Sheffield
Hallam
University

$H%% &%'()*+%

0 $#%% &%'()*+% $#9%% &%
$ - 1 %



http://shura.shu.ac.uk/information.html

% &'& % & ( &



" # # $$ %&''&

- () o+ -
) ) ) ) -
) 1 2 / 1 + ) ) )
) 2 -) /
$$34 56/ 3 ,* + 7 ) . *
/
) ) . ) 8 - ,* . . # 51 %. & )
e+ ' 9 $$3/
$$3/
5 ) 2 ) 02)*
[l ; < =



'Template, Reduction of Feature
Point Models for ngld Ob Jects-
and Appllcatlon to Tracking in

Microscope Images

Manuel Boissenin

A thesis submitted in partial fulfilment of the requirements of
Sheffield Hallam University
for the degree of Doctor of Philosophy

February 2009



Sheffield Hallam University

Micrbsystems and Machine Vision Laboratory

The undersigned hefeby certify that they have read and
recommend to the Faculty of Arts, Computing, Engineeiing and
Sciences for acceptance a thesis entitled “Template Reduction of |
Feature Point Models for Rigid Objects and Application to
Tracking in Microscope Images” by Manuel Boissenin in partial

fulfillment of the requirements for the degree of Doctor of Philosophy.

Dated: February 2009»

Research Supervisor:

Dr Balasundram Amavasai

Examining Committee: _

Professor Huosheng Hu

Professor Melvyh Smith

Professor Christopher Care

ii



Sheffield Hallam University

Date: February 2009 -

Author: Manuel Boissenin

“Title: Template Reduction of Feature Point Models for Rigid
Objects and Application to Tracking in Microscope Images

Department: Microsystems and Machine Vision Laboratory

Degree: Ph.D. Convocation: February Year: 2008

Permission is herewith granted to Sheffield Hallam University to circulate
and to have copied for non-commercial purposes, at its discretion, the above
title upon the request of individuals or institutions.

THE AUTHOR ATTESTS THAT PERMISSION HAS BEEN OBTAINED
FOR THE USE OF ANY COPYRIGHTED MATERIAL APPEARING IN THIS
THESIS: (OTHER THAN BRIEF EXCERPTS REQUIRING ONLY PROPER
ACKNOWLEDGEMENT IN SCHOLARLY WRITING) AND THAT ALL SUCH
USE IS CLEARLY ACKNOWLEDGED.

Signature of Author

Copyright of the thesis remains with the author. All other intellectual rights
.embodied in the submission pieces are owned by Sheffield Hallam University. The
physical copies of the thesis submitted become the property of Sheffield Hallam
University, whilst other artefacts remain the personal property of the author,

iii



A mes parents,

a mes grands-parents:



Contents

‘List of Figures
List of publications
Abstract

- 1 Introduction

1.1 Rationale and motivation. . . . . . .. ... ... oL
111 The MINIMAN Project . « « « v v v v veeee e e oo |

1.1.2 The MiCRON project . . . v v v v v v v i e e e e e e
1.2 Research aims and objectives . . . . .. A

1.2.1 Choices and discussion . . . . ... .. .... e
1.3 Research methodologies . .. ......................
1.4 Contributions . . . . . U PSP
1.5 Organisation of the thesis . . . . . IR e

2 Literature review

2.1 Imtroduction . . ... ... .. ... ..

2.2 Connected techniques to visual tracking. . . . . ... ... .. .... '
2.2.1 Detection and initialisation . . ... ... ... ... ... ..
2.2.2 Background subtraction and movement detection . . . .. ..
2.2.3 Mathematical Morphology . . . . . .. . e .
2.2.4 Techniques to match point sets . . . . . P e
2.2.5 Imagedistortion . ... ... ..... .. ... .. ... ..

23 Visual tracking .......
2.3.1 Kalman filter based visual tfacking .............. .
2.3.2 Particle filter based visual tracking ) [



2.4 The Hough transform . . . .. ... ............. oL 32
. 241 TIntroduction . . ... ......... .. e 32
2.4.2 Hough transform and tracking . e ... 33
2.4.3 The randomised Hough transform . S 34
2.5 Summary . ... .. e e e e . I 37
Particle filters _ : - 38
3.1 Introduction . . .. ... ... e e e e e e e 38
3.2 A real world example . . ... ... .. .. . e 39
3.3 Typical encountered issues . . . . . .. ... ... AR E 40
3.4 Preliminary approaches to solve these issues . . . . . ... ... ... 41
"~ 3.41 Dynamic template updating . . ... ... .. ... e 43
342 Taking measures . . ... ... ........... e 44
3.4.3 Improving the matching paradigm . . . . . [ 46
~ 3.44 Geometric Branch-and-Bound Matching . . . . e 48
3.5 Clustériﬁg particles .« . .. ... 50
| 3.5.1 Locating the statistical modes . . ... .. ... ... ... .. 50
3.52 Method formalisation . . . . . ........ e e e 51
3.5.3 An O(n) algorithm to cluster particles . ... ... ... ... 51
3.5.4 Location of the micro-pipette using further measurements of |
theimage ........... P PR 54
3.6 Further improvements R ‘. e e e e 56
3.6.1 Overcoming the effect of clutter . . . .. ... ... .. ... . 96
3.6.2 In’pegra’cihg the kinematics of the object . . . ... .. .. ... 56
3.6.3 Partial re-initialisation . . .. ... P 57
3.64 Modes filtering ... .. ... .. ... ... .. e e e e 58
3.7 ~ A generic particle filter architécture ................... 59
3.7.1 Description of the architecture . . . . . . e 59
3.7.2 Issues related to the initialisation of the class . . . . . .. .. 59
3.7.3 -Conception . ........... e L Cee 60
3.7.4 Extensions . . . . . R e e 62
3.8 Summary.;....' ...... IR e e e e e e . 63
3.8.1 Possible improvements . .. ............ e . . 64

2.3.3 Other visual tracking algorithms . . . . . ... .. ... .... 29

vi



4 Shape information and template reduction 65

4.1 Introduction .. ... ................ e e e e e e 65
4.1.1 Squareexample . . . . . . ... ... e 65
412 Circleexample . ... ... ... ... . . ... . . .. 69

: 4.1.3 Locating a shapeonanimage . ... .. ... ... ...... 71

4.2 Self similar set of points . . . . ... ... .. .. e e e e e e 75

4.3 Robustness to noise . . . e e e 78

4.4 Template reduction, a simple example. . . ... ............ 79

4.5 Evaluation of the characterising value of a set of points . . . . . . .. 79

4.6 A generic algorithm for the pose estimation of rigid ijects ...... 82

4.7 Summary . . JE e e e e e e e 84
4.7.1 Futureresearch . . ... . ... ... . ... ... .. ... 85

5 The stencil estimator ) 86

5.1 Introduction . ... ... e e e e e e e e 86

5.2 The stencil estimator . . . .. .. ... I 86

5.3 Robustness .. ........ S 91

5.4 Implementation of the tracking algorithm . . . . . .. ... ... ... 92

5.5 Stencil reduction . . . . . .. ... ... T, ... .96

56 Summary . . . . ... e e e ... 98

6 Experiments 100
6.1 ’Ikaéking of Microscopic Objects . . . . .. .. e e e e 100
6.1.1 Context and experimental setting . . . . ... ... .. .... 1100
612 Algorithm . ... oot 103
6.1.3 Complexity analysis ... .. .. .. B 105
6.1.4  Parallelisation . . . ... ... ... ... ... .. 110
6.1.5 Sumrnary...‘.............._._.‘ .......... 111

6.2 - Testing of the stencilled Hough transform using synthetic data . . . . 112
6.2.1 E){periments andresults . ... ........... . 112
6.2.2 Comparison with different similarity methods using an ex- -

. haustive search . . .. ... o e e e 132
6.2.3 Summary . ... . e e PP 142

6.3 Testing the particle filter on the micro-pipette tracking sequence . . . 143
6.4 Testing the stencil Hough transform on the pipette video sequence . . 151

Vil



6.4.1 Experiments and results . . . . . e e e
- 6.4.2 The motion model . . ... .. S

6.4.3 Summary .. ... ... ... ... B .

7 Conclusion
7.1 Contributions . ; . . ... .. .. A PR

7.2 Futureresearch ... ... ... ... . e

A .Fitting a square to a set of points |
Al 3pointscase. . ... ... ... ... e e e e e
A2 4 p'.oints CASE . « v v v v e e e e e
A3 5Spoints .. ..... S e e e e e e

'A.4 Perspective transformation . . . . . ... ... o0

B Dense disparity map using epipolar geometry

B.1 Depth maps of 3-D scenes . . . ... .. e e e e e e e
B.1.1 Stereovision. ... .. ... ... ... ..

B.1.2  Camera calibration . . . . . ..... T

B.1.3 Stereo calibration . . . . .. .. ... ... o0 0oL

B.1.4 Correspondence problem . . . ... ... ...... P

B.1.5 Discussion . . . ........ e e e e e
.B.1.6 Summary .. ... ... oo P

'B.2 Model building alternatives . . ... .. e .
B.3 Implementation ... ... .. ... .. ... .. ... ..
- B.4 Triangulation . ....... R A e
B.5 Summary ....... e e e e e e e e e e e e e e

| C Further testing of the particle filter
C.1 Table tennissequence . . . . .. ... ... e e e e e e e e

C.2 Rubik’s cubesequence . ... ... ........ e
- D Machine vision and computer vision
E Tracking source code

F Extended abstract

viii

159
159
160

162
162
163
167
169

171
171
171
172
175
175
177
178
179,
180
181
183 -

184
184
184

191
193

200



| List of Figures

1.1

1.2

1.3

1.4

15

1.6

2.1

2.2

An artist impression of the MiCRoN project made for the project pro-
posal: mini robc')ts,‘ 1 cm across; working cooperati\}ely in an assembly
task . ... . T
Overview-of the MiCRoN set up during the integration stage. The
camera is mounted on a Miniman robot. In the front, an infrared
communication device is mounted on a USB porf. e

A tethered MiCRoN robot with its gripper under.the microscope cam-

The set up at Sheffield Hallam university, the camera support is
mounted on a piezo-electrié three degree of freedom translation stage.
Green LEDs are used to illuminate the scene. Green has been cho-
sen to avoid interferences with the infrared communication of the
MiCRoN robots. 1 pixel in the obtained image corresponds to 1 mi-
crometre (pm). . .. ... .. e . P
The graphical user interface of the recognition and tracking soft-
ware. The z-y axis frame indicates the position of thebrecognised
and tracked syringe chip. The image has been taken with a optical

microscope and its quality is better than the images obtained with

the MiCRoN camera. . . . .. ... .. e ’

The MiCRoN robot. . .. ....... e e e e L

By obtaining the intrinsic parameter it is possible to determine where
each point expressed in the camera frame will be projected onto the

Image. . . . . o e e

A red parallelepipéd and a white line projected on the image using

the image formationmodel . . . . . .. ... L0000 L

22



- 2.3

24
2.5

3.1
3.2
3.3

3.4
3.5
3.6

3.7

- 3.8

3.9

3.10

The right image is the rectified left image. Notice that the power
supply edge highlighted in previous figure appears stralght. e
The Kalman filter can be divided into 2 stages . . . . .. ... ....

Diagram to explain the Hough transform, see text for explanation. . .

Particle ﬁltermg stages. . . . . . e e e I .
The original pen tip tracking algorithm using particle filters [1]

The tracking of the pipette tip has failed. The white square is the
tracked location (at the top centre position of the image). Top left
hand corner is the template image. - . . . . . .. ... .. Ce e
Problematic frames from the micro-pipette sequence. . . . . e
Tracking with the template updating mechanism running . . . . . .
Image showing the value of the correlation measure within a region
of interest. The positions with high correlation values are coloured
following the colour code described in pagedd. . . ... ...

Frames showing the tracking results using edge template matching.

The top left corner of images shows the edge template of the micro- '

pipette tip. . . . ... . o o e

‘The same image filtered with the Susan and the Canny edge detector.

Frames showing the results of edge‘correlafion with only part of the
scene image processed in order to filter edges. Frame B illustrates
one of the frames where edge correlation fails. . ... ... e

In frame A poinﬂs represents particles. Frame B shows the thresholded

~ particles. In frame C, the boundaries show how these particles are

3.11

- location of the peaks of the pdf sampled by the particles. . . . . e

3.12
3.13
3.14

grouped and can be seen as the set bounds . Frame D shows how
the other particles are collated into the corresponding sets. Frame E
shows the resulting peak points, compared with frame B the modes
are shifted from the thresholded particles and the 2 closed thresholded
particles have been integrated in the same mode. . . . . e

Tracking of the micro-pipette tip. Modes give an indication of the

Tracking stages. . . . ... .. e e e e e e e e
‘UML diagram of the first des1gn of the particle ﬁlter e e
UML diagram of the final 1mplementat10n of the particle filter .

X1

48



4.1

4.2
4.3

4.4
4.5
4.6

4.7

4.8

5.1

5.2
5.3

6.1

6.2

6.3
6.4
6.5
6.6

6.7

6.8

Squares sharing a common point. . . . ... ... e e e 66

The three squares, modulo rotations, having these two points as corners. 67

" Two possible configurations of 3 points and example of squares that

matches these configurations. On the left, 2 points are closer whereas

on the right, points are equidistant. . . . .. .. ... .. ... .. .. 67
The points a,b,c and d uniquely déﬁne asquare. . . . . .o o.o0 ... 68
An impossible configuration and 2 possible configurations of 4 poiﬁts

that fit more than one SQUATE. + v v v v v e e e e e e e e e e e e 69
A conﬁguratibn of 5 points that can be fitted by only one square. ... 70

A template (S), its associated state space (T) and the corresponding
look-up table (L). Colours are used to represent the states referenced
by the look-up table. . . . .. .. ... ... .... e 80
Figures A-D show non ambiguous reduced templates. Figures EJF

show ambiguous reduced templates . . . .. .. ... .. ... .... 80

" The stencils of the “star” shape corresponding to the coloured area of

the transformation space have been drawn in the image space. The
coloured regions are the set of points overlapped by the shape when

it is moved according to the transformations of the subset having the

same colour in the transformation space.' ................ 87
Pre-processing stage . . . . . ... .. oo 93
Tracking stage . . . .« v v v v i i ... 9

Images from the gripper tracking sequence. The grippers in the left

and right images are at different depths. . . . . ... .. ... . ... 101
Diagram of the sét~up used for the experiments.' A photo of the set-up

can be found figure 1.4, page 6. . ... oo 101
A subset of the stack of images that serves as the gripper model . . . 102
A sample of some of the stencils produced . . . . .. P 105
Key for figure 6.6 . . ... ... ... . PRI . 107
Tracking using 4 sets of parameters, see figure 6.5 for. keys and ﬁgure

6.1.3 for the corfesponding-tracking behaviour . . ... ... ... .. 108
Speed comparison of the tracking of -the gripper using different pa-
rameters . . . ... ... ... e e e e e [T ... 108
Visual comparison of the asymptotic tracking -behaviour e e .. 109 -

xii



6.9 Number of stencil increment versus number of image feature . . . . . 109
6.10 Comparison of Qt threads and boost threads, both implementation
‘uses Qtmutexes . . ... 110

6.11 Comparison of the parallelisation on 2 processors using different im-

plementations . . . . . .. e e e e e e e e e 111
6.12 Speed comparison, one thread versus two threads . . . . .. ..... 112
6.13 Templates of the tracked shapes. . . ... ... ... ......... 114

6.14 Appe'ara.nce of the first image of the hand shape tracking sequence

for different noise levels. In percentage of image noise: 0, 4, 10, 16,

29, 28, 34, 40, 46 and 50% respectively . . . . . . S . 115
6.15 Appearance of the first image of the watch tracking sequence for dif-

ferent noise levels. In percentage of image noise: 0, 4, 10, 14, 20, 26,

30, 34, 38, 42, 46 and 50% respectively . . ... ... ... ... ... 116
6.16 The z-axis corresponds to the number of imageé where the tracking

result differs from the ground truth. The ratio of kept elements of

the stencil is acﬁually the ratio of the number of references listed in

the 2-D array corresponding to the stencil elements kept. The colour

lines outline error levels. This graph corresponds to the hand shape
, image sequences. . . . . . ..o ..o e .. e e e e 117
6.17 The same graph as in figure 6.16 viewed from the top and with just

the error line levels. The levels are the number of images out of the

500 images of the hand shape sequences where the tracking fails . . . 118
6.18 The z-axis corresponds to the number of images where the tracking

result differs from the ground truth. The ratio of kept elements of

the stencil is actually the ratio of the number of references listed in

the 2-D array corresponding to the stencil elements kept. The colour -

lines outline error levels. This graph corresponds to the watch shape

SEQUENICES .« & 2 v b e e e e e e e e e e e e e e e 119
6.19 The same graph as in figure 6.18 viewed from the top and with just

the error line levels. The levels are the ﬁumber of images out of the

800 images of the watch shape sequences where the tracking fails . . . 120

xiii



6.20

6.21

6.22

6.23

Histograms characterising the 2-D array containing stencils generated
off-line for the hand shape. Each row corresponds to a different tuning
of the area size of the stencils. These are 100 %, 56 %, 32 % and 18%
of the references réé‘pectively e e e e e e e ..
Histograms characterising the 2-D array containing stencils generated
off;line for the hand shape. Each row corresponds vto a different tuning
of the area size of th_élstencils. 11 %, 6 %, 3% and 1% of the references
respectively . . ... ... e .
Stencils for the hand shape. The z-axis répresents the number of over-
lapping stencils. Each row represents a different stencil decimation
level corresponding to those of figure 6.20: 100%, 56%, 32%, 18%
Stencils for the hand shape. The z-axis represents the number of

overlapping stencils. Each row represents a different stencil decima-

- tion level corresponding to those of figure 6.21 (11%, 6%, 3%, 1%)

6.24

6.25

6.26

6.27

and each column a different stencil . . . .. ... ...........
Number of votes for each stencil. Each row represents a different
stencil décimation level corresponding to those of figure 6.20. Each
column represents a different irhage from the hand image sequence .
Number of votes for each stencil. "Each row represents a different
stencil .decimation level corresponding to figure 6.21. Each column
represents a different image from the hand image sequence . . . . . .

What has been termed average robustness is, in fact, the average

difference of, the number of elements of a stencil, and, the number of .

overlapping elements of its most overlapping stencil . . .. .. .. ..

By total robustness we refer to the minimum, for all stencils, of the

. robustness such it is explained in figure 6.26 . . . . . .. e

6.28
6.29

6.30

Time taken to track a shape versus the level of noise and the decima—
tion ratio of the stencils for the hand image sequences . . . . . .. ..
The graph of figure 6.28 from a different viewpoint. This shows how
the level of noise affects the tracking time . .. .. e L

The graph of figure 6.28 from a different viewpoint. This shows how

.. 125

. 127

the stencil decimation ratio affects the speed performance of the tracking131

Xiv



6.31 Histograms characterising the 2-D array containing stencils generated
off-line for the watch shape. Each row corresponds to a different

tvuning of the area size of the stencils. These are 100 %, 80 %, 60 %

6.32 Histograms characterising the 2-D array containing stencils generated
off-line for the watch shape. Each row corresponds to a different
tuning of the area size of the stencils. These are 10 %, 5%, 3% and
1% of the references respectively . . . .. ... ... ... ... .

6.33 Stencils for the watch shape. The z-axis représents the number of
overlapping stencils. Eaéh row represents a different stencil decima-
tion level corresponding to figure 6.31 . . . . . . ... ... ... ...

6.34 Stencils for the watch shape. The z-axis represents the number of
overlapping stencils. Each row represents a different stencil decima-
tion level corresponding to figure 6.32 . . .. . . ... .. ...

6.35 Number of votes for each stencil. Each row represents a different
stencil decimation level corresponding to figure 6.31 . Each column
represents a different image from the watch image sequence . . . . . .

6.36 Number of votes for each stencil. Each row represents a different
stencil decimation level corresponding to figure 6.32 . Each column
represents a different image from the watch image sequence . . . . . .

6.37 What has been termed average robustness is, in fact, the average of
the difference of, the number of elements of a stencil, and, the number
of overlapping elements of its most overlapping stencil . . . . . . L

6.38 By total robustness we refer to the minimum, for all stencils, of the

| robustness such it is explained in figure 6.37 . . . . . R

6.39 Time taken to track a shape versus the level of ﬁoise and the decima-
tion Tatio of the stencils for the watch image sequences . . . . . . o

6.40 The same graph as in figure 6.39 but with a different viewpoint. This

shows how the level of noise affects the tracking time . .. .. .. .. |

6.41 -The same graph as in figure 6.39 but with a different viewpoint. This

- shows how the stencil decimation ratio affects the speed performance
of the tracking. . . . . . . . i S
6.42. The template is shown on the top left corner. The small black dots

are the particles. The centre of the square is the tracked location. .

Xv

. 145



6.43 The weight measures for this graph and the subseauent graphs rep-
resents ‘edge correlation measure. This is an ideal case where the
measure gives a unimodal pdf. x and y axis are the pixel coordinates
of the image point measured. It can be observed that correlation mea-
sure is well localised which is a disadvantage for particle filters that
are likely to sample the tracked object only on the neighbourhood of
the object. . . . ... ... .. e e e e e e

6.44 In spite of the blurred features of the pipette, its location is found.

' Big black square dots are the peak points. . . . ... ... .. ....

6.45 The heavy background clutter is illustrated by the existence of mul-
tiple peaks in the graph. In spite of the heavy clutter the pipette tip
is well localised through further evaluation of the peak points. |

- 6.46 A rare case where the tracking has failed. The centre of the square is

the tracked location. . . . ... ... ... .. oL

6.47 The graph illustrates that most of the peak point obtained, though

the correlation of the edge template, are located around the pipette

" tip. But subsequent multivariate feature measure picked up the wroﬁg.
 peak point as the probable location. . . . . . ... .. e

© 6.48 Another cluttered image, this one is due to the change of the back-

ground of the pipette and illumination of the scene. The small black

square points are the peak points. Centre of the square is the tracked
J0CAEION. « « « v o e e e e e

6.49 The graph illustrates the baékground clutter which gives rise to mul-
tiple peak points. . . . . .. ... ..o L. e e e

6.50 Last image of the tracking sequence. Magenta points are previous
tracked locations. . . . . ... ... .

~ 6.51 Actual location of pipette (line) and tracked location (crosses). . .

'6.52 Number of tracked frames versus distance of actual location and -

tracked location. . . . . . .. . .. ... ... ... e e

6.53 Actual location of pipette (line) and tracked location (crosses). Only

tracked location of points with high probability is displayed . .. . . .

6.54 Two images from the pipette tip sequence. It is the same sequence

that was used to discuss the particle filter algorithm. . .. ... ...

xXvi

148



6.55 Comparison of ‘the tracked positions and the manually determined
positions of the pipette tip when using our custom edge detector.

6.56 Comparison of the tracked positions and the manually determined
positions of the pipette tip using the Canny edge detector with the
first set of parameters. . . . ... .. e e e e e e e e e

6.57 Comparison of the tracked positions and the manually determined

positions of the pipette tip when using using the Canny edge detector .

with the second set of parameters.. . . . .. .. ... ... ......
6.58 Comparison of the tracked positions and the manually determined
positions of the pipette tip when using using the Canny edge detector
with the first sefting and the motion filter. . . . . . . ... ... ...
- 6.59 Comparison of the tracked positions and the manually determined
positions of the pipette tip when using using the Canny edge detector
with the second setting and the motion filter. . . . . ... .. ... .
6.60 Tracking aCCUTaCy . « « « « « v v v v v v e e e e e et U
16.61 Tests carried out on an Intel Celeron Northwood 2.7 GHz CPU . . .

A.1 An infinite number of squares can fit 3 points. . . . . . FERErIN ..

A.2 abcd and abee are 2 four point convex configurations. . . .. ... ..

A.3 For this conﬁguration of four points we consider the 2 points furthest -

apart. . ... ... e e e
A.4 The green shaded square was constructed by assuming that the 2
points furthest apart belong to opposite edges and the 2 remaining
points to one of theedge. . . . . v v v v i
A.5 It is not always possible to fit a square that intersects the 4 points
using the assumption that the 2 points furthest apért belong to op-

posite edges and the 2 remaining points to one of the edge as shown

A.6 If the longest distance is an edge of the convex quadrilateral and we
assume that the two remaining points belong to different edge of the
square there exists at most two squares that fit the four points.

A.7 An example when the four points are fitted by a square assuming that
the two points furthest apart are on opposite edges of the square and

the remaining points belong to different edges. . . ... . . . . . .. ..

xvii

. 192

162

. 166



A.8 By considering the direction of intersection, represented by arrows, of
.the‘plain black lines the four points can be separated into 3 groups:
the point circled in green, the other point on the dashed green line
and the two remaining points. . . ... ... ... .. .. e e e e

A.9 2 Points are taken randomly, by assuming that they belong to op-
posite edges, for instance, a system of equations can be written and
solved to check if it is possible to construct squares that are intersect- -
ing this four points. Curved arrows represent the possible rota_tions
of the parallel HOES. « o v o e e e e

A.108 pomts any 3 of them not ahgned in a convex configuration can be

fitted by 2 quadnlaterals ......... e e e e e e e e e e e

B.1 The images seen by each eye are slightly different. Image from the
Optometrists Network website. . . . . . . . e e e e e e

B.2 By obtaining the intrinsic parameter it is possible to determine where

| each point expressed in the camera frame will be projected onto the
_ IMAZE. © o v e e e e ..

B.3 A red parallelepiped and a white line projected on the image using
~ the image formationmodel . . . .. . ... 0oL, C e

B.4 The right image is the rectified left image. Notice that the power
supply edge highlighted in previous figure appears straight. . . . . . .

B.5 Top pair of images taken by our stereo rig. Bottom: the same palr‘

after standardisation. Black lines have been drawn to exhibit the
alignment of the corres.ponding image elements. . .. ... ......

B.6 Pair of standardised image and their disparity map. Red points are
displayed when uncertainty is too high. . . . . . ... ... ... ...

B.7 Result of our implementation on a well known pair of standardised
images from the Tsubaka university repository. e e
 B.8 Different disparity maps usmg our calibrated images. . ... ... ..

- B.9 Tnangulatlon ofapoint. ... ........ e e e e e

C.1 Tracking of a ping-pong ball. Top left corner, the ball template image.
The large white dots represent the previous tracked positions of the
ball. The large black dot, the current position of the ball and the

small white dots, the particles’ positions. . . . . . . ... .. BRI

XVviil

168

173

181

182



C.2

c3
C4
c5
C6

The large black square is the probable actual position of the ping-

pong ball. The small white dots indicate the particles’ positions and

the larger white squares represent the earlier tracked positions. . . . . 185
After a few frame the tracking fails completely. ... ... .. ... .. 186
Different stage of the image filtering prdcess e e e e e 187
The filtered image with false Colours. . .. . 187

Tracking a Rubik’s cube, transparent white doted lines indicates the

hypothesis location. . . . . e e e e e e e e 189

XX



List of publications

1. M. Boissenin, J. Wedekind, A.N. Selvan, B.P. Amavasai, F. Caparrelli and
J.R. Travis. Computer vision methods for optical microscopes. Image and Vision

Computing, vol. 25, no. 7, p. »1.107-1116, Elsevier Science Journal, 2007.

2. M. Boissenin, J. Wedekind, B.P. Amavasai, F. Caparrelli and J. Travis. Fast
pose estimation for microscope images using stencils. IEEE Systems, Man and
Cybernetics Society 5th Conference on Advances in Cybernetic Systems, p.
49-54, Septembre 7-8, 2006 |

3. K. C. Lim, M. Boissenin, B.P. Amavasai and R. Saatchi Development of a
desktop freehand 3-D surface reconstruction system, IEEE SMC UK&RI 6th
Conference on Cybernetic Systems 2008, London, UK.

- 4. J.Wedekind, B.P. Amavasai, K. Dutton, M Boissenin A m.achine vision exten-,
sion for the Ruby programmihg language, proceedings 2008 IEEE, International

Conference on Information and Automation, 2008, Zhangjiajie, China.

5. J. Wedekind, M. Boissenin, B.P. Amavasai, . Caparrelli and J. Travis. Object

recognition and real-time tracking in microscope images. IMVIP, 2006.

6. B.P. Amavasai, F. Caparrelli, A. Selvan, M. Boissenin, J.R. Travis and S.
Meikle. Machine vision methods for autonomous micro-robotic systems. Ih_ Ky-
bernetes Journal, vol. 34 no. 9/10 2005, ISSN 0368-492X.

7. M. Boissenin, B.P. Amavasai, J. Wedekind and R. Saatchi. Shape information:
using state space to select discriminative configuration of points. BMVA sympo-

sium, Shape Representation, Analysis and Perception, November 5, 2007.

8. A. Eisinberg, K. Houston, F. Caparrelli, B.P. Amavasai, M. Boissenin and



10.

P. Dario. Marking techniques for vision recognition of microgrippérs for micro- .
manipulation. IEEE International Conference on Robotics and Automation

(ICRA2006). Orlando, Florida, May 15-19, 2006.

A.N. Selvan, M Boissenin, B.P. Amavasai, F Caparrelli and J.R. Travis: Track-
ing translucent objects in cluttered scenes. IEEE SMC Chaptef Conference on
Cybernetics Intelligence-Challenges and Advances, 110-8, 2003.

R. Estana, J. Seyfried, M. Thiel, S. Johansson, N. Snis, J.M. Breguet, W.
Driesen, T. Velten, J. Gao, P. Vartholomeos, S.G. Loizou, K.J. Kyriakopou-
los, M Boissenin, F. Caparrelli, J. Wedekind, A. Eisenberg, K. Houston, J.
Samitier, M. }Puig—Vidal; P. Miribel, A. Diéguez and H. Woern. The MiCRoN
Project, IST-2001-33567, March 2002 —vFebruary 2005.

xxi



Abstract

This thesis addresses the problem of tracking rigid objects in video sequences.

A novel approach to reducing the template size of shapes is presented. The
reduced shape template can be used to enhance the performance of tracking, de-
tection and recognition algorithms. The main idea consists of pre-calculéting all
possible positions and orientations that a shape can undergo for a given state space.
From these states, it is possible to extract a set of points that uniqﬁely and robustly
charactervises‘the shape for the considered state space. An algorithm, based on the
Hough transform, has been developed to achieve this for discrete shapes, i.e. sets
of points, projected in an image when the state space is bounded. |

‘ An extended discussion on particle filters, that serves as an introduction to the
topic, is presented, ‘as well as some generic improvements. The introduction of
these improvements allow the data to be better sampled by incorporating additional
measurements and knowledge about the velocity of the tracked object.. A partial
re-initialisation scheme is also presented that enables faster recovery of the system
when the object is temporarlly occluded. ' |

A stencil estimator is introduced to identify the pOS1t10n of an object in an image.
Some of its properties are discussed and demonstrated. The estimator can be effi-
ciently evaluated using the bounded Hough transform algorithm. The performance
of the stencilled Hough transform can be further enhanced with a methodology that
decimates the stencils while maintaining the robustness of the tracker. Performance
evaluations have demonstrated the relevance of the approach. Although the meth-
ods presented in this thesis could- be adapted to full 3-D object motion, motions
that maintain the same view of the object in front of a camera are more specifically
studied. ' |

The work presented in this thesis was funded by the European Union 5% Frame-
work Programme, project No: IST-2001-33567, through the MiCRoN project.
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Chapter 1

Introduction

| 1.1 Rationale and motivation

“There is.plenty of room at the bottom” Richard P. Feynman: (1959)

The field of micro-manipulation and micro-robotics is in its very early stage of
development and there only éxis_t a handful of useful industrial applications within
this area so far. It is predicted that in the near future a wider variety of application
fields, from high-precision and fast assembly of mechanical micro-cbmponents in’
industry to the handling of cells in medical or biological applications will require ef-
ficient systems for micro-manipulation. Micro-imanipulation systems promises many
benefits for society as well as very .high returns to the players that will create the”
technology. To operate such systems require generic feedback. Currently, there

are six main technologies [2] than can estimate the pose of an object and track its

motion:
o mechanical sensing, generally using eiectro mechanical transducers.
o‘ inertial sensing usually through MEMS (micro-electronic mechanical systems).
e acoustic sensing with qltrasonic ‘waves.

-® magnetic sensing using captors that measures the local magnetic field that can

be altered by using local sources.
e radio and microwave sensing on the time of flight principle.
‘e optical sensing using charge-coupled devices (CCDs).

2
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Considering the size of the objects and their. environment visual feedback will be a
key component in the realisation of micro-manipulation systems. These are amongst
the major motivations for the work presented in this thesis. _

The origin of the work that is presented here is intimately related to and emerges

from the development of two European union funded projects.

1.1.1 ‘The MINIMAN project The main objective of the MINIMAN project
[3] was the development of a smart micro-robot with 5 degrees of freedom and a
size of a few cubic cm, capable of moving around by the use of tube-shaped multi-
layered piezo-actuators. Controlled by visual and force/tactile sensor information,
the micro-robot is able to perform manipulations with a motion resolution down to
a few nano-metres (nm) in either a tele-manipulated or semi-automated mode. The
intention was to free humans from the tedious task of having to handle minuscule ob-
jects directly. Equipped with micro-machined grippers, the robot is able to perform
high-precision grasping, transportation, manipulation and positioning of mechani-
cal or biological micro-objects, under an optical microscope or within the vacuum
chamber of a scanning electron microscope. A powerful computer s.ystem using in-
expensive PC-compatible hardware Componenté ensured the robot operation was
 carried out in real-time. The key to closed loop control was vision-based feedback. |
The vision system was used to locate objects and tools within the workspace. This

project was sucCessful‘ly cbmpleted and was then followed by the MiCRoN project.

1.1.2 The MiCRoN project The MiCRoN project [4] was a continuétion of
the MINIMAN pro jéct. The MiCRoN project involved eight European partners and
its aim was to utilise a co-operative set of micro-robots that could form the basis
of a micro or nanofactory (figure 1.1). The work-packages that the Microsystems
& Machine Vision Laboratory (MMVL) at Sheffield Hallam University (SHU), UK,
was involved in, comprised the design and implementation of the vision control
system, position sensors and support in path planning. Figure 1.2 shows the actual
set up during the integration phase. In figure 1.3 a close up of the work area is
shown. The methods presented in this thesis was used for providing visual feedback
using a camera with a magnifying lens and were developed using the set-up shown
in figure 1.4. The graphical interface is presented in figure 1.5. Some of the robots,

built by the consortium members, are shown in figure 1.6. Powering, actuation and
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CHAPTER 1. INTRODUCTION ' : ' 8

classes.

To estimate the position of an object some knowledge about the object and a
‘way to use this knowledge with the image sequence is required. This leads to two
interlinked issues: how to represent the object and how to match this representation
in the image. As ekplained above,vit was chosen to model this knowledge by' using a
samf)le image of the object, often called a template image, taken in the first frame
of the‘séquence, One way to locate the object in the scene image is to compare all
- parts of the image with the model i.e. to measure the similarity between parts of
the image and the template image. At this stage the following issues need to be

addressed:

o Clutter: due to the limitation of the chosen measurement method, parts of the

image can match well the object model even when the object is not present.

e Occlusion: the tracked objéct’might be partly occluded, extend beyond the
image, or, move beyond the image for a few frames. When it becomes visible

~ again the algorithm should be able to locate it again.

e Noise: given a scene that does not change, the image acquisition system pro-
duces images that are slightly different. This is often due to limitations in
~ the sensors or electronics. -Comparison algorithms should be able to cope with

these small variations that can often be modelled by Gaussian noise.

e 2-D images of the 3-D world: the image acquisition process is not a bijective
mapping; information about the scene is lost in the process, however supple-

mental information can be used to compensate for this loss.

e The slow evolution of the appearance of the tracked object due to changes in

illumination, orientation and shape for deformable object.

e The search space, often due to its high number of dimensions, can be very

large making the real-time objective challengihg.

One way to cope with the problems of partial-occlusion, noisy scene images and
changes of the properties of the object is to define and use a probabilistic framework.
~ For instance, a probability value for the location of the object can be estimated using

a distance measure between the scene image and the template image. Note that the
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choice of this distance measure is crucial for reliable, robust and efficient tracking.
If the measure is applied at any point of the image, a probabilistic density functions
for the object location is obtained. '

The observation that, in most applications, object motion is tightly bounded, i.e.
the object’s positions do not differ much between following frames, can be used to
_achieve the real-time requireﬁént. Moreover knowing the speed of an object or the

characteristics of its movement can help to better predict the future bbjéct location.
The usage of statistical methods, namely Monte-Carlo methods, to estimate the
location of an object has proved useful to reduce the search area. Note that since
the matching has to be done in multiple locations, according to the algorithm used,
-parallelisation is likely to scale up well the speed of the tracking process. |
In a class of algorithm the tracking process can essentially be divided into two

sub-processes:

e A process to decide where to look. This restricts the search area and thus

addresses the real-time objectives

e A process to decide how to look. This measure the probability of presence of

an object.

One such technique that makes this distinction, and that we explore in more
detail in this thesis, is the particle filter. Chapter 3 provides a detailed discussion
based on the implementation of particle filters to track a translucent micro-pipette
tip. ‘ | _ _ ‘

‘While particle filters are efficient the measurement method that were used were
both inefficient and inaccurate. To remediate to this issue alternative techniques
were explored.. One such comparison technique that was considered is very much
related with the Hough transform. It roughly consists of counting the number of
- features that match a model at a gi\'len position. Not only is the technique robust
and suitable for microscope images that can be noisy, but it can also be implemented
‘in such an efficient way that an exhaustive search of a bounded region of interest can
be carried out in real-time. This is because for microscope manipulation the motion
of object can genefally be constrained to have 4 degrees of freedom: 3 translations
and one rotation‘ around an axis perpendicular to the field of view, resulting in a

state space small enough to be explored in real-time with the presented technique.
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This led to the main contribution of this thesis: template reduction of point
feature models. A novel framework has been introduced in order to reduce the
number of points a point feature model requires to robustly and efficiently identify a
shape in an image. Since fewer points are required the matching can be done more
efficiently.  Recognition, identification and tracking_algorithrh efficiency can benefit
from this improvement. | '

In order to perform this template reduction the state space of the.object is
considered: sets of points that characterise a unique state of the object across the
whole state space are reduced template candidates. Constraiﬁts of robustness to
missing feature pbints and additional feature points not corresponding to the object
are also examined. A practical algorithm based on a generalised version of the

Hough transform is presented to implement the template reduction.

1.3 Research methodologies

A major part of the work undertaken in this thesié has consisted of developing and
1mplement1ng algorithms. Implementations have been made publicly available on-
line as open source so that it may be publicly scrutinised. Much of it can be found
integrated into the Mimas [5] library.

Mimas is a C++ vision system toolkit built in-house, at Sheffield Hallam uni-
versity, with an emphasis on real-time applications. The library provides the in-
frastructure to load images from a wide range of formats due to the integration
with other open source libraries such as the ImageMagick library, video by using
the Xine library and cameras supporting Video for Linux and Firewire. Mimas also
provides a number of low level image processing algorithms, such as edge/corner
detection, disparity map, morphological operators or camera calibration. As well as
higher level algorithms for object recognition and tracking such as geometric hash-
ing and particle filters. Various optimisation schemes, such as POSIX threads, are

implemented in order to achieve the real-time objectives.

| 1.4 Contributions

The main contributions of this thesis, and its associated chapters are:

e The development of a novel framework to reduce templates that are made-up
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of point features for rigid objects. The framework considers the state space of
an object in order to determine a subset of features of the original template
that characterises uniquely and robustly the state of the object across all the
state space. An algorithm based on the Hough transform is used to select these
features. An introduction to the problem and its formalisation is presented in

chapter 4. Material presented in chapter 5 is closely related with the issue.

o A new shape estimator:the stencil estimator. It is shown how the estimator can
be evaluated in an efficient manner using a variation of the Hough transform.
This is presented in chapter 5 and an evaluation of the method can be found

in section 6.2.

e Generic improvements to the particle filter algorithm in the imaging context.
An algorithm is introduced to cluster par’ticles. Slibsequent analyses follow-
ing the measurement process, that evaluate the posterior probability density
function of the state of the object, is discussed. These analyses can provide
feedback to the particle filter to partially reinitialise the sampling of the par-

ticles. This is found in sections 3.5 and 3.6.

e Application of the the stencil estimator in a microscope environment where
objects are subject to changes in appearance. Microscopes have a narrow
depth of field and the features of an object changes with its distance to the
microscope’s objective. This characteristic can be used to determine the dis-
tance of an object to the microscope’s objective by using a model of the object
that consists of a stack of images of the objeét taken at different depths. This

contribution is presented in section 6.1.

1.5 Organisation of the thesis

Chapter 2 of this thesis presents a literature review focused on computer vision
techniques related to the efficient identification and tracking of 2-D shapes in images.
The particle filtering algorithm is then presented on a concrete application, the
tracking of a translucent pipette tip, and a few generic improvements are proposed
in chapter 3. | | } ‘
In chapter 4 a novel approach to selecting sets of characterising points b_f a shape

is presented. When these sets of points are identified in an image, they allow the
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state of a shapé to be uniquely and robustly identified. The novelty consists of
using the state space to select these characterising sets of points. This technique
can be used during a pre-processing stage to obtain a more efficient representation
of tracked objects.

In chapter 5 we present the stencilled Hough transform. The techniqqe is a
modification of the bounded Hough transform [6].. The introduction of the stencil
estimator combined with a methodology to reduce the area of the stencils improves
the speed and memory usage of the algorithm substantially, as shown by the test
results presented in section 2 bf chapter 6. . '

In chapter 6, experimental results are presented where the tracking of micro-
‘objects under a microscope was performed with 4 degree of freedom using a vari-
ation of the bounded Hough transform. In other experiments the bounded Hovugh
transform and the the particle filter were compared on the tracking of a translucent
pipette tip. Advantages and limitations of both techniqﬁes are discussed.

Chapter 7 concludes this thesis, and future research directions are proposed.



Chapter 2
Literature .-reviewv

2.1 Introduction |

Identifying a shape in an image is one of the fundamental problems in cémputer and
machine vision. The Hough transform and the wide variety of techniques that are
derived from it are able to tackle this challenge to some extent. Other approaches
include active contours [7] such as snakes [8] or level sets [9], matching techniques -
such as the inefficient cross-correlation coefficient [10] or boosted flters [11], and
neural networks [12]. Each of them can outperform the others in specific application
domains. While active contours can handle smooth deformable shapes that change,
“neural networks have been used extensively for hand-written character recognition.
Boosted filters have been used for the recognition of object classes such as the human
face whereas Hough transform techniques aré well suited for rigid objects. Hough
transform related techniques have been used, for many years now, to recognise 2-D
objects in real-time on standard desktops. Although the shape of an object needs
to be known, Hough transform related techniques do not need to be trained, are
resistant to noise and partial occlusions and can accurately determine a specific
object locatioﬁ.
| Choosing the right technique for a given application, although essential, is not
straightforward given the wide choice of techniques currently available. One of the
major concerns, that has to be kept in mind and may help in this choice, is the
real-time constraint. Indeed, the machine vision system should not be a bottleneck
in the application that it is embedded into and, as a consequénce, should be as fast

as possible. A general way to speed up object location algorithms is to constrain

13
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the search area. Computational costs tend to increase dramatically with the size of
the search area. To constrain the search area a number of techniques can be used.
Nevertheleé_s, they share a common trait: to utilise.the object’s previous location or,
more accurately, its estimated location and some knowl'edge of the object motion.

These techniques are commonly referred to as tracking techniques.- From-a util-
itarian point of view tracking has to deal with a number of issues that have been
presented in section 1.2.1, page 5, and will be further examined on a practical ap-
plication in section 3.3, page 40. A few different approaches to tracking will be
discussed in the visual tracking section of this chapter. One group.'of approaches
consists in distinguishing a component that selects the locations where to look for
the object from a component ‘th‘at identifies the object. When this distinction is
possible, tracking often refers to the ﬁrét stage of these approaches.

 Nevertheless to be able to track an object its initial position has to be determined,

the review is started by presenfing the initialisation stage, this stage can make use of
an approach that is often overlooked: motion detection, and when the background
remains stable background subtraction. |

In this thesis, we deal mostly with template matching as the identifying method,
i.e. the usage of an image of the object to identify its characteristics in another image
which is usually larger and that contains other elements. However other methods.
exists, for instémce, the usage of parameter or generative modéls [13] could be used.
Mdreover, the focus has been put on matching‘techniq'ueS that are féature baséd.
The underlying assumption being that by reducing the data from colour images to
a set of features, the data may be more efficiently utilised. This is arguable and
discussed in Zitova and Flusser [14],- who provide a survéy on image registration
techniques. The efficiency of determining the characteristics of an object in an

image depends on:

e how discriminative the features are i.e. how many of them are needed to

determine the characteristics of an object.
e the cost of evaluation of these features.
e how features are compared and used to determine the object characteristics.

Since the solutions to each of these issues are interdependent and also depend on a

variety of parameters on the problem under consideration it is an open and complex
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.topic of research. Some elements that. have to be considered will be discussed in
this thesis. More specifically, the issue of reducing an object representation that
consists of feature points while keeping a discriminative object representation will
be tackled. | - :

Another approach that has been the focus of research for the matching of tem-
plates is the hit-or-miss method which emerged from the field of mathematical mor-
phology. A review of this approach is provided in this chapter. ‘

There are many other alternatives to characterise, represent and analyse shapes,
Loncaric [15], in a not so recent survey, presented a number of these techniques.
This survey can serve as an introduction to shape analysis. Walkef, ‘Cootes and
Taylor [16] proposed another interesting alternative for 2-D object representation:
the use of salient features to track an object in a video sequence and automatically |
build its appearance model [17][18]. As previously mentioned our focus is on feature
points representation, techniques to match point sets are reviewed in the section
justly named: techniques to match point sets. '

Distortions can be qﬁite common when working with custom cameras and mi-
croscopes. A few issues related to image distortions as well as how to handle them
are presented. '

The main results of this thesis are related to the Hough transform, hence after
an introduction presenting a generalised Hough transform the link with tracking
is established and more advanced topics, which are related to the work, are then
discussed in the last section. They deal with improvements to the original Hough

transform algorithm.

2.2 Connected techniques to visual tracking

2.2.1 Detection and initialisation Tracking essentially makes use of the pre-
vious position of the object to reduce the search space where the object is searched
for in the next frame. However, the object has to be located in the first frame.
Moreover, when the tracking fails, a recovery system needs to be used to locate the
object again. For these two reasons, it is practical to use a tracking élgorithm in
combination with a detection algorithm.

As detection techniques become more efficient they supplant tracking methods

in some applications since it is possible to track object in an ‘image without any
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assumption on its probable location. Detection algorithrns may be simpler to imple-
ment, but they come with a cost p_enalﬁy in terms of efﬁciehcy due to the fact that
important informations such as the previoﬁs location of the object are discarded.
As usual, the choice depends on the resources available (computational power, time,
etc.) and the application under consideration. | |
Nevertheless, wheh multiple instances of the same object are present, such as
cars on a motorway or people in undérgrbund transport, tracking cannot be replaced

entirely by detection when the object identity needs to be known. ‘

2.2.2 Backgrouhd subtraction and movement detection For the problem
of initialisation a very useful cue is the 6bject’s motion. If the background is not
moving or if its appearance is stable (of uniform colour, for instance) then object
features can be selected by subtracting features in the background. A review of
background subtraction technicjues is provided by Piccardi [19].

Sugrue and Davies [20] developed an original approach which consists of applying
a 3-D spatio-temporal filter on a stack of sequential images to detect motion. Its
advantages over background modelling techniques are that no information from the
background is needed, which makes it faster. The technique is also inherently robust

to noise.

2.2.3 Mathematical Morphology Ronse, Naegel and Passat [21][22][23] pre-
sented a very impressive and elegant theoretical framework by combining multiple
research strands on template matching using the tools of mathematical morphology
and their generalisation for grey-level images. The algebraic approach has its lim-
itations though, it focuses more on the exactitude of the methodology rather than
- performance evaluation and implementation issues.

A characteristic of morphological operators is that they are not forgiving; when a
shape of a binary image differs by a single point from the structuring elements then
the whole “shape” is discarded. Although the hit-or-miss transform for grey level
images provides some tolerance to additive Gaussian noisé, it is not very robust
to perturbations. To cope with this issue, rank order filters have been designed
[24]. Also the notion of fuzzy sets has been used to further improve rQbustnéss as
discussed by Gasteratos and Andreadis [25]). This idea of a more tolerant framework

using fuzzy morphology is also discussed in [26].
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The literature is very scarce in algorithm implementatioh and performance com-
.parisons.v Using the openCV library a few tests were run. For a colour image of
512 x 512 (~ 250000) pixels on an Intel Core 2 Duo (T5450) 1.66 GHz (~ 3300

bogomips) the approximated processing times are given in the following array:

Diameter of the ' 3 5

structuring element

Opening or closing | 180 ms | 230ms
~ operator
Erode or dilate 95 ms | 140 ms

operator

It can be seen that morphological operators can be time consuming. To cir-
cumvent this issue different approaches have been taken: using field-programmable
gate arrays (FPGA), using optical processors, but the most promising approach
.might be, because of its future availability and sheer processing power, to make use
of GPGPUs (General-Purpose computation on Graphical Processor Unit) such as
CUDA (Compute Unified Device Architecture) enabled GPUs. '

One of the main advantage of expressing template matching in terms of morpho-
logical operators is that they can be implemented on hardware like FPGA. Baumanrl
" and Tinembart [27] provide an overview of the tools and insights in the methodology
that could be used to implement morphological op.erators on a FPGA. A hardware
‘implementation is also discussed in [25].

The literature also contains references to an optical implementation [28], i.e. by
“ using an optical processor however this is beyond the scope of this review.

A notable issue with morphologiéal operators is that they are translation in-
variant operators relative to a structuring elements. In [23], which presents an
application for the segmentation of blood vessels from 3-D angiographicl data, this

issue is circumvented by rotating the structuring elements.

2.2.4 Techniques to match point sets The selection of a measure to identify
an object depends on its properties and its motion. Different techniques may be

more or less suitable and efficient when an object is deformable and moving in a 3-D

1The examination of the blood vessels using X-rays following the injection of a radio-opaque
. substance. ' : '
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space, or rigid and undergoing 2-D translations. If practical results are expected,
identifying these characteristics is critical for the selection of an efficient technique.

 When distortions, due to an imperfect lens can be neglected, the transforma-

tions that a 2-D plane undergoes can be modelled by projective transformations.

~ Moreover, when the object is small compared with its distance to the camera and if

it moves by a small distance according to the same criteria, perspective effects can
be neglected and the object features can be put into correspondence using affine
transformations. An affine transformation of the plane consists of a linear transfor-
mation followed by a translation. An affine transformation can be considered as a
éomposition of a dilation, a rotation, a shear and a translation. Note that lengths
and angles do not remain the same under affine transformations. The affine trans-
formation subset that have these properties is called the similarity group; it consists
of the Euclidean transformations and the mirror transformation. - '
| Gope and Kehtarnavaz [29] provided a review of affine invariant comparison
techniques of point sets. They also described a technique where an image point

set and a template point set are compared relatively to an affine transformation.

- In order to do that the parameters of the affine transformation. are evaluated by

determining affine invariant points for both sets of points and comparing them. Then
the match is validated uéing an enhanced Hausdorff distance method. Finally, the
technique is compared, using a dataset, to three popular affine invariant techniques.
The outcome is favourable for the presented technique and. dataset in terms of
efﬁciency,‘ noise and occlusion resistance. The Hausdorff distance between two sets

of points U and V is defined as:

H(U,V) = max(b(U,V),h(V,U)) (2.1)
where

In order to cope with occlusions and outliers different schemes have been used in-
stead. For instance instead of using the maximum, the k* ranked distance can be
used. The paper proposes an.ivnteresting variation of the Ha,usdorff distance. For .
more details on the Hausdorff distance and its implementation the reader may also

refer to [30].

The techniques above assume that individual features are not distinguishable. |
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‘However the measure could be adapted by taking into account an additional criteria,
such as colour for instance, conditioning the evaluation of the distance of points
belonging to the two sets U and V. Combining global geometric characteristics
with local appearahce characteristics of an object is an idea that can greatly improve
reliability and efficiency of many measures. Mar‘ly interesting studies examining the
synergy of these two fundamental aspects of object identification could be done.

A useful mathematical structure to represent and manipulate transformations of
the general affine group, GA(2), or the projective transformations in R2, where P(2), |
~is the Lie algebra [31][32][33]. It allows the separation of different components of a
transformation interms of, for instancé, translation along the z and y axes, rotation,
dilation, shear and shear at 45 degrees. This is valuable when these information are
needed by a system like a robotic arm [33]. o

Another useful technique to compute corresponding sets of points is the Chamfer
distance. It consists in evaluating the distance of a pixel to ité‘ closest feature
points. Such a disﬁance map can be evaluated efficiently [34]. It allows the usage of
optimisation algorithms using gradient techniques such as Levenberg-Marquardt to
minimise an energy function that characterises the matching of two sets of points.
~ In Robust Registration of 2-D and 3-D Point Sets [32] Fitzgibbon has compared
the iterative closest point (/CP) algorithm and a Levenberg-Marquardt based al-
gorithm. These techniques require a previous approximation of the location of the -
object and are therefore well sui;ced fo tracking when the object position.does not
change s_ign'iﬁcantlyfrofn one frame to anpthér. | o

Breuel [35](36] presented a technique to match geometric primitives, such as
 points, given a transformation space. The techniques based on branch-and-bound
methods finds a global optimal éolution to the matching problem. It works by
recursively subdividing the transformation space and computing the upper bound
of the number of points that can be potentially mapped by a transformation of a sub-
transformation space. This is referred to as the matching quality of the sub-region
and denoted by Q(’ﬂ‘) The computation of the bound of Q(T) for a transformation
space T is easy, that is why the technique works well, for more details on this point
refer to the paper. The technique is exhaustive and guarantees a globally optimal
solution to the geometric matching problems. ' |

The algorithm works as follows:
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1. The algorithm maintains a priority queue of search states. When two search
states have the same priority, the state with the higher depth in the search
tree is preferred. The queue is initialised with a state representing all possible

solutions.

2. Each search state T} is associated with a sﬁb-region of the transformation
“space Ty C T,y It is further associated with an upper bound such that
VT € Ty : Qr = Q(T)) > Q(T); the upper bound serves as the priority of the
state. For termination and correctness, the upper bound needs to satisfy that
the sub-region is small enough and that its quality still remains above a given

pre-determined threshold.

3. The algofithm removes the state with the highest upper bound from the pri-
ority queue. In case of ties, states with higher depth in the search tree are
‘preferred. Breuel showed that depth first search is almost as fast as breadth

first and uses only a tiny fraction of memory.

4. The transformation T € Ty; if Q(T) = Q(Tx), terminates the search and

returns T as a solution.

5. Otherwise, the region Ty is split into two disjoint sub-regions To and Tai1
such that Ty = Tox U Tox41 along its largest dimension. @Q(T2x) and Q(Tor+1)

are evaluated and these sub-regions are inserted back into the priority queue.

Geometric hashing is another technique to estimate an object position using
feature points. It consists of selecting group points from the template image that
would characterise the location of the object if they could be matched in the image.
For instance, if translation and rotation on the plane of an object are considered,
the correspondence of any group of 2 points between the template and the image
features is sufficient to determine the object position. Each of this group of points
can be characterised by the geometric distribution of the remaining feature points.
For instance, expanding on our example, a group of two points determines an axis
that can be used to position a grid on the template imagé. By using the number of
features belonging to the respective elements of the grid the group of two points can -
be characterised by a signature.i In the image, a group of potentially characterising
| points is randomly selected, its signature is evaluated and compared with the signa-

ture of the template groﬁp of points. When a match is found the potential position
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of the object is evaluated. The operation is iterated until the time allocated has
expired or enough evidence has been accumulated to estimate the object position
beyond reasonable doubt. Our experiments have shown that, for the example we
mentioned, the first match is sufficient. Details of our implementation is available
in Wedekind et al. [37]. The method has been extended to recognise objects using
focus stacks, allowing the distance of the object from the lens of a microscope to be
estimated.

As'mentioned' in the introduction there are other alternatives for identifying a
shape. One of these alternatives is the use of moments. Moments [38] can be ef-
ficiently evaluated [39] and can provide a compact representation of a shape by
characterising its global features. For instance, using the moments up to the sec-
ond degree a shape can be approximated by anellipse. Many applications in image
analysis have been found for them: object classification, pose estimation, pattern
recognition and compression. However, the global characterisation of a shape is not
robust to occlusion which reduces its application domain to specific but neverthe-
less useful environments, for visual servoing for instance. Even though moments can
not be used to characterise the global shape of an object in case of occlusion, by ‘
characterising local patches, for instance by using the orthogonal and rotation in-
variant Zernike moments [40], the global pose of an object can still be efficiently and
robustly determined. Thus moments can be used to characterise features. Having
distinguishable features redefines the problem of matching sets of feature points and
reduces drastically its complexity [41]. In appendix B.2 other feature characterising

methods are mentioned.

2.2.5 Image distortion It is not uncommon that the lens system of microscope
produces image distortions. To correct them, so that the shape of an object remains
the same independently of its position within an image, the image acquisition system
has to be modelled. In most cases, distortions exhibit a central symmetry on the
principal point of the image that can be corrected by an adequate mapping of the
image. '

The mapping of the world - the geometry of which can be modelled with a
3-D vector space - to a 2-D discrete space, the image, has already been modelled
successfully through various methods [42]. According to the chosen model, a slightly

different set of parameters have to be found. These parameters depends on the
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characteristics of each camera. The proceés of dgtermining these parameters.is
known as camera calibration. A ' ‘
Camera calibration is still an active field of research, although the technology is
mature enough so that different implementations are freely available. Such imple-
mentations can be found for instance in the Mimas, OpenCV and Gandalf libraries.
Thus, the camera calibration problem boils down to identifying a suitable model for
our requirements and an implementation to obtain the model’s parameters.
Camera.parameters are generally classified into two classes: the intrinsic and
the extrinsic parameters of the camera. The intrinsic parameters are the focal
length, the coordinates of the principal point and a few .para,meters to model the
geometric distortions characteristic of the lens system. The extrinsic parameters are
the position of the camera, i.e. location and orientation compared to an arbitrary

external frame.

V Image frame

Camera frame .

Figure 2.1: By obtaining the intrinsic parameter it is possible to determine where
each point expressed in the camera frame will be projected onto the image.

The process of calibration needs to be performed only once and thus can be
conducted off-line. The calibration process involves taking images of a scene where
3-D points of the scene are known. By ﬁnding the correspondence po‘ints in the
resulting images, the parameters are found by solving a system of equations. Once
the camera is calibrated it is possible to associate a 3-D ray to each pixel of the
image as illustrated in figure 2.1 or to predict the 2-D location in an image of a 3-D
point of the scene. : | .

We have tested a method that uses a calibration object [42]. This object is a grid
- similar to a checker board with known measures. The calibration grid is shown in

figure B.5 on page 176, in the appendix. Once the intrinsic parameters of the camera
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are known it is possible to project a model of an object in the image as illustrated in
Figure 2.2. Using the intrinsic parameters of the camera we have mapped a cuboid
Ahaving the dimensions of the chess board with the chess board in the image. The
mapping was performed manually by trials to estimate the location and rotation of
the chess board. _

This process can be automated if there exists a way to estimate the pose of the
object.. This is actually the basis of model-based 3-D pose estimation which was one
‘track that was considered to pose estimate microscope objects. In appendix B.1,
stereo-vision is discussed in more depth, however for microscope manipulation the
physical space available to position the image acquisition system is limited making
it complex to have multiplé image acquisition systems. Different systems of mirrors
were also considered but were judged too complex to be implemented. The results
of some experiments made with a Rubik’s cube are presented in section C.2 of this
thesis. For 3-D pose estimation of an object the conclusion that a 3-D representation
of an object is needed was reached, in appendix B.2 abfew alternatives are considered

to this purpose. - | ' .

In figure 2.2, the white line at the top of the image is curved due to lens defor-
mation. The line is mapped on the image to the approximated, manually estimated,
position of an edge of the powef supply unit at the toi) left corner of f;hé image. It

* demonstrates that the deformations of the image by the lens system are taken into
account by the model when a model is re-projected onto the image.

Distortion parameters can also be used to rectify an image. A rectified image is
an image such that lines into the imagé are projections of lines from the real world.

This is illustrated by figure 2.3.

2.3 Visual tracking

Amongst the various visual tracking algorithms, one class of algorithms divides the
tracking problem into two sub-sections: where to look for the object and how to
look for it. -Kalman filtering and particle filtering belongs to that class of algo-
rithms. They are first feviewed. Nevertheless, this division is not always possible.
For instance, energy minimising methods are designed to perform both operations.
simultaneously. Some examples of this category of algorithms are subsequently re-

viewed.
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Figure 2.4: The Kalman filter can be divided into 2 stages

2.3.1 Kalman filter based visual tracking In the Kalman filter the hypoth- -
esised state of the tracked object is described by a random vector assumed to follow
a Gaussian distribution characterised by its most probable state and its covariance
matrix. Additionally, the evolution of the system is assumed to be modelled by
a system of linear difference equations. Kalman filtering integrates the informa-
tion from the previous estimated states of the tracked object, through the motion
model of the system, and the new information provided by the image. The prévious
estimated states of the object determines the search area in the image where addi-
tional information is collected to more 'accurately evaluate the pose of the object.
According to the reliability of the measuremenfs, characterised by its covariance
matrix, the confidence on the new. data and the previous collected data is weighted
to obtain a new estimate of the state of the object. The numerical determination
of these weights minimises the expectancy of the error covariance, which could be-
interpreted as the uncertainty of the state of the object. Welch and Bishop [43]
‘provide an introduction with the mathematical derivation of the ﬁechr_lique and a
simple example on which the Kalman filter is applied. Figure 2.4 illustrates this pro-
cess on a simple example where the z-y position of a black sphere is being tracked.
| The dotted ellipses correspond to the one-o distance from the expected value of the
variables indicated by the captions. _
At implementation time one usual issﬁe is to evaluate the uncer‘tainty_‘of mea-
sures, however different case studies, experiments and simulations have shown that

state estimation tend to remain robust even with an approximative evaluation of the
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uncertainty of the object state. This robustness leads to the successful estimation
of the state of an object in spite of the imperfect knowledge of the measurement
uncertainty that happens in practice. o | '

The extended Kalman filter was designed in order to deal with systems which
behaviour cannot be modelled by a system of linear stochastic difference equation.
To solve the systém of equations, the system is linearised using a Taylor expansion
about the two first moments of the random vector represénting the state of the
system However, when the motion model is not linear, for visual tracklng, the
- unscented Kalman filter [44] is almost always preferred.

In the unscented Kalman filter [44], by using the previous estimated state of the |
object a number of states depending on the size of the random vector representing
. the state of the tracked object are determined. This limited number of states,
called sigma points, and that are distributed around the mean of the Gaussian
distribution are used with the motion model to determine the locations where the
measurements are taken in the subsequent image. Compared with the. extended
Kalman filter thelvim‘plementatio‘n is facilitated as there is no need to evaluate any -

~ Jacobian matrix; also the unscented Kalman filter deals better with highly non linear

functions since no linearisation is made and the search space is better determined

thus more efficiently capturing the probability distribution of the state of the object.
They are similitudes with particle filtering however there exists two main differences:
the distribution is assumed to be Gaussian and its sampling is structured as opposed
~ to random.
| Many references — néws items, papers, source code and applications — about the
Kalman fitler can be found on the webpage [45] maintained by Greg Welch and Gary
Bishop. |
Two examples of application are now provided. - Stenger et al. [46] performs
hand tracking using quadrics to model a hand and the unscented Kalman filter,
notice that although the hand model has 27 degrees of freedom the tracking is only
demonstrated for 3-D rigid movements of the hand. Youngrock Yoon in his thesis {47]
uses the extended Kalman filter to track in real-time with their 6 degrees of freedom
rigid objects. The object model used corresponds to the edges of the object, the
| process to obtain these model from range images is thoroughly described. This work
is quite characteristic of the hidden complexity of practical details: extracting edges

from the image, discretisation issues with lines, self-occlusion of some edges by the



CHAPTER 2. LITERATURE REVIEW : | ' 27

object, only partial extraction of all edges'which are usually truncated and the list
goes on. Developing schemes to wak around these issues is complex, not merely
the case of applying a well described algorithm such as the _Kalmah filter or its
extensions. This shows an interesting contrast with the neat and clear description
provided in the previously cited paper [46] which also masks completely all practical

issues.

2.3.2 Particle filter Based visual tracking Particle filtering is a robust, ver-
satile, real-time? component of a system for the visual tracking of objects in videoA
sequences. Particle filters have been very popula.r in the last few years and a large
number of publications have reported adaptations of particle filters with various
image metrics [48][49). | ,

A number of tutorials [50], reviews and historical accounts on particle filters
| [51][52]|53] are available. Only a brief summary of the most important points is |
given in this thesis. Mathematical derivations [64] are not presented here, however,
some of the current notation and vocabulary associated with particle filters are
introduced. Particle filtering is a sequential Monte Carlo methodology that uses a
Bayésian'framewofk to predict the future probable location of an object and sample
the state space accordingly. This method is seque‘ntial or iterative because the
information arrives in sequence, image after image. Monte Caﬂo methods are used
when the state space is too large to be explored exhaustively, typically due to a high
number of dimensions, the state space is sampled in order to extract meaningful
information and, in the case of tracking, to apprOximate'the probability density
function of the object state. It uses a Bayesian framework because Bayes’ théore_m
is used to infer the probability derisity function of the location of the tracked object
knowing the measures taken on the current image. .

As mentioned in the previous section, Kalman filtering [43] as well as other ap-
-proaches where probabilistic density functions are assumed to be unimodal Gaussian,
works relati\}ely poorly in the presence of cluttered backgrounds. CONDENSATION

ZParticle filters alone cannot track an object or a shape, they have to be associated with
a measure. Since the time consuming process is the measurement process, the realisation of a
real-time implementations depends largely on the choice of this process. The infrastructure to
implement particle filters does not require a huge amount of space or computation compared with
the capabilities of a standard computer and the requirement in number of particles of efﬁment
measurement methods.
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(CONDitional DENSity propagATION) [54], which is a particular instance of parti-

cle filtering, is an algorithm developed to solve the above problem. The condensation -

algorithm is capable of supporting multi-modal distributions. It is based on sam-

~ pling the posterior distribution estimated in the previous frame and propagating

these samples or particles to form the prior distribution for the current frame. How-

ever, it requires a relatively large number of samples to ensure a fair maximum

likelihood estimate of the current state and can be computationally more expensive

than the unscented Kalman filter for instance. | |

The different properties (e.g. position, shape, size, configuration) of a tracked
object are described in the time-stamped state vector X; while the vector Z; de-
notes all the observations, which are images, {21 ...2:} up to time ¢. Using the data
obtained by a sensor device, X; can only be known té a certain degree that is why
probability density functions (pdf) are used to model the tracked object character-
istics. Compared with Kalman filters which assume Gaussianity and unimodality
of the pdyf, particle filters do not make any functional assumption on the shape of
the pdf. This is a major advantage since in practice, due to the presence of clutter,

‘posterior density p(X;|Z;) is often a multi-modal pdf. However, when the posterior
density is unimodal there is an runneceséary computational cost due to unnecessary
additional measurements.

The key idea of particle filtering is to approximate the probability distribution
of the current state by a weighted sample set: S = {(s™,7()|n =1... N}. Each
sample consists of an element s which represents the hypothetical state of an object
and a ‘corresponding discrete sampling probability = where Zf:[:l 7 = 1. The
evolution of the sample set is described by propagating each sample according to a
motion model as follows: each element of the set is weighted by applying a measure
to the last captured image, #™ = p(z|X, = sgn)), and normalising the weights
7 = %, p(z]X;) is known as the observation or measurement derisity. -The
prior for the next frame, also referred to as the prediction density, p(Xi+1|Z¢) is
then evaluated by fandomly drawing the samples {(s®,7®)},, with replacement,
according to their weight and by applying to them the motion model p(Xi41]|X).-
Moments, such as the mean of the samples, might then be evaluated to estimate the

state of the object:

N ‘ :
E[S] =) ns | (2.3)
n=1
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" Thus particle flters are able to consider multiple state hypotheses simultaneously.
Moreover, since less likely object states have a chance to terhporar_ily remain in the
tracking process, particle filters can deal with short-livéd occlusions.

Particle filtering can be used for tracking pebple_, cars or faces in cluttered envi-
ronment where multiple instances of a class of objects can be present. In Nummiaro
et al. [48] particle filters are combined with colour histograms. The Battacharyya
distance measure, which is described in the section below, was used to evaluate the
validity of t‘he hypothesised locations. A methodology to adapt the object represen-
tation, i.e. the colour histogram of the template, to cope with the slow variation
of the appearance of the object has also been proposed by the authors: a mixture
of the previous model and the current model is used as an updated template when
the probability of tracking the correct model is high enough. This avoids updating
the model when the target is occluded or when the image is too noisy. Using the
previous notations, with an additional time index in superscript this process is given
by: pt = (1 —a)gt +api™, a € [0,1] where § represents the colour distribution of
the estimated object position and p the colour distribution of the tracked model.
Moreover, the performance of the colour-based particle filter is compared with the
mean shift tracker [55] based on the Battacharyya coefficient and the mean shift
tracker associated with a Kalman filter that.prediéts the likely position of the ob-
ject in order to reduce the number' of iterations needed by the mean shift algorithm
when motion is fast. Computational performances are comparable and suitable for
real-time tracking. Particle filtering is more consistent in the time needed to evalu-
ate the position of an object. This is because the number of operations depends on
the number of particles used to locate the object which remains constant whereas,
for the mean shift algorithm, the amount of operations to be carried ouf can Vary -

: dépending on how fast the algorithm converges. Particle and Kalman filtering have
the additional advantage of taking scale changes into account. Particle filtering is
more robust than the two other m‘ethods but locates the object less precisely. This
work could be extended by combining the tracking of different parts of an object. For
instance, a face tracker could be designed by combining the tracking of the mouth

and the eyes and checkihg the coherence of the results of the different trackers.

2.3.3 Other visual tracking algorithms Comaniciu et al. [56] presents a gra-

dient optimisation approach to track objects. The method uses a metric derived from
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the Bhattacharyya coefficient as the similarity measure which allows the tracking of
deformable objects; as a result it behaves well during perspective transformations.
For the given examples the method coped well with noise, partial occlusions and
clutter. The emphasis is put on the target representation. The distance between 2.

discrete distributions is defined as:

d(6,q) = v1 - p(5,4) - (29
where : o ‘
p={pi}o Zﬁi =1

=0

a={a)2, D a=1 (2.5)

=0

are the m-binned colour distributions of the model and the target. And
p(6,0) = VPl (2.6)
. =0

is the sample estimate of the Battacharyya coeflicient. - The ‘usage of an isotropic
kernel on the spatial domain allows the distance measure to be differentiable in the
neighbourhood of the object position and gradient based optimisation to be used to
determine the best match instead of an expensive exhaustive search.

Collins [57] presented a technique using blobs and the mean shift algorithm [55]
to track a human body.. A BLOB (Binary Large Oiject) is an area of connected
pixels with the same logical state, for instance, a group of contiguous pixels having
a colour compatible with human skin and being large enough. Lindeberg’s theory
of feature scale selection [68][59] has been used to adapt the area size of the kernel
where a measure to evaluate the blob shift is taken into account. Changes of the
blob area size are thus taken into account. Collins also explains how to adapt the
mean shift algorithm to take into account negative weights which is useful when the
measure, which is used to determine whether a pixel belongs to the foreground (the
blob) or the background, can be negative. The mean shift algorithm evaluates the

position of an object by iteratively computing an offset A, from the current location
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to the next location using the following formula:

A DuKla-aju(a)(a—2)
" T TS, K(a - aju(a)

where z is the current location, K is a kernel function and w a function that evaluates
the likelihood of the pixel to belong to the object. ,

An overview of different techniques to track rigid objects using a single camera is
given in [60]. Amongst these techniques the Kanade-Lucas-Tomasi [61][62] tracker
is of special interest as it allows tracking to be performed in real-time. It also uses
a minimisation technique based on the Newton-Raphson optimisation algorithm
where the sum of squared intensity differences, also referred as SSD matching, over
a small window, typically 15 to 30 pixels, is used as the measurement method. The:
selection of features is also discussed. In this case features are square patches of
images. The gradient over an image patch is evaluated and if its 2 eigenvalues are
large enough, the image patch is considered to be a good feature. This leads to a well
conditioned matrix for solving the feature tracking equations. Not only does it avoid
the aperture problem® but it also makes the feature patch robust to noise. While
tracking the features for an extended period of time, their appearance changes due
to perspective deformation and non Lambertian surfaces of objects. Morebver some
“good” features may not correspond to any.physica,l point on an 'objeét: the patch
may contain a.foreground and a background object at the same time, and, occlusion
should be detected for the traéking to be meaningful. Shi and Tomasi [63] proposed
the use of an affine transformation model that allows these features to be detected
and marked as outliers. This could be beneficial for a subsequent processing stage,
e.g. shape from motion. Jin et al. [64] extended this work to be able to cope with
illumination changes. A fast (20 frames per second, 1000 features on 1024 x 768.
video) GPU-based implementation was developed by Sinha et al. [65].

There exists a wide variety of tracking techniques adapted for specific environ-
ments, and due to their inherent differences no comparative study has been estab-

lished. Since there is no dominant technique, no steadfast rules éxist to select an
“adequate tracker. Nevertheless, a literature review presenting the best trackers with

their specificity would be useful as it would provide some guidance in selecting a

3The aperture problem occurs when the feature patch cannot be used to characterise completely
its movement. For instance, along an edge, when the feature patch is small enough, displacement
in the edge direction cannot be detected . ,
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tracker aécording to the requirement of an application.

 Moreover tracking cannot be considered independently of a certain number of
connected problems: as we have seen, the choice of a tracking technique is tightly
related to the choice of representation of an object. Object matching, object recog- .
nition and deteétion, object representation and bose estimation are other related

issues to tracking. Some aspects of these issues are discussed in the remainder of

this chapter.

2.4 The Hough transform

2.4.1 Introduction The Hough transform is a technique that has been used
extensively to detect and recognise geometric patterns in iméges. Its advantages
include robustness to noise and partial occlusion, the capacity to handle multiple
occurrénces as well as the possibility to be parallelised.. However the method suffers
from excessive storage requirement and computational complexity [66] [67]

Many descfiptions of the Hough transform in its basic form are available. It
has been extensively used fér the detection of lines, for which it even has an FPGA
implementation [68]. |

Using figure 2.5 a generalised Hough transform is described;‘ As will be appar-
ent in the next section, there are many variations of the Hough transform. This
version is said to be generalised because it works for any kind of shape and not
only parametrised shapes such as lines or circles. In figure 2.5 thé location of the
“ bust” shape that can be translated in the image space is considered. Therefore
the parameterﬁspace consists of the z and y location of a preiiminary chosen and
arbitrary point of the “bust” shape. To locate the shape a point on the image space
is selected and assumed to belong to the shape. Using this assumption the possible -
positions of the shape are calculated and voted for. This is illustrated in the figure
by colours: the green point votes for the positiohs in the pérameter space that are
in the same colour. The dashed light green arrow syfnbolises this process. After
repeating this process a certain number of times, the parameter that is most voted
for in the parameter space is considered to describe the object position. In figure 2.5
only 6 points voted and the parameter that has been most voted for at that stage,
circled in red, happens to represent the position of the shape. Note that another

parameter is voted for 3 times, at another intersection of the violet, yellow and black
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to a “reading” paradigm, which might not be a sensible approach for detection when
the parameter space is large. |

These two paradigms are presented in [69] where it is shown how the Hough
transform is related to the Radon transform, a different formalisation that generalises |
the Hough transform and allows it to be applied to a wider variety of mathematical
objects such as continuous functions. This dual aspect of the Hough transform has
been presented by many researchers [71][72] but did not seem to have been linked
with tracking.

V,The essence of the tracking technique introduced in chapter 5 resides in the fact .
that the transformation space can be limited and that the feature positions can
be pre-calculated and stored for all transformations. The transformation space is
* limited to the relative moves an object can make between two frames (say small
translations or rotations). ‘ '

'In this thesis the object.is modelled by a set of feature 'points. This approach
is simpler than the more widespread Ballard’s general Hough transform approach
[70] since we do not take into account edge orientations. As such it relates more to
Merlin and Farber’s work [73]. We also think this is a more generic approach, since
by not taking into account the edge orientation, the technique can be used for 3-D
tracking. The algorithm can be extended to take into account different cues related
to the edge features, like edge orientation or colour [74], and even different ‘types of

features simultaneously.

2.4.3 The randomised Hough transform Our review of the randomised Hough
transform is begun with a reference to Fung et al. [75] that clearly illustrates the
main ideas of the randomised Hough transform. The image is first filtered to obtain
edge features. The edge orientation is used like in the generalised Hough transform
presented by Ballard [70]. | |

One of the major differences coﬁsists in using a many-to-one mapping: two points
are randorhly’ selected and, using a reference table indexed on the diréétion of the
edge underlying the point,ba_previously selected anchor point of the objeét can be
determined. The operation is iterated until the level of confidence on the solution
is above a fixed threshold. Cornbafed with the traditional Hough transform, that
votes for many transformations compatible with a poiht, this technique is much

faster since only one transformation is voted for in the transformation space. The
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transformation space is often referred to as the parameter space or, in relation with
its implementation, an accumulator space. Usually a multi-array is used to store the
votes that each transformation obtains which leads to a problem of storage when
the number of dimensions of the transformation space increases. But since fewer
transformafions, or.sub‘sets of transformations to be precise, obtain votes when using
the randomised Hough transform, another type of data structure can be used. For
instance a hash-table can drastically improve storage requirements.

The transformation space that is being considered consists of translations com-
bined with scale on the z-axis and y-axis, and thus has 4 dimensions. An extension is
proposed to take into account rotations. However, it does not seem that shear trans-
formations can be accounted for by using this technique since angles are modified
by these transformations. '

Another issue is that lines cannot be located since the technique uses a reference
table indexed on the orientation of the edge point which is the same for all points
of a line. ‘ |

We mentioned that a many-to-one mapping has been used. The article does not
specify what was done when, in the reference table, one orientation correspond to
a few points. One possible solution is to calculate the corresponding anchor point
for any points that have the same orientation, and it would thus be a many-to-few
mapping. Alternatively it could be implemented by selecting randomly one point
that has the same orientation. Except for this imprecision, the description in pseudo
programming language of the algorithm is particularly clear and straightforward.

To sum-up, the key characteristics of the randomised Hough transform are: (1)
only part of the image point features are used; they are selected randomly; (2) a
many-to-one mapping is performed and (3) a list structure is used for the transfor-
mation space instead of an accumulator array. ' ”

Kalvidinen’s thesis [76] provides more details and discussions on the randomised
Hough transform (RHT). The literature review is of special interest. It éompletes
the survey done by Leavers [67]. It is argued that the selection of an optimal and
efficient resolution of the accumulator space are issues of the Hough transform (HT)
and it presents several new extensions that have been proposed to overcome these
issues. The literature review divides the presented techniques into two categories,
non-probabilistic Hough transform and probabilistic Hough transform (PHT).

Gerig [77][78] presents a technique called back-transform in the first paper and
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back-mapping in the second. It consists of first performing a classical Hough trans-
form and storing results in a first accumulator A. As for the standard Hough trans- -
form (SHT), each feature point is associated to a hyper-surface in the transformation
space and the cells of the accumulator A that are intersected by the hyper—sﬁrface
receive a vote. Once this has been done for all feature points, a second accumulator
B is used, the hyper-surface associated with a feature point is evaluated again. Us-
ing A which stores the vote of the previous stage, only the cell(s) that intersect(s)
this hyper-surface and having the maximum number of vote is/are considered. The |
corresponding cell(s) in B get(s) a vote and a reference to the feature point. Thus -
B becomes a one to many mapping of the transformation space to the image space.
" 1t is claimed in this paper that the number of false maxima is reduced and the
interpretation of the accumulator space is considerably simplified. In addition, the
feedback from cells in accumulator space'to coﬁtributing feature points offers the
possibility to apply more compiex strategies to better identify' shapes. Although the
method may evoke the stencil approach that is presented in this thesis, the tech-
nique is different. The stencil approach consists in pre-evaluating the mapping of a
shape given a reduced bounded transformation space such that an inverse mai) of
the transformation space to the image space is obtained.

. Li et al. [79] also refer to back-rnapping but uses a different definition: the as-
sociation to a hypercube of the transformation space to the image points that have
triggered a voﬁe for this hypercube. They present a hierarchical implementation of
the Hough transform to detect lines in images or planes in range images. The imple-
mentation uses the k-d tree structure and the complexity of the fast Hough transform -
(FHT) algorithm is discussed in details. However efficient fhe imp}ementation is,
" the appiication domain of the technique is limited since it requires the hyper-surface
corresponding to a feature point in the transformation space to be hyper.—planes.
ConSeqliently, the article concludes by highlighting the need to extend the FHT to
higher order surfaces and/or to consider approaches that allow non-planar, possibly
higher dimensional, problems to be recast as planar problems. The stencil apprdach
described in this thesis allows a hierafchical approach ofthé Hough transform to be
implemented for ény templates we are looking for, parametr‘ised or not.

~ Kiryati et al. | [80] presented a theoretical and experimental comparison of the
randomised and probabilistic Hough transform to detect libnes. The PHT works like
the SHT developed by Duda and Hart in 1972 [81). Thus, it is a 1 to n mapping
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" of the image space to the transformation space where only part of the points of
the image space are considered. It is shown that, when the algorithms are used to
detect lines, the RHT is better suited for high quality low noise edge ‘images since it
is considerably faster than the PHT. However, for the analysis of noisy low quality
images the PHT is significantly more robust and the RHT can no longer be used.
‘In terms of épeed the PHT performs signiﬁcaﬁtly better than the SHT.

2.5 Summary |

Different approaches to track and identify object states have been presented. In this
work, a model consisting of feature points of an ob ject has been chosen. The object
position is therefore characterised by the relative position of the features belonging
to the object. This last point is further developedl in chapter 4.

After initialisation, that can be helped by motion detection and/or background
subtraction the object can be tracked, using a particle filter for instance as developed
in chapter 3, to limit the region of interest where to look for the object. If distortions
are not significant or corrected the set of feature points can be identified with the
model using various matching techniques. . o

Variations of the Hough transform like the bounded Hough transform, that is
called here the stencil estimator and that is presented and developed in chapter 5,
allows to match, in real-time when the number of degrees of freedom of the motion
can be limited, two sets of points in a bounded regidn that can be situated around

the previous object state.



Chapter 3

-Particle: filters: a class of statistical

methods for real-time tracking

3.1 Introduction

Particle filters are one of the main track that was followed to solve the real-time
pose estimation problem that was faced. This chapter gXpahds on the abstract
review of particle filters as previously presented in section 2.3.2.A slightly different
interprétation is proposed and discussed with a concrete example. In spite of being
incomplete, since no Bayesian framework is taken into account, this interpretation
does providé an intuitive explanation on how particle filters work, upon which a
more precise understanding can be built.

Particles can be viewed as hypothetical states of the object being tracked. The
validity of these hypotheses are quantified by measuring the irnage' (say using a cor-
relation meaéure, an edge-based matching measure etc.). These measures are then
integrated as the weight of the particles and represent the validity of the hypothe-
ses. The higher the weight, the more likely the hypothesis describes the state of the
tracked object or at least a state close to the object position. This assumes that
the measure has a certain degree of continuity which is preferaBlevto obtain better
results and Which‘could allow, for the best hypotheses, gradient descent optimisation
to be used to locate the object. This is a common improvement in particle filters
that is sometimes réferred to as smart particle filters [82].

To predlct the hypotheses for the next frame, hypotheses are selected accordmg
to their likelihood, i.e. an hypothesis that is very likely to characterise the object

38
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state is sé_lected multiple times while an unlikely hypothesis might not be selected,
and are propagated according to the systém model. The system model could consist
of simply shifting the hypothesis by an amount proportional to the previous speed
of the object, or by a more acurate albeit more complex model if the kinematics of
the objects can be determined more precisely. ' '
- In the micro-pipette tip tracking scenario described later, the two features of
a particle are the = and y location of the tracked object. | The validity of each
hypothesis was ﬁfst evaluated by correlating a template image of the pipette tip
with the part of the image centered on the hypothesised location. However, in the
tracking of the pipette, pure correlation of the grey scale template irﬁage gave very
poor results. The results were improved by filtering the image with an edge filter
~ and correlating with an edge template. Figure 3.1lisa sirﬁpliﬁed flow chart that

sums up the steps involved in the particle filtering algorithm.

First frame, all hypotheses are localised
at the given position of the object

'

Hypothesis validity is evaluated using the
data of the current image '

v

- The object position is estimated by averaging
4 hypothesis positions according to their
validity or by using more sophisticated methods

v

'Hypoiheses are filtered and propagated
according to their validity

Next frame

T

Figure 3.1: Particle filtering stages.

3.2 A real world example

In this study an existing implementation of particle filters has been used [1]. The
measure used is the correlation between a template image that represents the object

- to track, here a pen tip, and the part of the image around a particle. Here, particles
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fv 7
g R
T FNE S G
. "‘““ - .\
R ST ‘ ) ~
Frame A: the initial position Frame B: motion blurred micro-pipette tip
ey
- ( ‘ ”){
Frame C: the changing background behind Frame D: the illumination level
the micro-pipette tip modifies ' of the scene has changed

its appearance

Frame E: the Whole scene is blurred
due to defocussing

Figure 3.4: Problematic frames from the micro-pipette sequence.
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3.4.2 Taking measures A few other improvements were experimented with un-
til it was decided to systemaﬁically take measures of the image sequence in order to
better understand why the tracking was failing. Thus, the correlation of the tem-
plate im'age with the scene image, over a predefined region of interest, was measured.
In other words, the template image was convolved with an image region.

- Figure 3.4.2 shows the scene images on which the correlation measure has been
displayed with grey shades. In order to improve the visibility, we used the follow-
ing colour code: black was used to mark the points when the correlation measure
is higher than 0.95 times the value of the best correlation measure in the region
surrounded by the large rectangle. White was used to mark the points with a cor-
relation measure in the range 0.9, 0.95 times the the best correlation value. Next
ranges were coloured in grey then white again and then transparent colour was used
to see the underlying image. Therefore, a small set of black points surrounded. by
white indicates a good candidate location for the pipette tip. We focused on a
few images where the tracking of the pipette was systematically failing. From the
pseudo-coloured frames of figure 3.4.2 the following observations can be made.

Frame A shows that the cell holder on the background is highly correlated with
the micro-pipette tip template. The left boundary of the micro-pipette has a good |
correlation value relative to the rest of the region. Note that the micro-pipette tip is |
not yet present in the large rectangular region. However within this region, the top
~of the cell holder correlates quite well with the micro-pipette tip. This is confirmed
by frame B. ‘ o ’

" In frame B it can also be seen that even though the tip of the micro-pipette is
correctly located, the correlation values along the body of the micro-pipette are high
as well. A '

Frame C and D again illustrates the fact that the body of the micro-pipette has
got a high correlation value énd in Frame D the micro-pipette failed to be detected
because of this phenorhenon. It aﬁpears that according to the correlation measure
the micro-pipette tip could be located at three different positions. Although the
particle filter copes well with multimodality, the evaluation of the micro-pipette
~ location, that is made by averaging the location of the particles with their weight,
lead to an incorrect result. |

Frames E and F present two other examples where the tracking is lost. Because

of the background, the best correlation is no longervfound on the micro-pipette
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tip. Although the particle filter can cope with occlusions the particle filter cannot
recover because the micro-pipette tip is occluded for too many frames and when the
micro-pipette tip appears again, in a region further down, because clutter prevented
particles spreading, no particles were present in that region that could have made

the recovery possible.

3.4.3 Improving the matching paradigm Once the problem was clearly iden-
ti’ﬁed‘as being the presence of clutter, a simple solution to deal with it was quickly
found. To improve the quality of the tracker a measure that better discriminates the
micro-pipette from the background clutter was required. We found that correlating
edges; instead of grey scale images, greatly improves the matching. Indeed, edges of
the pipette is a good characteristic to identify the micro-pipette since the body of
the pipette changes due to its transparency. Frames A,B,C,D of figure 3.7 illustrate
that the tracking of edge filtered images ha$ been greatiy irhproved.

Comparison of some edge detectors.

When it was observed that edge correlation was superidr than the grey level template
matching, different edge detection algorithms were evaluated.

We tested a variety of edge detector methods including the Laplacién of a Gaus-
sian LoG([83], Canny|[84] and Susan[85]. Canny with the appropriate parameters is
more consistent and faster than LoG and because of its thinning edge step, edges
are better located and thinner than LoG. The Susan edge detector method is even
faster than Canny (by a factor of 10) and allows the particle filter to better locate
the micro-pipette.- Although software patents are not currently legal in Europe,
Susan’s major drawback is that it is a patented technique. Figure 3.4.3 illustrates

results obtained with the Susan and Canny edge detector.

Optimisation and pitfalls

Edge template matching using correlation, because it involves an additional step,
is slower than direct grey-level correlation. Since real-time performance is a pre-
requisite for us we explored the possibilities of optimising the edge detection process.
Therefore the whole image was first ﬁltered. To improve even more this scheme the

egdes were extracted where measures were taken. Figure 3.4.3 shows the results
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frame C frame D

Figure 3.7: Frames showing the tfacking results using edge template matching. The
top left corner of images shows the edge template of the micro-pipette tip.
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- //I e (f'v J ] (‘\~—,—~.A ‘ .
frame B: the same image filtered
the Susan edge detector. with the Canny edge detector.

Figure 3.8: The same image filtered with the Susan and the Canny edge detector.

of this operation. The speed improvement due to this last optimisation is not sig-
nificant because the reduction of the filtered area is not huge. This illustrate the
classical mistake of attempting to optimise too much, too early on without profiling

a program.

3.4.4 Geqrhetric Branch-and-Bound Matching The edge correlation method
to match the model template with the image was still not completely satisfactory:
the tracking was still failing towards the end of the video sequence and the recovering
time, when the track was lost, appeared to be too long. To improve the tracking we
decided to further improve the matching measure. The geometfic branch-and-bound |
matching method was se_lécted for that purpose. For a description of the branch and

bound (BB) algorithm please refer to the literature review on page 19.

Implementation

A Java implementation of the BB algorithm was provided by Breuel [35] but for
compatibility reasons it was re-implemented in C+-+. The original Java code takes
into account the change of orientation of the object as well. But our implementation

excludes this feature.
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