avoided through the use of command objects andhalti-threaded
queuing system.

The control of the four-rotor helicopter, given accurate pge and velocity esti-
mates, is mostly straightforward and reasonable stability margs can be achieved.
Height control remains a challenge when operating within thground e ect, and
reliable stability in this regime requires further work. Formost routes within the
constraints of tracking however, the current system is able teepeatedly perform
successful automatic ights with no manual intervention.

For most test ights, take-o and landing were e ectively manually controlled
due to the power limiting described in Section 7.2.5. Howevewith careful ma-
nipulation of the power control joystick it is possible to perfan ights where
the computer has unrestricted control for the entire ight, ncluding take-o and
landing. This con rms that take-o and landing present no sign cant challenges
over those normally present when operating within the ground ect and shows
that complete automatic ights are possible.
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7.4 Conclusions

Figure 7.12: The helicopter automatically ying in a lab and an insert sfig the tracked
image from the onboard camera.
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7. AUTOMATIC MAV FLIGHT

Figure 7.13: The helicopter automatically ying along a corridor and arsért showing the
tracked image from the onboard camera.
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Chapter 8

Conclusions

8.1 Summary

This thesis investigated the application of visual tracking tdhe automatic guid-
ance of a model helicopter. The light weight and payload capidy of this indoor
MAV led to several signi cant challenges. Employing just a sub-miature, trans-
mitting video camera allows the pose of the helicopter to be simined with only
9 grams of added equipment. However, the poor quality imagebtained sug-
gest the use of an edge-based tracking system with a 3D model of thé&\Ws

surroundings, since edges are particularly stable features. Mower, the light
weight of the MAV means that external disturbances have a lagg unpredictable,
e ect on its motion. This means that matching assumptions madéy previous
edge-based tracking methods are invalid and this often leatts tracking failure.

This tracking di culty is addressed with novel techniques forgenerating multiple
pose hypotheses and for doing so e ciently to ensure real-time epation. The
resulting system is able to maintain track of the helicopter's pse, despite the
poor image quality and signi cant motion disturbances, througout the majority

of trial ights.

Although the tracking system provides reliable estimates of th&1AV's pose,
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8. CONCLUSIONS

stable control of position also requires reasonable estimatesvefocity and these
cannot be reliably obtained directly from the video image. iRering the noisy
pose estimates in the presence of non-Gaussian motion disturbag)cerithout

introducing large time-lags, is challenging. However, a mudtnodal lter is able

to consider occasional large motion disturbances and, once sigant evidence
of a disturbance is available, can switch modes to obtain an up-date velocity
estimate.

Finally, the fully automatic control of the MAV using just the i nformation from
the onboard video camera is presented. In most cases the system ledao
repeatedly y the helicopter along a route, with no manual itervention.

8.2 Contributions

This thesis has made the following contributions.

A method to generate a sampled representation of a multi-modadistribu-
tion directly from the measurement data. The density of partites is higher
near the peaks of the distribution and hence the method is comgationally
e cient. The system is particularly bene cial when applied in a hierarchi-
cal approach and it has been demonstrated to improve the robungss of an
edge-based tracking system.

An extension to a texture change-point detector which correlst allows it to
detect multiple change-points along a single scanline. Thid@ws the detec-
tor to be used as part of tracking system which admits multiple hyotheses
for the location of edges in an image.

A method to aid high-dimensional parameter estimation problas through
the automatic generation of measurement clusters. The measurenh clus-
ters can be treated independently and each gives a paramegstimation
task of reduced dimensionality. The combination of good ressltfrom the
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8.3 Further Work

clusters rapidly leads to the complete solution. The system hagén demon-
strated to signi cantly reduce the computational cost of multple-hypothesis
edge-based tracking.

A multi-modal likelihood Iter which obtains accurate yet responsive veloc-
ity results from noisy pose estimates. By allowing a more accuraseceler-
ation model than is possible with a Kalman lIter, the multi-modal lter is
able to produce similarly accurate velocity estimates but carespond much
more rapidly to occasional large accelerations.

The demonstration of completely automatic MAV control. The ontribu-
tions just described provide an accurate and reliable methodrfobtaining,
in real-time, the pose and velocity of the MAV from a single, ontard video
camera. A nested controller is able to use these estimates to amatically
hover and y the MAV.

8.3 Further Work

Although the automatic system works reliably in several situations, its develop-
ment and testing revealed a number of areas which could beneftom further
work.

A system relying only on frame-to-frame tracking will never beobust to
all disturbances and will always need initialising. A methodd initialise the
pose of the MAV on system startup would be necessary for it to be used
by untrained operators. If such a method can also be used to recofe®m
tracking failures with only a minimal time delay, in many case this may
be su cient to avoid the helicopter crashing.

The texture change-point detector presented in Chapter 4 pvades a useful
tolerance to textured scenes at only a modest computational €to However,
the underlying texture model does not consider the magnitudef any in-
tensity change at a change-point and this causes di culties wih smoothly
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8. CONCLUSIONS

ramping regions in the image. Section 4.5 describes one metlior avoiding
some of these di culties but more rigorous inclusion of intensit magnitude
information into the texture model would provide signi cant bene ts.

The system has been heavily tailored to indoor ights, where th&1AV's

surroundings are largely polyhedral, typical camera viewsgvide good con-
straints on the full six dof pose and where the MAV's position must beon-
trolled very accurately to avoid collision. Typical outdoor ights present a
di erent set of challenges and further work would be requiredor reliable
outdoor tracking and control.

There are clearly situations where the automatic ight of theMAV becomes
di cult due to the ground e ect or due to tracking di culties. It would

be interesting to incorporate knowledge of these di cultiesnto the system
so that they can be automatically avoided or rapidly traversedFor exam-
ple, there are situations where the pose of the MAV can not be agately
determined (e.g. when looking at a frontal parallel scene) tysuch situa-
tions could be automatically predicted from the 3D model. Doag so might
enable the MAV to rapidly pass through areas of uncertainty tdocations
where its pose can be tracked more accurately. Alternativelysi heading
(yaw) could be automatically adjusted to maintain a good canra view.
This would allow more sophisticated routes to be followed.
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Appendix A

Proof of Theorem 1

Section 4.3 describes an algorithm for nding texture changgoints in a 1D line
scan. Theorem 1 statedEquation 4.15 will never be maximal if there is a change-
point between pixels of the same binned intensity

This appendix gives a proof that it is always more probable faa change-point
to be at the end of a run of constant intensity than anywhere in t middle.

Consider a possible change-point lying somewhere betweern 0 and x = N:

A Intensity

¢;: location of the previous change-point
p.: probability of the sequence up to the previous change-point
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A. PROOF OF THEOREM 1

C,: location of the following change-point

p.: probability of the sequence after the following change-pi
| - the number of intensity bins

0<x <N : the constant intensity region

J: intensity of the constant region

n,: occurances of intensityd in the regionc;::::0

n,: occurances of intensityd in the regionN::::c,

Equation 4.13 gives the probabilty of a sequence of lengthgiven a single texture,

- (1 0+
C =1 b
+1 1) (A1)
So if:
Y
ki = (01 +1)! (A.2)
LR
ky = (02 +1)!
i=1:1i6J

are the relevant factors for the pixels of intensitye J, the probability of the
entire sequence, given a change-point at 0x N is therefore:

(I DIk (ne+x+1)! (I DIk, (Np+ N x+1)!
(I+x ¢ 1) (I+c x 1)

P(Sjx) = p P (A3)

Grouping all the factors which don't depend orx into K and writing in terms of
the negative log likelihood gives:

|+>X01 1 nlxx+l I+<x x 1 n2+x X+1
logP(Sjx) = K + logi logi + logi logi
i=1 i=1 i=1 i=1
I+)Xc1 1 I+q< x 1
= K+ logi + logi
i=ny+x+2 i=na+N x+2
| pl 1 I+)(22 1
= K+ log (i + x) + log(i x) :
i=nq+2 i=np+N+2
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Treating x as a continuous variable and di erentiating the negative Ig likelihood
twice gives:

d I)(Il 1 1 |+)(32 1 1
ax . itx i x
i=ng+2 i=na+ N+2
d2 Iy 1 1 12 1 1
) = T o2 + Y 0:
dx i=ny+2 (I + X) i=na+N+2 (I X)

Since the second di erential is always less than zero, theresano minima between
0 and N and the minimum of the negative log likelihood over theegion0 x N
must always be at eitherx =0 or x = N.
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Appendix B

USBRC: Interfacing a PC to a
RC transmitter

Section 1.2 gives an overview of the complete MAV control Ipo Once the desktop
PC has determined the helicopter motor speeds required, theme returned to the
helicopter via a standard 4-channel radio control transmitte The transmitter

is equipped with a "buddy-box' connection which provides Iblo an output of the

current joystick positions and an input which can be sent to the dlicopter. A
lever on the transmitter determines whether the helicoptersi controlled by the
external input or the standard joysticks.

An interface is required to link the buddy-box connection to lhe PC. Although
commercial devices are available, these all operate to simpBturn the joystick
positions to the PC or to allow the PC to control all the channed. For the
development of the closed loop system two additional featureseme required.
Firstly it is important that channels can be selectively contolled by the PC, with
the remaining channels being manually controlled. In this &y the controller
for, say, yaw can be developed in isolation. Secondly, even whihe PC is
controlling all four channels, it is important that the PC can still monitor the
joystick positions. If the pilot needs to take over from the PC itis vital that
the joystick controlling overall power is approximately pogioned. This can be
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B.1 Electronics

ensured by limiting the PC demanded power to within a tolerare of the manual

joystick position.

B.1 Electronics

The electronic circuit must measure and generate the wavefosnmeeded by the
buddy-box connection on radio control transmitters. The majoty of transmit-
ters use pulse coded modulation' (PCM) where each demand isded as the
length of a positive pulse. Figure B.1 shows the waveform of thggnal. Al-
though it might have been possible to measure and generate thiaweform using
a PC parallel port, this would have required complicated rddime kernel level
programming. A more exible solution is to use a microcontrodir which has
dedicated timers to simplify the measurement and generatiorf such waveforms.
This also ensures that valid signals are sent to the helicopter eav if the PC
crashes. An Atmet microcontroller was chosen for its ease of development and
satisfactory on-chip hardware (e.g. ash memory, timers, in-ctuit debugging).
Although the simplest solution would have been to link the micraantroller with
the PC using RS232, chips such as the USBN9603 from National Semitbactor
now make USB communications relatively straightforward andhis allows use
with portable computers which often lack a RS232 port.

The complete circuit schematic is shown in Figure B.3. Other #m the microcon-
troller and USB interface, inverters are used to bu er the signa to and from the
radio control transmitter and the signals are then routed to tle relevant timer
input and output pins on the microcontroller. The entire circuit is adequately
powered by the 5v supply provided by the USB port. A PCB was desigd (see
Figure B.2) and assembled using surface mount components.

1ATMega32 - seewww.atmel.com
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B. USBRC: INTERFACING A PC TO A RC TRANSMITTER

Il

1 7 8

. Fixed length of 0.4ms

. Varying length pulse for Channel 1
. Varying length pulse for Channel 2
. Varying length pulse for Channel 3

1
2
3
4
5. Varying length pulse for Channel 4
6. Channel 5 (unused)

7. Long synchronisation pulse> 4ms
8. Next Channel 1 pulse

The length of the 5v section of each channel pulses determintssetting; lengths
vary between 0.9ms and 1.6ms.

Figure B.1: Standard PCM Waveform.

132



B.2 Software

= |
I || =4 [R2
S X1 o S U4
p
=
%3 m
32
JE] Zz
N
=
z L

ENNOJ

Figure B.2: USBRC PCB Layout.

B.2 Software

Two separate pieces of software are required; software runniog the microcon-
troller and a Linux kernel module. The microcontroller softare is written in
assembly and is interrupt driven. A change of state on the inputapture pin trig-
gers an interrupt which reads the pulse length (measured by a tumvare timer).
The long synchronisation pulse shown in Figure B.1 is used to resetchannel
counter. The required output is similarly generated by seedga hardware timer
with appropriate values and toggling the output pin when thetimer over ows.
The USBN9603 also generates a (lower priority) interrupt whert has new data
for the microcontroller or when the microcontroller is fre¢o send data to the PC
(USB is entirely host controlled). Most of the microcontrollercode is devoted to
decoding and responding to the standard USB requests [Compaq &t ahap. 9]
which are generated by the Linux kernel.

The kernel module employs the standard Linux USB subsystem and isi@rs a
character device (major number 241) which exposes four ictio turn on or o
control of individual channels and to get or set a data structue containing the
four channel settings.

The USB connection employs a control endpoint and two “inteupt' endpoints
(one for each direction) which provide on demand transfer ofath packets. Error
correction is provided by the USB layer, so a simple communicati protocol can
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B.2 Software

be used. The control endpoint uses single byte packets to indieavhich of the
four channels should be controlled by the PC and which should beontrolled
by the transmitter joysticks. The interrupt endpoints use eightbyte packets to
transfer four words describing the four channel settings. The USBanufacturer
id used is Ox and the product id is 0x01.
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